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Abstract

This thesis presents a system for the capture and recognition of tactile images using neural
networks. Neural Networks utilizing the backpropagation technique are used to provide a
gener i purpose recognition engine for several classes of pattern recogniton problems.
Examples of successful networks are presented with discussion of the results and
methodology for development of each. The system consists of the following: Image
capture, training of network using an iterative approach and testing of the network against
independent images not present during training.

Pattern capture is performed by scanning a force sensitive tactile sensor that interfaces to a
general purpose computer. Following capture, examples of tactile patterns of desired types
are stored in a training file and the training goal of the network set. The goal is determined
by the "trainer” who when the patterns are captured indicates the pattern type. Related
patterns are given the same class name. The Network is required to consist of as many
output neurons as classification types. The goal is that an output neuron becomes
“activated" when its pattern types are present and "de-activated” when another type is
present.

Patterns in the training file are then recursively applied to the inputs of the Neural
Network. Once the Network converges to the desired goal it is tested against a new set of
patterns to determine if the network has learned to apply generalization in its recognition
of the patterns. The training set and network topology may be modified in heuristic
fushion until satisfactory resuits are achieved.
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Chapter 1
Introduction

There are two primary goals to robotics research: the adaptation of machines to
performance of tasks previously undertaken by human beings and the autonomous action
of machines to act in environments too harsh for human action. The first is undertaken to
relieve humans of mundane tasks or tasks that can be more optimaily performed by
automata. The second requires greater independence of action from the automata and
therefore, a higher level of “intelligent” behavior. It is primarily as a step, towards
achieving this second goal that the experimental system presented by this thesis was
developed.

Examples of the type of conditions where machines must act in unstructured settings are:
space, deep sea operations, military and other harsh environments, These settings have one
thing in common, difficulty in controlling and guiding the actions of the automata since,
the basic environment is hostile to human operators and therefore, operations must be
remote. Due to the constraints of these example environments, it is desirable 10 develop

automata that can operate partially or entirely autonomously within loosely defined
problem domains.

Abidi and Gonzalez [Abid90] discuss three reasons for the development of autonomous
systems: Reliability "When a definite line of dichotomy can be established between
'normal’ and ‘abnormal’ situations, machine-driven decisions can be more reliable than
human decisions. The latter can be affected negatively by omissions and illusions that are
often induced by stringent conditions...," Adaptability "Autonomous systems can and
should be designed in a modular fashion to accommodate future growth and to allow
subsystems to monitor their own operation as well as the operation of other subsystems.
This leads to safer and more reliable overall systems requiring less reliance on human and
ground support”, Cost "Improvements in safety, reliability and adaptability result in higher
efficiency, hence a reduction in the overall cost ... "The method of achieving these goals
can be learned from the design of the system whose behavior is to be emulated, the human
being, Humans are designed to interact with their environment by integrating the input
from many types of sensors: audio, visual, olfactory, taste and tactile. Each of these
interfaces uses information available and pertinent to the natural environment of the
human. It is the diversity and richness of these senses that aids humans in comprehending
and interacting with their environment.

A second, equally important factor in the success of human beings as information
processors is the concept of abstraction. Not all information is passed directly to the
cognitive part of the brain. As discussed by A. Treisman in the article "Features and
Objects in Visual Processing” [Trei86], lower levels of sensing and pattern recognition are
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performed by the brain acting as an optical pre-process. The quick recognition of physical
motion, the reaction to some familiar shapes such as circles and differentiation based on
colours are manifestations of these processes. ... similar types of processing occur in the
other sensory systems." The almost instant ability of the brain to recognize and
discriminate odors, tastes, visual objects and textures points to the presence of a pattern
pre-processing capability.

The third important quality in adaptability of systems is re-use of general purpose
resources for solving several classes of problem.

Thus, the three properties of integration of many sensors, abstraction of sensory input and
re-usability of resources, are primary factors in the ability of humans to function in varying
environments. Therefore, machines that successfully interact with their environment
should incorporate these features into their design.

The successful use of image processing and recognition technigues has advanced the
technology of robotics in the direction of machine vision. However, as shown in the
human analogy, many types of sensors are required to produce a truly autonomous ¢::d
adaptable system. As discussed by Abidi and Gonzalez [Abid90] the development of truly
adaptable robot systems requires the use of multi-sensor data fusion. Therefore, dependent
on the environment, audio, electromagnetic, tactile etc. sensors are also required. It is the
integration of information from these varying sensors that aids the autemation in
interacting with its surroundings. One step in the process of achieving this end is in the
development of tactile sensing technology. When used in conjunction with the primary
sensors tactile sensurs can perform an important role in machine perception.

The incorporation of a tactile sensor into the system involves the abstraction of the "raw"
cutaneous information into meaningful and generalized concepts that provide the desired
results. Thus, a machine confronted with an unknown input from a tactile sensor should
recognize familiar abstractions. These could include the number of pressure points on a
sensor, 4 soft or hard surface, the amount of texture in a surface, the presence of straight
or curved lines, recognition of objects, directions of edges, etc. The presence of these
features can be passed to higher levels of sensory integration and intelligence to provide
the required sensory union. In turn actions appropriate to the current machine state and
environmental conditions, are produced by the automata.

In order to provide a classification and recognition engine for the tactile pre-sensing
problem this thesis explores the use of artificial neural systems. However, many
techniques exist for pattern recognition and classification therefore, what basis exists for
choosing the neural network paradigm? To understand why it is believed that neural
networks provide a good mechanism for this type of processing is addressed by the need
for adaptability of methods and resources. One aspect of adaptability of automata is the
ability to learn. Artificial neural systems also have this attribute since, the network learns
by example. Both positive and contrary examples of the patterns are presented and the
network gencralizes the information in the connections between the neurons. Therefore,
the ability to learn provides a general purpose machine with the ability to be re-
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programmed to suit a new environment. Traditional techniques usuaily employ a fixed
algorithm and/or knowledge. Therefore, there is no inherent ability to learn from
experience and adaptability is compromised.

The second level of adaptability is the re-use of resources for multiple procedures within
the current problem domain. This type of flexibility also exists in the artificial neural
system. The algorithms and structure for the various networks are identical, the difference
lying in the specific network topology values of the interconnections within a network.
These attributes may be stored as parameters describing a particular application. However,
there is no essential difference in procedure between the various applications and
therefore. the same program may be used for fundamentally different pattern recognition
and classification problems. In the case of traditional pattern recognition techniyues the
algorithm is problem domain specific and therefore. a general non- optimized processing
resource must be used if a machine is to be adaptable to many environments. Therefore,
little optimization of processing hardware is possible. [n addition, since the algorithm is
specific to a given problem the developer must have extensive a priori knowledge in order
to optimize the recognition technique. In the case of neural networks, the developer need
not have this extensive knowledge of the specific classification problem to be solved but
can rely on the network to leamn from examples of the correctly classified patterns,

This thesis deals with the development of a system for the recognition and categorizations
of tactile patterns using a Backpropagation neural network. For reasons previously
addressed, it is believed that this type of systen represents a flexible approach to the

application of a pre-processing function for "intelligent" and adaptive automata. The
system consists of the following elements:

i, Capture of 16 by 16 resolution tactile patterns { digitized to 256 levels per sample ),
ii. Characterization of captured patterns by type,
iii. Storage of a representative training sets of images,

iv. Training of different configurations of neural networks ( changing number of layers,
neurons per layer etc. ) to find minimum successful topology,

v. testing of networks abilities to correctly classify a new set of patterns ( i.e. different
from the original training set ),

vi. Adding patterns not correctly identified into the original training set and re-training
the network with this augmented set,

vii. Repeating steps v and vi until the network displays satisfactory classification
capabilities.

The back propagation learning paradigm fits well within this type of training regime. As
previously noted, there is no requirement for on-line learning of low level images for the
type of recognition system where the network simply acts a pre-cognitive process. In
addition, it is advantageous that the networks are of the "supervised" type, so that learning
may be directed in a desired direction. The Backpropagation algorithm has these
properties, also the trait of requiring no a priori knowledge of the problem solution
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domain as required by other neural network and pattern recognition paradigm. Therefore,
it was felt that this type of neural network would provide a suitable methodoiogy for the
tactile pattern classtfication system. The results presented from networks developed using
this paradigm is presented in chapter 4.

Chapter 2 presents information on the Force Sensitive Resistor type of tactile sensor:
constraints, applicability and limitations as well as interface concepts to this device.

Chapter 3 presents a discussion of artificial neural systems with emphasis on the
Buckpropagation algorithm and suitable training methods. The mathematical basis for the
application of 4 Backpropagation neural network to tactile image processing is also
discussed.

Chapter 4 presents the results of four experiments of applications of the Backpropagation
network to tactile sensing problems: the “One-Two" net recognizes one or two finger
pressure points on the sensor surface, the "Big-Block" net classifies embossed letters in
several orientations, the "Small-Block” net is similar to "Big-Block" except that smaller
letters in single orientations are detected and the "Lines" net detects the orientations of
straight lines relative to the sensor surface. The changes of results with each phase of
network development are presented along with analysis of the final network are presented
for cach example.

Chapter 5 provides general conclusions for the experimental results along with
recommendations for further work in the field.
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Chapter 2
A Discussion of Tactile Sensors and Tactile Sensing

2.1 Introduction

The role of the tactile sensor as an element in a multi sensor fusion system as it relates to
machine perception has been expounded upon in chapter I. Unfortunately. the technology
of tactile sensing has not kept pace with those of vision and computational processing for
several reasons: the development of inexpensive image processing and sensing equipment
has been aided by other markets for such products and the growth of computational power
has also been aided by similar growth in personal and main frame systems. However, the
development of a high resolution tactile-sensor has lead to the possibility of applying
feature determination and other low level pattern classification paradigms to these sensor
types. The tactile sensing elements differ from the older force torque sensors in their
intended purpose. Primarily, the goal of the force torque type of sensors is in "gross"
mechanical feedback to the automata. This type of feedback could come into play in such
a system as a machine designed to grasp delicate objects or to avoid forcing mechanical
objects beyond their design limits. The tactile-sensor on the other hand, is primurily
designed to supply cutaneous information, This information consists of such surface
features, texture etc. that are local to the sensor surface. A suitable analogy is that of the
finger tips of the human.

A variety of tactile sensor technologies exist, the most common of which are: conductive-
elastomer, strain gauge, piezoelectric, capacitive and opto-electronic. These types can be
abstracted into two categories based on their operating principals: force-sensitive and
displacement-sensitive. Desirable properties of the "ideal" tactile-sensor are: high
resolution, compliance, simple interfacing, ruggedness and low cost.

The need for high resolution is apparent from the nature of the problem, that of
discrimination between features with a high degree of certainty.

The ability of the sensor to be compliant in this sense is that its structure can conform to
the desired shape of the sensing surface. This property is desirable in that rigid sensors
cannot conform to the shape of a robotic finger etc, and therefore, they cannot be adupted
to the shape of a desired manipulator,

The ability to detect tactile information with a simple interface is necessary to keep the
overhead in electronic components low, for a large complex system this can be a driving
factor in design.

In addition, a rugged sensor is required for the type of environments where automata are

useful. Although delicate sensors may perform well in a laboratory environment their
usefulness in practical unstructured environments is limited.
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Finally an casily produced inexpensive sensor provides both a research path insensitive and
a better cost performance tradeoff to manufacturers of robotic systems. This property aids
in the acceptance and increases the use of such sensors further prompting developments in
the technology.

A new type of sensor, the Force Sensing Resistor ( FSR ) shows promise in all these areas.
The FSR consists of a polymer sheet with a layer of flexible, tough, low cost sensing film
applied to its surfuce by screen printing. The lithographic nature of the process implies that
high resolution, high reproducibility and low manufacturing costs are achievable for this
type of product. The polymer nature of the FSR means that it is itself compliant and
rugged. In addition the sensor itself acts as a matrix of resistance values ( see Figure
2.01). The values of these resistors are inversely proportional to a force applied normal to
the surface. Various scanning techniques can be used to "decouple” the resistance values
and determine the individual resistance’s [Meye91].
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Figure 2.01 - 16 by 16 FSR equivalent resistance matrix

An elastic overlay is added to the FSR to provide a displacement to force transduction that
is required for the tactile sensor to achieve desirable interface properties. The operation of
the FSR and the elastic overlay is further detailed in the sections to follow.
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2.2 FSR Properties

The mechanical structure of the FSR is illustrated in Figure 2.02. As shown by the
diagram the FSR consists of two non conductive Mylar sheets with a Polymer materiul
deposited on each. When the two sheets are in contact and an external force is applied to
the Mylar, the resistance between the two sheets decreases in relation to the normal
force. From each of the two Polymer areas a conductive tab is attached that can be
connected and tracked to external electronic components. In practice an array of sensor
elements is used, all of which are manufactured in a single printing process, This array
consists of 16 by 16 FSRs all manufactured on two sheets of Mylar each approximately
one inch square. These sheets form the sensor when brought into contact with each other.
The 256 FSRs are arranged in rows and columns in a manner similar to Figure 2,01 and
can be scanned using any of several techniques |Meye91]. The simplest method of
scanning the array is to apply a voltage to a single row with all other rows excited by a
zero potential. No current will flow into the column connection except from the FSR
excited by the voltage at the selected row. A selected column is then connected to a
virtual ground. Current into the virtual ground is converted to a voltage by an operational
amplifier circuit. Each column so connected, may be scanned in sequence to find the
current resistance of a single FSR. The selection of the row and column by this method
and the conversion of the analog voltage to a digital equivalent has effectively found the
current resistance of an FSR. Figure 2.03 depicts this process where the row R has been
selected and the current [} flows into the operational amplifier attached to column C|.
The output voltage therefore follows the relationship Vi=Greli where, G1 is the gain of
the amplifier and I = Vret/FSR11 [Pet92ii).

Myler FOTC€  ESR Polymer
Sheet Area

Connector to
Conductive Pad

Conductive Pad
Behind FSR

Polymer
FSR Polymer

Area

Sandwich

Connector to
Conductive Pad

Myler
Sheet

Figure 2.02 - FSR Physical Configuration
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Figure 2.03 - Determining value of resistance FSR|; FSR,

By changing the row to which the reference is attached, it is possible to determine the
value of all the resistance's in the matwrix. Figure 2.04 presents, a graph of the resistance of
the FSR versus the applied pressure. As shown, the relationship between the two is
nonlinear. In addition the resistance can vary over two decades of value with pressures
between .05 kg/cm? and 5 kg/cm? where, the practical range of values for pressure falls

between these two extremes.
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Figure 2.04 - Resistance of FSR versus pressure

Page 8



2.3 Elastic Overlay

A compliant elastic pad is overlaid over the FSR to form the tactile sensor {Pet92i]. The
FSR is a force sensitive device and the tactile sensor requires displacement sensitivity to
avoid the problem of point contact. Figure 2.05 and 2.06 illustrate the problem. o Figure
2,05 a small letter M embossed on a wooden block is captured by the sensor, Figure 2.06
depicts the same letter M as captured without the elastic overlay. In the second figure.
only the highest points of the letter are input to the sensor and most of the information in
the image is lost. This problem occurs because the FSR is essentiatly a ridged device and
therefore, only the highest points of the object make contact with the surface. However,
when the elastic overlay is present the displacement of the surface of the overlay is
proportional to all the surface features of the object in guestion and therefore, all the
desired information is present in the captured pattern. These surface strains are translated
to stresses at the contact between the pad and the FSR and therefore, to varying
resistance’s by the FSR. Figure 2.07 illustrates the operation of the sensor with the elastic
overlay. Using the elastic overlay, the displacement of the surface caused by all the points
of the object is translated to forces at the FSR.

Figure 2.05 - Letter M as captured with elastic overlay
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Figure 2.07 - Object impacting overlay and transmitting force to the FSR array

The conversion of displacement to force is a non linear function of the elastic pad and as
shown by Figure 2.07 there is a significant amount of cross talk between the elements as
the displacement at the surface translates to forces along axis's not aligned to the vector of

the primary direction of movement. The relationship between displacement, force and
measured resistance is depicted in Figure 2.08.
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Figure 2.08 - Relationship of force at the sensor to displacement of the elastic overlay

Although, the relationship between the displacement and the measured resistance is
nonlinear the ability of a neural network to adapt to such problems is well documented in
the literature [Pati92] and therefore, this type of relationship does not complicate the
recognition of objects using the nonlinear adaptive filtering techniques employed by the
neural network. In addition, the actual practical operation of the sensor is within a small
range of input forces and displacement, Therefore, the drastic non-linearities implied by
Figure 2.08 are not apparent for most practical scenarios ( see chapter 4 for experimental
results ).

2.3.10verlay Design

The design of the overlay is very important in achieving both reduction of cross talk and
the desired characteristic displacement to force transfer function. In principle, a
geometrically fully constrained one-piece elastic pad cannot be compressed. This situation
is depicted in Figure 2.09 where, both the sides in the x, y plane and the bottom of the
elastic pad ( z direction ) are constrained. In practice some displacement will occur as
depicted in the diagram for reasons outlined by paragraphs to follow. Hooke's law may be
applied to a small unit cube of the elastic material per Equation 2.01.
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Where, E is the modulus of elasticity, o is the stress and € is the strain.

Figure 2.09 - Compression in a one piece elastic pad

The x, y plane is aligned with the pad’s surface and the force of the object impacts the
elastic pad in the z axis. If the pad is attached to the rigid surfaces of the sensor, then no
displacement in the x or y direction can occur when pressure is applied to the surface.
Therefore, £, and €, are both identically zero per Equation 2.02.

o= (ow - (PN e
2
Ey = (Uy—(o.x-i‘c:))/g—o
2
Ox F1
R (—:c_)_ Equation 2.02
{Oy + O:)
Ox =
2
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From this relationship it can be shown that g, is also zero and therefore, no displacement
can occur in the z direction. In practice. the pad is compressible since the pad is not a unit
cube but must be described by many unit cubes and the surface of the pad is not tully
constrained. Because of this property, the surfuace displacement in the z axis causes
displacement in the x and y axis's and distortion of the pad in the z axis in parts of the
elastic next to where the original displacement occurs. Consequently the pattern of forces
of Figures 2.07 and 2.0Y is observed and is therefore, the origin of crosstalk at the sensing
elements. The solution to the problem is to develop a pad where the x and y axes are free
to move without reduced impact on the adjacent areas of the elastomer. This not only
allows the pad to move treely in the z direction and therefore, transfer force 1o the FSR
array but also reduces cross talk by preventing forces from one section of the elastic pad
being transmitted to another through translation of forces to the x, y plane and back to the
z. Figure 2.10 illustrates such a design, This pad consists of a thin membrane with
protruding cylindrical tabs. These tabs, allow the material to expand without any stress in
the x and y directions making possible its compression in the z direction. The tabs are
arranged such that each is atop one element of the FSR matrix and therefore, this
arrangement also provides a de fucto spatial sampling. The physical shape and size of the
pads have considerable effect on the sampling error of the system, phenomena similar to
that found in the development of quantizers of all forms. Based on past research and the
recommendations of [ Yang85] and [Groo8%] the circular tabs were designed to occupy
50% of each sampling area.

Figure 2.10 - Ela-c overlay with cylindrical protruding tabs

With the addition of the elastic overlay of Figure 2.1(}, the design of the tactile sensor is
complete. Chapter 4 describes the performance of the tactile sensor and neural network
combination as a tactile pattern recognition system.
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Chapter 3
A Discussion of Neural Networks

3.1 Background

The history of artificial neural systems did not start with Marvin Minsky's and Seymour
Papert's 196Y book "Perceptrons” [Mins69] but it almost ended there, In this book some
"wishful thinking" about the capabilities of adaptive threshold elements are dispelled. The
early history of neural nets, before 1969, was based more on simplified biological models
of real neurons than on pattern recognition science or signal processing principles. The
early pioneers of the field were biologists and physiologists not engineers and computer
scientists. For these people it was the modeling of the building block of brain function, the
"neuron” that was important. A quotation from Patrick K. Simpson's book {Simp90]
serves to illustrate “The model neuron in its simplest form ... can be considered a
threshold element that collects inputs and produces an output only if the sum of the inputs
exceeds an internal threshold value. As a threshold unit, the neuron collects signals at its
synapses and adds them. If the collected signal strength is great enough to excead the
threshold, a signal is sent down the axon which atuts other neurons and dendrites. The
soma adds all the signals, gated by the synapses from the impinging dendrites. The total
signal is then compared to an internal threshold value of the neuron and propagates a
signal to the axon if the threshold is exceeded.” Figure 3.01 presents a simplified
representation of a biological neuron.

Dendrites

Soma

Axon

o N

Figure 3.01: Simplified Biological Neuron

It was noted by early researchers that this simple threshold processing element repeated at
least 101! times was the basis for all abstract human thought. Thus, it seemed possible to
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model the operation of the neuron and thereby, produce an automata capable of learning
and reasoning. Apparently a single neurons cannot solve the complex problems that a
human being can. however, it was speculated that a single artiticial neuron could “learn”
and perform simple “reasoning.” Donald Hebb originated Hebb's law to explain how
neuron learns: "When an axon of cell A is near enough to excite a cell B and repeatedly or
persistently takes part in firing it, some growth process or metabolic change takes place in
one or both cells such that A's efficiency as one of the cells firing B is increased,” from the
book Organization of Behavior [Hebbd9). In its simplest form this rule can be interpreted
as a method for modifying the synaptic connections { weights in the artiticial network )
based on the excitation of both the feeding and receiving neurons. It both neurons are in
an excited state then the connection is strengthened, if both are in a relaxed state then the
connection is weakened. Thus, the connection is modified based on the product of the
excitation states of the two neurons. Given this model for neural learning and the idea of
the biological neuron, research was conducted into creating artificial constructs with
similar properties. Figure 3.02 shows how this is commonly achieved.

Input to Neuron "Dendrites”

Summing Function

Non-Linear
\ / Threshold element

Neuron Output
"Axon”

Neuron Body
\ Weight Vector " Synaptic Connection®  S0ma”
Input Vector "Axon's from feeding HNeurons™
Figure 3.02: Artificial Neuron Model

The artificial neuron models the input from other neurons or the outside world as a vector
of continuous values i( through ij. This input vector is multiplied by a weight vector to
model the effect of varying conductivity at the synapses. The sum of the products is then
performed and the result input to a nonlinear threshold function. In the simplest models,
the output is "1" if the sum of the products is greater than the threshold and "0" otherwise.
Mathematically this operation can be represented by equation 3.01:
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Where:

Q = The output of the neuron Equation 3.01
tn = The value of the inputs

ux = Weight value

0. = Variable threshold

The question remains, how does the performance of this “neuron” relate to that of the
biological model? It is at this point that the work of Minsky and Papert becomes
important. Their composition is essentially a treatise on the limitations of Perceptrons,
which are general purpose threshold elements of the type previously described. The name
Perceptron, is credited to Rosenblatt [Ross57] however, it came into common usage with
the work of Minsky and Papert. A Perceptron is a generalization of equation 3.01 where
the iy do not depict single values in an input space but are generalized to represent

predicates acting on a local group of points in space. Therefore, the model of an artificial
neuron presented earlier is a specific example of a Perceptron,

The book "Perceptrons” presents proofs on the limitations of single Perceptrons. Before
its publication the properties of the artificial neuron had not been explored in a rigorous
sense. In fact the Perceptron was considered 1o preserve the properties of learning and
generalization present in human brains, although on a simpler scale. It was this type of
mythological thinking that "Perceptrons” attempts to dispel. As Minsky expounds "QOur
purpose is to explain why there is little chance of much good coming from giving a high-
order problem to a quasi-universal Perceptron whose partial functions have not been
chosen with any particular task in mind. It may be argued that people are universal
learning machines and so a counterexample of this thesis. But our brains are sufficiently
structured to be programmable in a more general sense than the Perceptron ... "

[ Mins6Y]. The primary thesis of the book was that the Perceptron can solve only those
problems that are linearly separable. However, evidently the recent history of neural

networks has produced many promising and useful results in apparent contradiction to this
thesis.

The proofs of the capabilities of the single Perceptron are not being refuted. The
usefulness of modern networks is not in the use of single neurons but in multiple layers of
connected neurons. It can be shown that a network with only three layers of neurons can
solve any general classification problem ( see the section 3.3.1 ). The following quotation
from Michael W. Roth editor of IEEE Transactions on Neural Networks [Roth91]
illustrates these points "Although the Minsky and Papert book proves theorems about the
limitations of single-layer feedforward networks, it goes on to identify several technical
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challenges about the potential, in general. for neural networks to perform important
computational tasks. Many feel that this subsequently led to discouraging agencies from
funding neural network research.” He goes on to say " One unfortunate aspect of this
history is that these specific technical challenges went largely unanswered until relatively
recently. Two such examples that have been overcome only in the past few years are the
exclusive-OR and connectedness problems that the book posed.”

3.2 Network Types

There are two basic types of neural networks, those that require supervised learning and
those that learn in an unsupervised sense. In addition, within these global categories
several subclasses can be identified each of which has specitic properties und limitations.

Networks that learn in an unsupervised fashion have been devised to classify with no
priori knowledge of the types of classes that are required. An unsupervised network is
presented a set of images to be classified, it then groups these patterns into classes based
on some commonality criteria inherent to the network type. The "Self-Organizing Feature
Maps" of Kohonen [Koho84] are examples of this type of network. As the following
quotation suggests these types focus on the statistics of the training set: “... an almost
optimal spatial order, in relation to signal statistics, can completely be determined in

- simple self-organizing processes under the control of received information." However, for
this thesis it is desirable to train the network to recognize predetermined classes of
patterns. This type of operation requires supervised training,

In the class of networks using supervision, the types and classes of objects are known
before the training phase. The network is required to learn "generalization” from the
presented examples and thereby, can classify patterns not in the training set. The most
common form of unsupervised network used for classification purposes, is the general
feed-forward network presented by Figure 3.03. This network structure is used
throughout the development of various networks in this thesis.
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Output Neurons
First Hidden layer |

Second Hidden Layer
Figure 3.03: Generalized Feed Forward network

The generalized feed-forward network has several identifiable subsections. The input layer
is simply a depiction of how the input vector is distributed to the first layer of neurons, In
the example, all inputs are connected to all neurons. The output layer is the last layer of
neurons that decide the results of network classifications. The intervening or "hidden”
layers of neurons perform intermediate stages in the calculation. For practical
classification problems, the network would consist of two or more layers. The following
sections address the limitations and methods of classification done by this type of
structure,

3.3 Characteristics and capabilities of the Feed-Forward structure

J.3.0 Classification in the Feed-Forward structure

As determined by Minsky and Papert [Mins69], a network structure consisting of a single
layer of neurons (i.e. the inputs are connected directly to the output neurons) can do a
linear separation of classes. Figure 3.04 presents a simple case of this type of
classification. Here a network with two inputs and one neuron, divides the domain into
two classes. The vertical axis depicts the range of an input ( limited between 0 and 1 ) and
the horizontal axis depicts the range of the other input ( also limited between 0 and 1 ).
The two classes are determined by the identiiied areas. As is apparent from the figure, the
delineation between the classes is a linear boundary.
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0 |
Figure 3.04: Linear Classification performed by single neuron

In the general case of networks with more than two inputs, the delineation of classes is
along hyper-planes of dimension one less than the number of inputs. This fact is illustrated
by examination of equation 3.01. The division between the two classes occurs when the
output is either positive ( indicating one class ) or negative ( indicating the other ),
Therefore, when the sum exceeds the threshold one class is implied, when it is below the
threshold the other class is selected. Therefore, the division of classes is at the equality of
the summation and the threshold ( Equation 3.02 ).

n=|
6. g},ik *Gx  Equation 3.02

Equation 3.02 is the generalized equation of a hyper-plane in n dimensions. Figure 3.05
depicts the case for a three dimensional space.
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Figure 3.05: classification by a neuron with three inputs

The two dimensional plane identificd in the figure separates the space into two volumes.
The vertices included in the classification are circled, those not included are left un circled.
In the general case, any set of connected vertices! can be included by this classification. As
more neurons are added to the layer multiple parallel linear separations are possible.

As the order of the network is increased, from cne !ayer to two, more complex and
general classifications become achievable, Figure 3.06 illustrates this point by example. As
with the single neuron, two inputs of limited range are illustrated with a single output
neurcn. The number of neurons in the hidden layer is found by analysis.

VA connected vertix implies that if two vertices are contained within the classification then they are either
nearest neihbours in the cube or that any intervening nodes are also included in the set.
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0 |

Figure 3.06: classification by a network consisting of two neuron layers

Since, the outputs of the first layer of neurons are essentially binary numbers produced by
the threshold elements, the classification by a neuron in the second layer ( and all
subsequent layers ) is a selection of the set of connected vertices of the hyper-cube. Thus,
the second layer of neurcns manipulates weighted functions of binary numbers and divides
the input space into two classes based on a set of adjacent corers of a hyper-cube ( the
three dimensional case is illustrated in Figure 3.05 ). One useful special case can be
identified from the arguments to follow. Consider a single neuron in the second layer, the
neuron weighs the binary inputs compares the sum to a threshold and determines if the
sum exceeds the threshold. Therefore, for a given state of the variable inputs as expressed
by Equation 3.02, if the output of the chosen neuron in the second layer is in a certain

state for a given set of ck (i.e. it has classified the inputs into one of the two possible
states of its output ).

vk, k<n, ik =ck

Where: Equation 3.03
¢k = constant binay value

Then consider the effect of a change of state of a ¢k selected at random ¢;, Equation 3.04
expresses this operation mathematically.
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g =F(e),k<n

Where:

¢, = constant binay value Equation 3.04
F() = random « selection function

The selected ¢; is state changed such that ¢; - ¢j. Two possibilities are apparent: either the
weighted sum of the ¢y 's is changed sufficiently that the threshold is exceeded and a
classification boundary is crossed or else no change of state occurs. If no change of state
occurs then the two classes of the first layer separated by the linear boundary, are joined in
the second layer. If a change of state does occur, then this boundary is also a boundary
between classes in the second layer. If for every member of {cg,c; ... ¢, } the
procedure of inversion causes a change of state, then a single state defines the boundary of
classes (i.e. a single vertex of the hyper-cube is selected ). This region is convex with the
number of sides equal to the number of neurons in the first layer. Figure 3.07 shows how
this occurs for a structure with two inputs, three or four neurons in the first hidden layer
and a single neuron in the output layer.
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(b} Hidden layer contains four neurons.
Figure 3.07: Enclosed polygons defined by networks of two inputs and one output,

Therefore, the second neuron layer ( hidden or output ) can classify the input space into
multidimensional polygons with the number of sides less than or equal to the number of
neurons in the previous neuron layer. In the limit more complex classifications ure
possible however, the convex polygon will be used as the basis for assessing the minimum
capabilities of a network consisting of two neuron layers.

As previously mentioned, it requires three layers of neurons to achieve a general
classification scheme, a result showed by the following arguments: The outputs of the
second layer of neurons classify the inputs into polygons of dimension equal to the
dimension of the input layer and with the number of sides equal to the< number of
neurons in the first neuron layer. The third layer of neurons can classify the outputs of the
second neuron layer in the same manner as the second layer classified the outputs of the
first layer, into collections of vertices of a hyper-cube. A useful subset of this classification
is that a single state may be selected. This state would be the union of polygons defined by
the second layer and therefore, any connected or disconnected shape can be classified by
addition of enough polygons. This is shown mathematically as follows:
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Let P={ P .k =0,n-11P {hyper- polygons} }
Letl={ ij LJ=0,m-110<i<]1 } be the input vector to the network
Let F (1, Py ) be a binary function with the following formulation:
F=1,if I'is a point in Py
(}else
-~ F(1, Py ) represents the output of a neuron in the second hidden layer.
Let Ok = F( 1, P ) be the output of a neuron in the second layer
oo O =0k k=0,1-11} is the state of the outputs of the second layer
The output of a neuron in the third layer can be activated by a single state in the second

layer. A classification function is thereby developed that can stipulate which polygons to
accept as follows:

1-1
Q= Zm « 0.0 Equation 3.05
k=i)
Where Qis the output of the neuron before thresholding. The ay are selected as follows:
ak = 1 if Oy is to be selected

=0 else

b= u.0.5

k=il
Thus, if £ is greater than zero then an area external to all the polygons is selected. Since,
the function is required to show if the point was in any of the polygons then what is
required is the inverse of this and therefore:
w=1ifQ<0
=0 else

Therefore, the equation can be rewritten in Boolean forin:

W=(aeQu+a1e0. 206 )
w=(aveF(l,po)+ate F(l,pi)...ue F(I,p1) ) Equation 3.06
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[n conclusion. any neuron in the third neuron luyer can classity the input space into an
arbitrary shape consisting of convex polygons of arbitrary size and dimension. Figure 3,08
continues the example of classifications using a network with two inputs, two hidden
neuron layers and a single output.

0 1

Figure 3.08: classification by a network consisting of three neuron layers
3.4 Learning in the Feed-Forward structure
34.1 Memorization vs. Generalization

There are many references in the literature in relation to the concepts of memorization and
generalization. These are mutually exclusive concepts as used in regard to neural
networks. The desirable property, "generalization” refers to the ability of a network to
produce the correct classification when presented with a pattern not in the training sct.
The contrary property, "memorization" is the idea that the network has simply memorized
the classifications for its training set. Therefore, it can correctly identify those patterns in
the training set but any other new examples are not classified correcty. Figure 3.09 is an
example of the boundaries between classes as identified by a network that has memorized
the examples.
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Figure 3.10: classification by a network that "generalizes"

Figure 3.10 depicts a network that has successfully learned to generalize from its training
¢xamples. Evidently the memorization process requires a more complex classification
scheme ( with more disconnected regions ) than does the generalization process. From
these results, the fewer neurons a network consists of, the better the generalization
properties of the network. However, a minimum number of neurons are required to
correctly describe the boundaries between classes. As shown in Figure 3.11 a lack of
neurons usually results in misclassification of one or more of the training examples. In
other words, the network can never converge. This property has been observed
experimentally when developing the networks outlined in chapter 4. In addition to
limitations in the network topology a second factor may lead to poor generalization, this
phenomena is caused by training the network with insufficient examples of the proper type
( the desired type of raining examples will be the focus of section 3.3.1 ). In this case the
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class boundaries are improperly learned and misclassitfications can occur. A solution o this
problem is presented in section 3.4.3 that focuses on training the network.

[ ] LUhass 1 trmng exaniples

+ Cllinss 2 tradnng exinples
: ¢l 1 Learned Bownly
i 2 Doearned Howudey
E Ulnclassitied spawe

Misclassified

Figure 3.11: network with too few neurons to classify correctly

Therefore, the choice of the number of layers and the number of neurons in cach layer
greatly affects the ability of the neural network to act as wanted.

3.4.2  Determining network topology

The determination of a topology of a network suitable to the solution of a given problem
has historically been a trial and error process. This paradigm may work well for small
problems but proves time consuming for problems of reasonable complexity. In the
general case, during network development, it is desirable to start with a4 minimal structure
and add neurons should this topology prove insufficient to the task.

The reasons for this are two fold: too many neurons will "learn” 1o classify the training sct
but the property of generalization may not be achieved and a smaller network converges
faster and if it cannot classify the patterns correctly, will not converge at all, In addition
lack of the generalization property may tuke considerable time in testing to discover.

Since the deficiency of resources becomes apparent during the training phase and the
network learns quickly. It is desirable to start with a minimum of network resources and
increase as necessary. It is therefore desirable to understand the lower limit on the number
of neurons required for training as this will serve as a starting point for network
development. The obvious lower bounds are one neuron in each of the two hidden layers
and as many output neurons as classes ( the activation or "1" state of a given output
neuron showing that the input point belongs to a given class ). This axiomatic starting
topology works well for networks designed to perform trivial classification schemes but
proves time consuming for networks uf greater complexity. Mehrotra et al [Mehr91|

show that a lower bound for the number of neurons in the first hidden layer can be found if
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one knows the number of clusters required for the classification. A clusteris a
disconnected region in hyper-space ( this definition is essentially identical to the
determination of the hyper-polygons outlined in the previous section ). The number of
clusters therefore, corresponds to the number of neurons in the second hidden layer. In
addition, the number of clusters is always 2 the number of classes since, a class must
contain at least a single cluster ¢ a trivial exception is where one class and another are
exact inverts of each other and therefore, share the same clusters ). This relationship is
expressed by equation 3.07,

M 20
Where:

. Equation 3.07
M = Number of clusters{ 2nd hidden nodes)

O = Number of classes ( outputs )

Mehrotra ¢f «f derive a relation between the number of clusters and the number of neurons
in the first hidden layer ( Equation 3.08 ):

R(n.d) 2 M

fl

S

ymi}

R(n,d)

Where:
R(n,d)

maximum number of regions

i Equation 3.08
(-

n = number of hyperplanes ( 1st layer nodes)

d = dimension of input layer

From Equation 3.08 it is possible to find the lower bound on the number of neurons in the
first Jayer by setting R(n.d) = M and determining the value of n ( d is given by the required
number of inputs and is therefore, known ). It is apparent that the better the estimate of
the value of M the more accurate the results of the method. Therefore, the heuristic that
the number of clusters ( M ) is greater than or equal to the number of classes may prove
too loose a criterion. However, the actual number of clusters required is entirely
dependent on the specific classification problem. In most neural network applicaticas it is
likely that no a priori knowledge of the required clustering is available. In fact it is an
often stated benefit of the neural network paradigm that no a priori knowledge is required
to solve a specific classification problem. However, the number of clusters required is
inherent in the training set itself and therefore, it should be possible to estimate the
required number of clusters from examining the characteristics of the training set. In
practice this may not yield a complete solution as there is no guarantee that any training
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set chosen at random, has sufficient information to correctly determine the number of
clusters for the following reason: It is considered axiomativ that at least a single sample
per cluster (and in practice more than one ) should exist in the training set for the network
to correctly classify in the general cuse. Since, there exists no pructical way to determine
that a training set contains sufficient and necessary information to achieve this goal, the
training of the network generally requires several iterations  see section 3.4.3 on Training
the Feedforward Network ).

3.4.3 Training the Feed-Forward Nemwork
Once the topology of the network is determined by the techniques outlined in the previous

sections, ( this may require iteration as the process proceeds ) the network must be
"trained.” The training phase consists of the following steps:

i) Set all weights in the network to random values between -1 and +1;
i) Select a training set of examples from all classes;
iii) Determine the network output from one of the patterns in the training set;

iv) Compare the output of the network to the desired values;

v) Determine the "error” associated with each neuron, typically based on the
difference between the desired and actual outputs;

vi) Adjust the weight matrix for the neurons based on the "error*;

vii)  Select a different pattern from the input set;

viii) If all patterns have been presented to the network then 2o to to step ix) else repeat
steps tii) to viii);

ix) Determine whether all "errors” are within acceptable ronge;

X) If "errors” are unacceptable then repeat steps iii) to ix);

Except for the choice of the training set all the above steps can be auiomated. However, at
the termination of the procedure it is not guaranteed that the network has achieved the
desired characteristics of generalization. Thus, a testing phase is required to decide if these
properties have been learned by the network. The testing group of patterns must consist of
a set of images different from that used during training ( It is inherent that the training

patterns would be correctly classified ). The testing of the network proceeds in the
foliowing manner:
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i} Selecta pattern from the test set and apply to the previously ained network:

ii)  Determine if the desired outputs of the network and the actual outputs match
within sorne tolerance;

iii)  If the outputs do not match then, the pattern has been incorrectly classified. If a
match occurs then the pattern has been correctly classified;

iv)  If the classification is correct, then discard the test pattern, else append the test
pattern to the original training set;

v}  Repeat steps 1) through iv) until the training set has grown to sufficient size or the
network has shown sufficient ability to classify (e.g., a specific percentage of tests
are correctly classified );

At the end of the testing phase it is decided whether the network has achieved results
sufficient for its desired application. The automation of this aspect of network
development is involved due to the nature of the concepts to be leamed. It is difficult to
generalize a criterion for how well a network has learned as this is dependent on the
particular task and therefore, the chosen criteria must be task specific. Should
performance of the network prove inadequate then the training procedure is repeated
using the modified training set. As the number of training patterns is increased it may be
necessary to add neurons to the network as more complex class boundaries are required.
The following subsections detail some steps outlined in the general development
procedure outlined above,

344 Selecting the initial training set

Given the premise that no a priori knowledge of the distribution and class boundaries of
the problem domain is available there exists no systematic procedure for selection of the
initial training set. Mehrotra et al [Mehr91] have developed a formula that bounds the
required number of training samples for specific conditions { Equation 3.09 ):

B =¥ (min(d,n)eM)

Where:
B = Minimum number of boundary samples
M = Number of clusters Equation 3.09

n = number of neurons in first hidden layer
d = dimension of input layer
¥ = number of boundary samples required to define hyperplane

The application of this formula would be difficult in practice as the value of M is not
known before selection of a training set sufficiently large to apply the procedures of the
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previous section. However, an absolute minimuim bound for B can be found before
selection of the training set by assuming that M = O ( number of outputs ) and that ¥ =2
(i.e. at least two boundary samples are required to separate clusters ). Therefore,
Equation 3.09 can be rewritten as Equation 3.10;

B=2e(min{d.n)*0) Equation 3.10)
Where:
B = Minimum number of boundary samples
O = Number of outputs
n = number of neurons in first hidden layer
( where n = Function (O,d); equation &)
d = dimension of input layer

A boundary sample is one that lies close to the desired boundary between clusters ( see
section on updating training set ). In practice the chance of choosing boundary sumples at
random is small and therefore, more training patterns than specified by Equation 3,10, In
addition Equation 3.10 provides a lower bound with inherent assumptions that may also
prove invalid in practice and therefore, the required number of training samples is again
multiplied. Thus, while the equation may be used as a starting point for the size of the
training set ( i.e. a lower bound ), it is unlikely that a training set of that size would prove
adequate for most practical problems. Therefore, the initial training set is used as a starting
point for network development and it must be retined through the iterative process
previously specified.

In addition to the number of patterns in the training set, some thought must be given to the
content of the set. In the literature it is often assumed that the input pattern set is in
general position. That is, distributed throughout the space under consideration.
Unfortunately, since no a priori knowledge of the distribution is known it is impossible to
tell whether certain clusters have been left out or that only "good” examples of the data to
be classified are chosen. Since no systematic and comprehensive way to collect samples of
images exists, it is difficult to determine that all clusters are represented by one or
preferably more samples. In addition, the case of automated or manual gathering of data
there may be a tendency to collect only "good" examples of the class in question and
therefore, the required boundary samples may be absent from the initial training set. Both
these tendencies lead to tightly clustered initial training sets with some clusters missing,
An example of the problem of missing clusters is given by Figure 3.12. Here the network
is presented with three inputs and is required to learn the concept of two of them uctive

( i.e. greater than 0.5 ). The example for Z active and X active is missing and therefore,
the required cluster in this area will be missing. For this example the inadequacy is obvious
by inspection of the set, for more complex examples this may not be so.
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B Included Clusters

Figure 3.12: Example of missing cluster

The problem with only selecting "good” examples for the training set is displayed by
Figure 3.13 and Figure 3.14. In Figure 3.13 the examples are all chosen well away from
the boundary between classes and are therefore, labeled as good examples of the desired
class. It is apparent that the learned boundaries between classes can vary from the desired
boundary by a great degree. This phenomenon occurs because there are no samples in the
training set that lie near the boundary and therefore, clearly defines its location. In Figure
3.14 boundary samples are included in the training set and therefore the degree of freedom
of the classification border is more restricted. However, since no a priori knowledge of
the location of the boundaries is assumed it is often difficult to predetermine whether a
particular sample represents a boundary or not.
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Figure 3.14: Low variation in boundaries due to presence of boundary samples

The need for boundary samples is made clearer using mathematics as in the discussion to
foliow. As will be shown for the back propagation algorithm the network learns to

minimize in the least squares sense and therefore, Equation 3,11 describes the function to
be minimized in the case of two inputs and a single neuron:



n-1
F = ) [®-F(0)]

1mf}

“F = ni[T.F

1al)

Where:

F = function to be minimized

®; = Desired output of neuron for pattern i
Oi = output of neuron for pattern i

S 0= Woeyi+®iexi+W:

I"'( ) = non-linear threshold function

T. = As defined for F

The threshold function ['( ) for this analysis, is as depicted in Figure 3.15. For values of
the argument whose absolute value > 1/M the value of I'( ) is one or negative one
dependent on the sign of the argument. For values within the range -1/M to +1/M then I(
} takes on the value of its argument ( i.e. ['(x)=x ). The derivative of ['( ) is M if the

Equation 3.11

argument is in the range -1/M to +1/M and 0 otherwise.

05 +

o=IM

05 -+

O=-IM a1 L+

Figure 3.15: Threshold Function for boundary samples discussion
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From the well known regression principals, Equations 3.12 are derived ( note, the
summation is only over those elements of O; within the range - 1/M to +1/M as the
multiplication by the derivative forces the remaining terms to zero outside this range):

dF

==2«M voTy = 0

d W zy

aF =_2.sz|."r‘ =0 Equations 3.12
0 W

oF

—=-2eM>»T. =0

o w2 * 2

Therefore, given a training set of points in general position and determining 0,0 w, and

), from that set ( using Equation 3.12 ) a linear separation is achieved. It is assumed that
the line defined by 0,w w; and w, from the minimization of F, does not match the desired
class boundary. Let the equation Qu=Toeey + T 1 #x + & 2 represent the neuron equation

for the desired class boundary, then the difference between the required and calculated
values is given by Equations 3.13:

Wo =0Wo+¢Eo
w1 =m:1+e Equations 3.13
w: =W2+8&:

The question is, what is the effect of adding a new point to the training set? Let the new

values of F, O, 0,0 ® and w; be represented by F, O, wyy " and 2,w then Equation
3.14 is the new equation to be minimized:
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nl
F =3 1dn-TOOF +1dn-T(O

AE Y D-CHE D [ -Me O P +[dn-Mo O |

Where: The new point is chosen inside the -1/ Mto +1/M

range or clearly no change in Fto F' takes place.

define:

W' Awn+wo

o' Aui+an

m': Awi+w:

A= Amney +Awie x4+ Aw

AEEY O DE + Y M- MeO-MeA] +([dn-MeOn-Me Anf

WFeTI0-CHE + T IT-MeAR +[To-MoAdl? Equation 3.14

It is needed to find the minimum value of F' from the two new variables Awy), Aw; and Aw
2. Therefore, find the partial derivatives of F' and set them to zero. Equations 3.15 are
thereby derived.

JF .

— . =_2eM io[Ti-MA]—-2eMey,e[Ta- MA,

aA(l)u Zy l ] y [ l

5%=_2.sz.-o[Ti-MA.-]_2-Mox.,o[’I‘.,-MAn] Equations 3.15
|

oF

—=-2eM Ti-MAi]—2eM e[ Th- MAn

A 31 ! [Ta- MAs]

Since, it is assumed that the magnitude of the change in coefficients for the additional n is
small, the previous points both inside and outside the range -1/M to +1/M remain in their
former relative positions. Therefore, the results of Equations 3.12 can be applied to
Equations 3.15 and the partial derivatives set to zero to form Equations 3.16:
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0= yio~MAi+ys®[Tn- MAu]

0= xi®—MAi+Xn®[Ta- MAs]

0= -MA+[Ta- MAs)

20=-MY yiesA+yaeT,

H0==MY xioA+xao Ty

2 0==MY Ai+Ta

Where, the Asterms have been absorbed into the

summation. Equations 3.16

The total number of terms can be equated to k and the A;s expanded to form Equations
3.7

0= —Mz[}’iz *Awo+yiexies Awi+yi® Awz|+ yn® Ty

0= —MZ[yiOxi'ACl)o-i-xi2 * A+ Xi® Aw2]+ X @ Th

0=-MY [yi*Awo+xie Awi+ Aw:]+Ts

The summations of yi and xi can be replaced by their

expected values.

y'n'Tn
keM

0= E(yi ® %)Awo + E(xi* YA0 + E(xi) Az - — L
keM Equations 3.17

~0= El(yi2 YAwo + E(yi e xi)Aw + E(yi)Aw2 -

- 0= E(yi)Awo+ E(xi)Awi + Aw2 - kT"

M

After isolation of variables ( Equation 3.18):
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Tn - Nf?l E(y:2 ), E()ﬁ LB R E(Y|). E(X:z ), E(XI), Xn, YI\I

A = keM Do{E(y?), E(yiex), E(yi), E(xi*), E(Xi},Xn, ¥n}
Aty = Tha N:lE(y. LE(yrox),E(y), E(x.* ), E(x), Xn, Ya}
keM Di{E(y’),E(yi®xi),E(yi}, E(x* ), E(%:), Xn, yn)
Az = Thn N {E(y:* ), E(y o xi), E(yi), E(xi*), E(xi), Xn, Yn}
keM D AE(y* ), E(yvo xi), E(yi), E(x:%), E(X:), Xn, Yo}
Where:
N: = numerator of equation for Aw: ) .
] . Equations 3.18
D: = denominator of equation for Aw.

Since, the intent of the exercise is to find the effect of the change in the boundary
deviation from the "ideal" boundary. The change in this error must be expressed relative to

the Aws, as in Equations 3.19:

Wo+AWo =TWo+E o

Wi+A® =i+

Wi+ A@W =T i+€"

Where:

€'+ = New error in @

Applying the relationships W: = @: +¢€'
S AW =€'o-Eo

SAWy =g-8

AL =g -8 Equations 3.19

It is also required that T, be expanded in terms of the errors, Equation 3.20:
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Ta=Dn- MOn

o To = @0 - M(0oyn + 1% + @2 )

2T = ®a - M(@oyn + W1Xo + W2 +E0Ya+E1Xa +E2 )

Let Tn = @n - M(Boyn + Wi Xa + B2) Equation 3.20
. Tn represents the deviation of (ya, Xa) from the " true”

class boundary.

5 Ta=1Ta-M(E0yn +E1Xa +E2)

Combining the results of Equations 3.18, Equations 3.19 and Equations 3.20 leads to the
formulation of Equations 3.21;

. goyaNo €1xaNo  €2No . TaNo
keDo keDo keDo keDieM
, €oynN1  EixaNi €2Ni TaN)
g1=£1- - - +
keDi keDi keDi keDieM
EoyaN2 €ixaN2  £:N2 TaN2
keD2 keD: keD: keD:eM

Equations 3.21

gr=¢g2-

The further reduction of these equations can be achieved by expansion of the Nx and Dx
terms. [t is instructive to do this for the €' term, the results for the other two terms are
presented but not derived. Two problems can be answered by use of these equations:

i) Is the selection of noints close to the desired border a good long term strategy?

ii) Given a previous border between classes close to that required. What is the effect of
choosing samples points at varying non-zero distances from that boundary.

The first problem is given by setting 1, arbitrarily close to zero and finding the long term
tendency of the error terms, as in Equation 3.22;
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EnysNL - EaxalN exNi
kel ke kebn
s Evaluate the pirts of the equation in stages

€=t

C eyl Enyall E(x) = % [E(y E(x ) - Et v E(ya )| - [E(x ) E(y ) — Elyx) [E(x)ys Elyi)xa])
“keld ke{[Ein’ IE(n) ~ E(yRIE(y) | ECxElx) - E(x® )| - [E(x) Ely) = E(ya) | E(u}Efyi) EtynE(x" )]}
CenyaN z«.{iE(x.)y.—x.y.]IE(y.’JE(x.)-E(y.x.)E(y.)l-[E(mE(y.J—E(y.x,)I[E(x.)y.: Efy.)xaya]}

kel kel[Ely’ JEMx) - ECyx) ECYH| E(x)E( %) = E{%° )| - [E(x)El i) = E{yix) N E(xpECvn) - E(y) E(7 3}
Since, it is the long term lendencies of the equations that are at issue , the values of X« and ya (a5 well as their respective
combinations ) can be replaced by their Expected values.

CeoyaNi ke[| Ex) El(y) — E(yaxa) |l Efy.* )E(x:) = E(y:x) E(y)|-|E(x)E(y) - E{ya) [ E(y: YE(x) — E(yx)E(yn) ]}
“kebr ke{[E(y?)E(x) - E(yx)E(y )| E(x)E(x) - E(6¥)] - E(R)E(y) = E(yx) I E(2) E(yixi) . E(yi}Efx )]}
The two parts ol the numerator are equal and therefore, subtrct to Zero:

g f_wﬂzl)

" kel

. Bzl - erxal | E(x ) = xa JE(y:" JE(%) - E(ym)E{w} - [E(x)E(y) = E(yx )} E{x)ys E(y1)2a])
kel kel By )E(x) = E(yx) E(y) [E(x)E(x) - E(x: ) -[E(x)E(y) — E(yx) N E(x)E(ym) E(y)E(x)]}
. Fi1xaN) _ e[ E{ Ki)!l-!-: " E(y:z JE(xi)— E(y:XI)E(YI)]-I E{ K:)E(yl)"E(YIM)I[ E(Xa)ylll - E(yl)xl: 1}

kel ke E(y JE(x) ~ ECym)E(Y) [ E(x)E(x) - E(x*)]- | E(x)E(y} = E{yx) I E€x) E(ymi) . E(y) E(x:*)])
sl el E(uw)E(x) = (D) E(y? ) E(x) = E(yx)E(yi) ] -] E(xi) E(y:) = E(yx) L E{x) E(yi) - E(y) E(x*)1}
T koDt ke{[E(y¥)E(x) = E(YX)E(Y) ) E(xX) E(x) = E(x*)]- [E(x)E(y) = E(yx) I E(x)E(yaxi) - E(Y)E(x™)])
The numerator and denominator are equal and therefore, divide to give one:

. EixaNT  Eixe

“Kebi k.

. Ny - t‘:llE(xn)—x-llE(y-:)E(x.)—-E(y.x;)E(y:)]-lE(xa]E(yu)-E()’m)l[E(x-)y-‘E(y-)x.]l

Tkelh ke l[E(yHE(R) - E(yx)E(y) [ E()E(x) - E(x:*)]- | E(R)E(y) - E(yx) [ E(x) E(yxi) - E(y)E(x™)])
CeNe . edlE(s) - OB E(x) = Bty E(y) ]I E(X)E(y) - E(yx  EGOE(y) E(YE(x)])

Tkeli kellE(v)E(x)~E(yx)E(y) | E(x)E(x) ~ E(x:*)] - [E(x)E(y) = E(vx) [E(x)E(yix:) - E(y)E(x* )]}
Hoth hadves of the numerator have i zero term and therefore |, the total is zero !
exMNi

A =1
kel

i en(0) 3 gi(l) _ ()
k k k

LE =6
Equation 3.22
y e'|=s|(l-l)

k

Similar, techniques can be applied to the other terms and therefore, Equations 3.23 are
derived:
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1
go=egn(l-—)
) i "
gi=eil- %) Equation 3.23
E"“E*(l-l)
Tk

The limit of the errors as the number of added boundary points approaches intinity is of
interest as in Equations 3.24:

=Eu

! !
H t (l'_) -
lime'o u]f'[(l-—)_et,n k m

=0

m—yeo [ T
1____ —_
( k) "
lime's =e1(0)=0 Equation 3.24
m = oo
limeg': =£2(0) =0
m — oo

In conclusion despite the initial deviation from the correct class boundary ( with the
stipulation that the correct boundary lies within the range -1/M to +1/M for the given
values of wg, | and W, ) choosing boundary points ( T, = 0 ) will ultimately result in the
establishment of the correct boundary. In addition adding "good" examples ( Those
already classified correctly ) to the training set does not change the boundary and
therefore, serves no purpose. The second related, problem was to show that if the
boundary error is already small then choosing T, not equal to zero is counterproductive.

Therefore, Equations 3.25 are rewritten with the assumption that the boundary errors are
zero:
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‘cfll 4

£ n= ——m—
keDie M

= Equations 3.25
keDie M

' TﬂNZ

Fr=—
keDre M

From these equations evidently the errors are proportional to the value of t,. Therefore,
any value of T, other than zero can only cause the error to deviate from zero.

Besides the previously outlined difficulties there exists another common problem with
training set selection, that of unidentified correlation. The most famous example of this is
the "tank” problem. It is purported that an early neural network was trained to recognize
the presence or absence of tanks { milit»ry vehicles ) in various stages of obstruction by
vegetation. The network training set consisted of photographs of tanks and vegetation and
vegetation without tanks. The network converged successfully and was tested with
different photographs. It was extremely adept at detecting the presence of the vehicles
even when they were almost totally obscured. Unfortunately, when tested in an
unstructured environment the network was unable to detect the presence of tanks within
its field of view. Upon reexamination of the training and test sets it was found that all the
pictures with tanks had been taken on a sunny day, while those without were taken in
overcast conditions. The network had discovered this inadvertent correlation. This type uf
phenomena is possible in practice if care is not taken in choosing the training set ( e.g., a
network trained to detect circles and squares may rely on the fact that in the test set the
circles always covered larger areas etc. ). Figure 3.15 depicts the case of a two input
network that has classified its inputs as linearly separable from the fact that the chosen
training set did not contain examples by which this simple scheme was untenable.

\y

[ LClass | training examples
4 Class 2 training examples
L.eurned Boundry

: Class 1 desired boundary

| Class 2 desired boundary

) N 1

Figure 3.15: Example of a network that has discovered inadvertent correlation's
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The following section describes how inadequacies in the training set may be minimized
through an iterative development procedure.

34.5 Updating the training set

As demonstrated by the previous section it is desirable to have boundary samples tor
training the network. However, the location of the boundary is unknown and therefore,
the first set of training samples can in effect be considered chosen in general position
within the clusters. [n addition it is unlikely that all clusters will be present in the first
iteration of the training cycle ( given that points are chosen at random ). The first design of
the network is therefore, likely to involve too few neurons and define boundaries in the
wrong places. Therefore, employing a large training set to the initial iteration of the
network may prove counterproductive. The same clusters are likely to be apparent and the
tendency may be to choose "good" examples and not boundary samples. To alleviate these
problems an iterative regime is proposed. A training set of minimal size is chosen along
with an appropriate network topology ( using the rules as described in previous sections ).
The next step is to test the network to decide if it has adequate generalization properties.
When the network evaluates each pattern in the test set, two results are apparent. Either
the network reports the correct classification or it does not. If the correct classification is
reported then the network has defined a boundary for that pattern correctly and the
example is discarded. If the classification is incorrect then either the boundary is in the
wrong position or the sample may represent a boundary sample. In either case the sample
is appended to the original training set. This procedure is not guaranteed to keep sumples
that may prove useful in future iterations { a discarded sample may have been classified
correctly essentially at random and not because, the training set clearly defined the hyper-
volume in which it existed ). However, all the samples that are kept will prove usetul as
they represent space that should be designated to a particular class that currently is not.
From this argument it is shown that each iteration of the training set will cause an
improvement in the ability of the network to correctly generalize. As is evident from
section 3.4.3, the size of the network will vary as more training examples are added.
However, it is not required to add neurons at every iteration. A better method is to check
the convergence of the network at each iteration ( this will be apparent during the learning
phase ). Should the network not converge then the topology can be reevaluated and
adjusted. Following this regime will lead to a network capable of classifying correctly to
any desired degree of accuracy. However, as the training sets become more complex the
time until convergence becomes exponentially longer and therefore, there are diminishing
returns to the tradeoff between accuracy and development time. The oniy practical
confirmation of a neural network's abilities comes from extensive statistical testing and its
application to practica’ examples as shown in chapter 4.

34.6 Backpropagation as a learning technique
The Backpropagatio:: alzorithr:: is by far the most popular method for training

feedforward networks. its inwoduction has played a large part in the re emergence of the
neural network paradigm in recent years. Most of the problems proposed by Minsky and
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Papert have been solved by the application of multi-layer neural nets and in particular
those that learn using Backpropagation. Most of Rosenblatts original difficulties were in
the teaching of multi-layer networks of Perceptrons. In essence the ideas inherent in
Backpropagation are simple and straightforward, although the mathematical formulations
are nonlinear and therefore, involved. The Backpropagation algorithm is essentially a
gradient descent technique that minimizes a cost function based on a least squares
approach. Its primary benefit has been in its applicability to networks of any number of
layers and of any complexity. Equation 3.26 represents the function to be minimized Ly
the Backpropagation technique:

n-l
Ac= Z(Y.k -Ox¥

Where:
Ax = Value to minimize

Equation 3.26

Yu = Desired output of neuron in output layer for pattern i

Ou = Actual output of neuron for pattern i

k = Integer representing particular ouput ncuron

Equation 3.25 must be minimized for every neuron k. The values of Y; are fixed by the
problem and therefore, Oy must be modified to achieve the minimum value of Ay. Itis
well documented that one method of minimizing this function is to modify Oy in a
direction opposite to the gradient of Ay. Figure 3.16 presents an example for the two
dimensional case. The "error” function F(x,y) must be minimized therefore, given an initial
point (xy,yg) the gradient of F(x,y) is found ( this is the maximum rate of change of F(x,y)
at a point for a vector of unit length ). The optimum path for minimizing F(x,y) is in a
direction opposite to the gradient. Therefore, the values of xg and yg are modified in this
direction by small increments, the gradient found for the new value of F(x,y) and the
procedure repeated, until all directions lead to increasing values of F(x,y). This process
will find a local minima of F(x,y) at least.
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"\ Direction of max rate of descent,
(opposite to the Gricliant)

Figure 3.16: Gradient descent for the two dimensional case

This operation is applied to Ay and the result is presented in Equation 3.27:

2! 3(Yi - Oi)*
VA= Z"_—“—a On Equation 3.27
1m0 !

The outputs Ojy are nonlinear functions of the sum of the products of the weights and the

neuron outputs from the previous layer therefore, the equation can be written as Equation
3.28:

LetCx = imn « Mij

jml)

In this equation the threshold ©: has been replaced
by Wkm « Mmi (Where Mim =1} and wx is adjusted in
the same way as all other weights
s Qv =T (Cx) Where I is a non - linear function
Since, Ok is not directly modifiable the gradiant must be
taken WRT Ce

VA= 2 2(Yx-Ox)o dl;((l::;) Equation 3.28

Since, it is desirable to modify the weight vector the gradient should be taken with respect
to the specific weight to be modified. This is equivalent to multiplying Equation 3.28 by
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the partial derivative of Cj, with respect to & given weight uy;. Equation 3.29 therefore,
represents the gradient of Ay with respect to the weight vectors.

n ool dr(CIk} a Cu
VA= 2(Yu -0
‘ g,‘g,‘ (Yie-Ou) e dCu .a Wik

m n-l
VA= ZZQ(Y]k -Ox)e dr{(Cx)

=)yl ik

Equation 3.29

o M

Gradient descent requires that each variable wy; be modified in proportion to its partial
derivative in a direction opposite to that derivative ( i.e. the maximum rate of descent ).
Therefore, Equation 3.30 describes how each weight is modified:

n-l
fon = 3 (Y- Ouye 2LLES)
ial} ik
n-1
Let Ay = Z; Awix Equation 3.30
dl"(Ci)

ik

* Mic

AW =19 (Yi-Ox)e * Mix

The proportionality constant 1) is often called the learning rate as it determines how far
along the gradient path the weights are modified. The term (Y;,-O;y) is called the "error”
term of the network. Therefore, for each pattern i, the weights are modified in proportion
to the products of the learning rate, the error in the output, the derivative of the non-
linearity and the output of the previous layer ( for a given pattern i ). The form presented
by Equation 3.30 is suitable for an iterative process by which, a pattern is presented to the
network M;y, Cix and Oy are calculated and then the weight vector is modified. After the
network has been presented with all the patterns i, a test is made to check whether the
outputs O;, are sufficiently close to the desired outputs Yy for all patterns. Under the
condition that the small weight changes made during presentation of the pattern set do not
affect the responses of Cjy and O;, to M to any large extent ( a low learning rate ), the
weight changes will sum to reflect Equation 3.30. This analysis has shown that the weights
between the second hidden layer and the output neurons can be modified so that the sum
of squares of the error terms (Y;,-Oyy) is minimized. He wever, the question remains of
how to modify the weights of the hidden neurons? in essence it is to this problem that
Backpropagation provides an elegant <olution. It is desirable to apply Equation 3.30 to the
hidden tayers of the network in addition 1o the output layer. To do this requires that an
error term be specified for the hidden neurons. To this end, Backpropagation defines a
principal of "Backpropagation" of the errors to the hidden nodes ( hence the name ). It is
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assumed that hidden neurons contribute to the errors at the next layer in proportion to the
weights that join the hidden neuron to the next layer. Therefore, the sum of the errors in
the output layer imes the weight joining the hidden neuron to the output neuron
represents the error. Equation 3.31 defines the error for the second hidden layer:

Ej= Z(Yik-Oit).(ij
k
Where: Equation 3.31

€;= The error defined for neuron j

The error is frequently modified to include the derivative of dT°(Cv) / d(C) tor reasons
derived in the next section. Therefore, the result is Equation 3.32.

dC(Ci)

ik

gi= 9 (Yi-Ox)® ;. Equation 3.32
k

To show that this result is consistent with the gradient descent technique, the following
arguments suffice: Consider the effect of a given weight connecting the first hidden layer
to the second hidden layer. The minimization function,A must include all the output

neurons ( all the neurons are affected by a neuron in this layer ). Therefore, the function to
be minimized is given by Equation 3.33.

A=Y A
k

~A= ZZ(Y.’&-O&)Z
ki

Figure 3.17 defines presents a graphical representation of how the variables used in this
analysis apply to the topology of the neural network.

Equation 3.33
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Figure 3.17: Topology for Backpropagation notation

From Equation 3.29 the gradient vector is taken WRT the weights 1qj,wthe result is
Equation 3.34:

VA= ZE—Q—A—- Equation 3.34
q i a W1yqj

Since, the rates of change of the weights are proportional to 'he partial derivatives of A it
is only required that a single instance of ®1qj be considered, let this instance be
represented by the weight w)4p therefore isolating the partial derivative yields Equation
3.35:

3 A _a (gzi(vu.-ou)z)

9 Wip B g9 p

Equation 3.35

Following the principles defined in the previous discussion of weight changes for the
outputs, the weight w, off can be modified after the presentation of each pattern by an
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amount proportional to A's derivative with respect to it. Equation 3.36 presents the result
of this manipulation.

2 Z(Yki -On)’

Ao o= “a Equation 3.36
i

Let Cy=T" ~1(Oy;) as in the previous discussion and therefore, Equation 3.36 is rewritten
as Equation 3.37:

dIr(C«i) . g (Cu)
d(Cu) O iep

Adiiup oc E(Yki ki) Equation 3.37
%

It is necessary to find the relationship between Cy; und W) to do this the derivation of
Equation 3.38 is presented:

Cu =Y, w2+ Mi ( As in Equation 3.28 )
I

Define: Fj =T (M)
~Fi= Z(nuq e Py
q

s Ch= Z(D:’.I:j oT(Fi)
i

=Y e T(Y, wiig o Py) Equation 3.38
i q

Taking the partial derivative of Cy; WRT to wyqp now yields Equation 3.39:
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(') (Z(.l)l 1y * qu)
4

a Ckl dr{ Fu)
- = uy2g, ® L]
0 Whas d(F,) RO
0) (Z(})lm o Py)
The value of 4 can be determined
J QW uf
us follows:
a (ZUJIN .Pu_l)
4 =0 ifjza
J () fh
= Ppielse
aCkl = % .dr(Fm) 'P[}
o a [ Bt (l(Fu:) ' Equatlon 3.39

From this result Equation 3.37 can be rewritten as Equation 3.40:

dI"(Cxi) dl"(Fai)
A1 o< Yii-Ou)o—— 2ka|®
Wliu iz( ki = O} 4(Co) ® (2ka] 4(Fa)

» Pp; Equation 3.40

. dl"(Cui)
The quantit (Yki-Oxi)e

i

* e has previously been identified by Equation 3.32

as €, therefore, with the addition of the learning rate the desired result is given by
Equation 3.41:

dlN(Fuw)
d(Fu)

AWiiap = Me®Eae *Pgi Equation 3.41

In conclusion, it has been shown that the Backpropagation of errors according to their
relative weights is consistent with a general learning algorithm based on a gradient descent
technique. The errors of the second hidden layer can in sequence be propagated back to
the first hidden layer per Equation 3.42:
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Define wopyx as 2 weight in the tirst hidden
layer, G as the output of a neuron in this layer
prior to thresholding.

S Gei=T""(Psi)

Define Iy. as the input to the network at neuron
y, for pattern i

dr(GBl)
"-A(Dl = L B3 ._._.[ i
Oifiy n B d(G[}.) X
Where: Equation 3.42
dI"(Fi)
Ep= Ei®(pj®
: Z AR

3.4.7 Importance of the non-linearity

The role of the non-linearity in the neural network is two fold:
1) allows the network to emulate nonlinear functions
ii) allows the network to learn by gradient descent

To properly understand the role of the non-linearity it is necessary to remove it from the
governing equations of the network and determine the result. An example is obtained by

considering the generalized formulation of a two-layer network. Equation 3.43 describes
the situation for the first layer:

Hiji= FIZ Wjm @ Lim)

Where:

Hyji = Output of first layer for neuron j and pattem i Equation 3.43
" = The threshold function

o1jm = The m"™ weight for the j* neuron

lin = The m™ input for the i pattern

The output of the first layer is input to the second as in Equation 3.44:
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Haw=T{Y w2ge Hiy)
I

Where:

Hi, = Output of first layer for neuron j and pattern i Equation 3.44
Hax = Output of second layer for neuron k and pattern i

I" = The threshold function

i ="The j* weight for the k™ neuron
If T(x) is a simple linear mapping I'(x)=ax+b then the equation for the second layer can be
rewritten as Equation 3.45:

H2k|=u.{zm2h' H']I)'i'b
]

H=ae) wrgefae(d wiwmeln)+bil+b
!

41}

S Ha= {Z[Zd: * W2 ®W1ym e Im]+aewyebl+b

1]om

Letc = Y aew:eb+b aconstant and interchange
]

the order of summation

S Haus IZ L ® Zu: .wlk;.mlp|||}+c
n )

let (xm = Zal & (D2k, @ (B
]

SHia= {lem ® (k) +C

m

Equation 3.45

Equation 3.45 is identical to that of a single layer neural network. [n conclusion, the
absence of the non-linearity reduces the capabilities of the network from a general
mapping of arbitrary disconnected clusters to that of a simple linear discriminant. It is
therefore, the non-linearity in the mapping that provides the full capability of the network
model.

The Backpropagation paradigm relies on a gradient descent technique and therefore, on
both the torm of the non-linearity and its first derivative, To clearly understand the
behavior of this learning algorithm it is necessary to understand how the shape of the
various possible non-linearities influences that behavior. There, are many potential
nonlinear functions however, they must all incorporate the following property: The
magnitude of the function should be zero for a zero input, for a large negative input the
magnitude should equal minus one and for a large positive input the magnitude should
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equal plus one. These rules apply to the case of a neuron with bipolar output. the case of a
unipolar neuron is simply a scaling function from the bipolar case. Three functions used
extensively are displayed in Figure 3.18:

© Binagy
I y I ! B ' Siglllnid
I ¥ T T /
- == Ramp

Figure 3.18 - Selection of possible nonlinear functions

Each of the three functions have the desired properties that allow class determination and
are described by the Equations 3.46:

I"(x)=ﬂ§l|- Binary
X
F(x):"—xl-l- if ||| 2%
* { Equations 3.46
M.x if|x|| <— R:
) <~ Ramp
l-e™
l+e™

I'x)= Sigmoid

Each of these functions have the basic properties for neural classification however, there
are other requirements for the Backpropagation method of learning. The use of the binary
function is precluded by the fact that Backpropagation relies on the derivative of I'(x).
Since the derivative is infinite at zero and zero else, the weight changes, as calculated by
Equation 3.42 is either zero or infinite. Therefore, its use is prohibited for gradient descent

style learning. The ramp function, though it does not have continuous derivatives, can be
used for Backpropagation learning. In practice a decision is made for the derivative based

Page 53



on the current value of x, In the region where the magnitude of x is greater than 1/M the
derivative is zero clse, the derivative is M. However, this formulation has difficulties that
are shown by Figure 3.19. In the figure the error terms for the Ramp and Sigmoid
functicns are graphed against the value of x. These errors are computed on the assumption
that the desired output is one and therefore, the equations are the difference between |

and I"(x) times the derivative of ['(x) at x. Equation 3.47 expresses this relationship for
both the Rump and Sigmoid functions.

e ={1-F(x). JL&)

Equation 3.47

The values for both functions approach zero as x becomes a positive value. Conceptually
this means that x is “cdtrectly” classified. When I'(x) is less than one then x is incorrectly
classified. It is desirable that as x deviates further from the correct classification that the
error increases and therefore, the weight changes are larger for those neurons in greater
error. However, the problem in a ramp non-linearity occurs when the value of x <-1/M is
reached. At this point the weight changes are set to zero. In other words if x is
misclassified at a distance of more than 2/M from the current boundary then it can have no
influence on the boundary. Therefore, the sigmoid function has both the advantage of
continuous derivatives and the fact that the error does not become zero for highly
misclassified values of x. It should be noted that the requirement that large negative values
of x when evaluated by I'(x), approach -1 asymptotically conflict with the desire that the
error gets larger. The derivative of T'(x) with respect to x must eventually approach zero
and therefore, so must the error. In addition if the slope M is too small, the classification
boundary is "fuzzy." Here regions exist where the network is neither classifying the
current pattern as one type nor another. Here a large value of M provides the cleanest
boundary, a property highly desirable in a classification system. The same type of effect
can be observed for the sigmoid function as the value of o becomes large in Equation
3.46. The boundary becomes less "fuzzy" however, values of x in error cause less weight
correction and learning time is increased. It is possible to mitigate some of this effect by
setting the initial weights to small random values. Therefore, the argument of ['(x) is small
and the errors cannot be zero. Equation 3.48 expresses this relationship mathematically.

n-1
x = 3 ;. ]; The neuron equation
=t

dI(x)

lim —950 ={1-T(x)}.—=2
dx

Equation 3.48

=4a
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Error Funetions for Different non-linearitics
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Figure 3.19: Errors for Sigmoid (S) and Ramp (T) Functions

34.8 Convergence of the method

As previously indicated, there are no guarantees that the network will converge to a state
that produces & pattern recognition engine applicable to a desired problem. In fact several
problems may arise during network developments that are associated with the
convergence of the Backpropagation algorithm:

i) Is the network guaranteed to converge?
ii) Does the network converge to a global minima?
iii} Is the convergence timely"?

The Perceptron convergence theorem states that if a weight matrix does exist that causes
the network to reach a minima then a procedure such as Backpropagation wiil find a
solution to the minimization problem. However, this procedure does not guarantee that
the solution found is identical to the one that is known to exist. From the results of section
3.3.1, it is shown that a solution to the classification problem exists for some unknown
network topology consisting of three layers of neurons. However, since no a priori
knowledge of the minimum network topology is known the application of the theorem is
difficult in practice. [n addition, the theorem only states that a solution will be found it
does not state that this solution will be the desired one.
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The related problem of discovery of local minima is also of concern. In Figure 3.20 the
error surface as a function of two weight variables is graphed. As can be seen from the
figure, there exists the possibility that the gradient descent technique will find the local
rather than the global minima. In practice this phenomenon is rare und was not observed in
the development of the networks in chapter 4.

o, Minima

Figure 3.20: Global and Local Minima

Backpropagation requires an extremely long learning cycle when compared to its recall
time. This is due to three reasons:

i} Many passes through the raining set must be attempted to achieve convergence.
it) Large numbers of patterns may be required to train a network of practical size, and

iii) The learning rate must be reduced when more patterns are added to the training
sel.

The first two items are self explanatory. The third is a side effect of Equation 3.30. In this
equation it was assumed that the smaii weight changes throughout a iteration of the
learning ( an iteration of learning is the presenting of all input patterns to the network
once, with coincident modification to the weight values ) would be equivalent to finding
the state of the network at a given time for all patterns, and modifying the weights
globally. However, as the number of patterns in the training set increases the greater the
deviations of the weight values from the start of an iteration until its end. Therefore, the
assumption that the small weight changes do not affect the state of the network during an
iteration no longer applies. To counter this effect, it is necessary to reduce the learning
rate in proportion to the number of patterns in the training set, this reduction in learning
rate causes an increase in the number of iterations required for convergence to be reached.
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Chapter 4
Presentation and Discussion of Experimental Results

4.1 Introduction

This chapter will focus on the experimental results obtained from applying a neural
network paradigm to the object recognition of images captured by tactile sensing. Four
examples of networks trained to classify tactile images are presented. Each of the four was
developed using the Backpropagation learning technique and the iterative training set
enhancement process described by chapter 3. The four were chosen to exemplify types of
different pattern recognition problems. They therefore, provide an overview of the
capabilities of the neural network as a low level pattern clussification engine as appliced to
an FSR tactile sensor. Details of the learning parameters, final w=ight vatues, network
configuration and performance of each network are presented by this chapter. In addition
some of these details are provided for intermediate stages in the development of the
networks so that the evolution of the topology and performance can be evaluated against
the final configuration. The four networks presented are: Big Blocks, a network that uses
large wooden blocks with embossed lettering to provide the tactile images; Small Blocks,
similar to Big Blocks, except that smaller blocks are used; One Two, a network trained to
recognize whether one or two fingers are pressed on the sensor surface and Lines, a
network designed to find the angle of a straight line ( formed by forc: from any objeci
with a linear edge ) relative to an arbitrary axis of the tactile sensor.

4.1.1 System Overview

The tactile sensor converts the force profile from the presented object into a 16 x 16 grid
of resistance measurements that are each inversely proportional to the point applied force.
The resistance measurements are converted inio voltage levels using circuits based on
operational amplifiers and analog multiplexors as described in chapter 2. A general
purpose host computer is used to input a "grid address” into the sensor electronics, This ¥
bit address consists of two 4 bit numbers representing the row and column of the sensor
element to be scanned. Outputs of the sensor electronics are voltage levels that are
proportional to the applied force ( see figure 2.0¥ for the exact relationship ). An Analog
to Digital converter interface, resident in the host computer, is used to quantize this
voltage also provides an interface the host backplane bus. Each point of the grid is
scanned by the host computer in sequence and the results input to the "Sensor" software
application. After all 256 points are scanned into the application, a tactile image is created
and may be manipulated by the host for: display, storage and further processing. An

e..ample of such an image is presented in figure 4.01, figure 4.02 shows the experimental
setup:
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Figure 4,01 - Typical Tactile image
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Figure 4.02 - Experimental Setup

The "Sensor" application ( see Appendix A for a partial listing of this application )
provides a user interface that allows an image capture to be initiated. Once captured, a set
of images is maintained in a file and can be used as either a "training" or a "testing" set. As
an image is captured its desired classification is input by the trainer to the application for
storage and use during the training phase. A training set is employed to "teach” the neural
network to recognize images of these predefined classifications. Figure 4.03 depicts the
user wnterface for the "Sensor Input" application,
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Sensor Input
File Pattern Nextl Previous!

Figure 4.03 - Sensor Input application

A second application "Network Developer" ( see Appendix B for a partial listing of this
program ) is used to design and test neural networks. The user determines the required
number of inputs to the network, outputs from the network and the number of, and form
of, each hidden layer. Once the network topology is defined the weight values are
initialized to random values between -1 and +1. Figure 4.04 depicts such a configuration
graphically ( note: The weight's connections are shown as lines whose width is
proportional to the magnitude of the connection and the shade dependent on the sign,
black positive, gray negative ). The weight values connecting the inputs and the first layer
are not depicted in this graphic to avoid clutter.

Figure 4.04 - Initialized network

A set of training patterns is input to the application and the network trained using the
iterative training regime outlined in chapter 3. Four variable parameters are input by the
user to influence learning. The first is the "convergence criteria.” This parameter sets the
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maximum amount of "error” allowed in any of the output neurons when presented with the
entire pattern suite. The second purameter "learning rate,” is a linear multiplier of the
current error term as described in section 3.4.6. The third parameter "weight momentum,”
is used to set the extent to which the weight changes are proportional to their rate of
change at the last iteration. In practice the inclusion of a momentum term can speed
learning in the Backpropagation algorithm. The fourth term is the "Recognition Criteria,”
this parameter is used to set an amount by which the outputs of neurons must differ such
that the network is suggesting an unambiguous classification ( this parameter will be
described in greater detail in later parts of this chapter ).

After the building of the network topology and the input of the training set, the network is
set into learn mode. In this mode, the network weights are modified according to the
procedures outlined in chapter 3 and learning is completed when the network converges or
learning is haited by the user. A status window is provided in the application to display the
percentage of images correctly classified and the network's classification of the image
currently being displayed. In addition the intended "Desired” classification originally
entered by the trainer is displayed. Once learning is complete, the trained networks may be
stored in files for future reference and testing. Figure 4.05 depicts the user interface to the
Network Developer application.

Network cveloper

Pattern Number = 14
Iteration Number = 62
Desired =U

Actual = U

0% 100% |

Figure 4.05 - Network Developer user interface

Stored networks can be used in one of two ways: [nteractively, by which an image is
captured in real time and the network is requested to recognize the image based on its
stored classifications or background testing, where a file of images are presented to the
network and the network finds the percent of correctly classified images and whether the
images fall within one of its classification regions. In the interactive mode, the "Sensor
Input" application captures the image and relays it to the "Network Developer"
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application. Network Developer responds with its classitication of the pattern based on the
current network in the system. In the non-interactive mode. a file of test patterns is read
into Network Developer and a mode selected where the results of the classitication are
displayed in the status box. Three results are possible from the classification of any image:
An image is correctly classified ( i.e. the trainer and the network agree on the
classification ), an image 1s incorrectly classified ( i.e. the classification proposed by the
network is different from that identified by the trainer ) and unknown ( represented by the
? mark ). In the "unknown” categorization, the image does not fall explicitly within the
boundaries of any one class as decided by the "Recognition Criteria.”

To provide visual feedback. network developer shows the percent of correctly identitied
patterns identified during the learning process. The current percentage of correctly
classified patterns is evident from the display. Figures 4.06 and 4.07 depict the displayed
image at various stages of learning.

Pattern Number = 24
Iteration Number = 84
Desired = Two
Actual = Two

| % 100%
&

Figure 4.06 - network close to convergence

Pattern Number = 22
Iteration Number =112
Desired = Two

Actual =?

0% 100%

Figure 4.07 - network moved from convergence

To further improve the development process, the network developer application was
designed to show a neuron's activity state ( output value ) and weights to connected
neurons, by colour changes. This type of display aids in determining if 4 neuron is actively
participating in the solution to the current problem. If the neuron is unused there exists the
possibility of culling the neuron from the network topology. A second use for the visual
display is the determination of the internal states of the network that may be present for 4
given input pattern class. In essence one colour represents the -1 output and the other the
+1 output. States between the two are represented by intermediate shades. in
monochrome mode for example, the colour white represents a -1 output and the colour
black +1. All states between +1 and -1 are represented by shades of gray.
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The weight display employs a similar system under which, negative weights are gray and
positive black and the width of the connection between neurons suggests the magnitude of
the weight. Figure 4.08 shows an example of a simple network that has learned the
Exclusive Or problem with the neuron and weight states indicated for the four possible
input pattern forms.

Figure 4.08 - ExOr problem neuron states and weight values

Besides the weights and neuron states, a third visual indicator is provided to aid in
network development, the output oval. As can be seen in Figure 4.08, this oval becomes
white ( in monochrome mode ) to show that the output of the neuron and the a priori

classified output are in the same state. A black oval would indicate that they are in
different states.

An initial pattern set is interactively selected using the "Sensor Input” application and
used to train an initial network topology in "Network Developer.” The "Sensor Input"
application is then used with the trained network in the interactive mode, to decide if any
pattern's inputs from the tactile sensor are misclassified. Any misclassified images are
appended to the training set with the correct classification identified. The network is
retrained with the appended patterns and the entire procedure repeated until satisfactory
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results are achieved. This implementation follows the theoretical procedure outlined in
chapter 3.

4.1.2 Performance Evaluation

In the general case, the performance of the various contigurations is evaluated compared
with a set of test patterns each of which is collected in the same manner as the training set
but do not contain images explicitly in that set. Since, in no case is the applied force or
orientation of the applied object controlled these images represent a wide range of
variants. These variations produce the irregular images required to simulate real world
"noisy" conditions. If the parameters are in tighter control then the pattern recognition
problem is simplified. However, it was felt that simplification by this method, although
showing better results on paper would not represent a realistic scenario for use in an
uncontrolled, unstructured environment. Beyond the performance evaluation against a
similar but independent pattern set, the networks are evaluated for performance outside
the limits of their original problem domains. For instance, a network trained to recognize

letters aligned to one axis of the sensor are rotated and the performance tested outside the
limits of the original training set.
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4.2 One Two Net
4.2.1 Background

The "One-Two" network was designed to test the neural network's ability to solve the
connectedness problem as explored by Minsky and Papert. They can show that a single
perceptron cannot solve the problem of whether an image input to the network contains a
single "connected" region or more than one "disconnected” region. This result is
equivalent to showing that the problem is not linearly separable per the criteria established
in chapter 3. The Exclusive Or enigma is an example of such a problem. In this puzzle a
network is provided with two inputs and it can be shown that a minimum of two layers is
required to reproduce the Exclusive Or function. The One-Two problem is a more
complex extension of the Exclusive Or problem. In this problem either one or two finger
presses are imprinted onto the tactile sensor, the network is then required to recognize
which of these events has occurred. Similarity of the One-Two problem to the exclusive or
problem is outlined by Figure 4.09.

111
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One One
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One One One E
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Two Two

Figure 4.09 - One-Two Net, Exclusive Or similarity

The patterns a,b,d,e suggest the types of tactile images that result from single finger
presses, each pattern is labeled "One" to indicate that fact. Patterns ¢ and f are labeled
“Two," this indicates that two points of finger pressure are present. Obviously ¢ is a
combination of a and b and that f is a combination of d and e. In addition image g is a
combination of the four images a,b,d and e. This image is again labeled "One," as it also
could be formed from the force of a single pressure point. This image set poses the
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connectedness problem posed by Minsky and cannot be solved by a single neuron as
shown by the following argument. Consider Equation 3.01. the formula for the output of a
neuron, the sum of products of weighted inputs compared to & threshold.

Assume that a weighted sum that falls below the threshold causes a neuron output of -1
that represents a classification of "One." The patterns a,b.d and e do not cause the
weighted sum to increase beyond this threshold and therefore, are classified as "One."
However, the additions of a and b to equal ¢ produce the weighted sum to increase
beyond the threshold and therefore, the classification is +1 or "Two," A similar result
holds for the addition of d and e to produce f. Apparently the addition of ¢ and f cannot
decrease the weighted sum ( as each in isolation is greater than the threshold ) und
therefore, the result must be classified by the network as "Two." Since, this classification
is incorrect the single neuron cannot produce the correct categorization for this problem.

4.2.2 Problem Stutement

The problem is to detect whether one or two fingers are applying pressure to the tactile
sensor. This determination should be independent of the total force applied by either one
or both fingers and be independent of the position of the finger presses on the sensor
surface.

Figures 4,10 through 4.12 depict examples of valid single finger presses whereas, Figures
4.13 through 4.15 depict examples of two finger presses.
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Figure 4.10 - "One" example 1
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Figure 4.12 - "One" example 3

Figure 4.13 - "Two" example 1
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Figure 4.15 - "Two" example 3
4.2.3 Network Development

The network is developed through application of the ideas outlined in chapter 3. The
number of inputs to the network is fixed to equal the number of force sensitive points on
the tactile sensor ( i.e. 16 x 16 = 256 ). The number of outputs is set to equal to two: A
neuron to indicate one finger press is present and a neuron to show that two finger presses
are present. In two output classifications it would be possible to use a single neuron to
show "One" and Not "One" { i.e. "Two" ). However, this implies that the network has no
means by which to produce an "unsure" verdict for its classification. This is undesirable in
a practical implementation since, an automata controlling the sensor if presented with an
unknown input, could theoretically adjust the force and position of the sensor until a
known classification is detected. The certainty of the classification is then extremely high.
If a single neuron is used then every pattern despite ambiguity, is forced into one of the
two classifications possibly in error. Therefore, there would exist no procedure by which
the accuracy of the classification could be enhanced.
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The number of neurons in the second layer is found from the number of clusters, which as
a minimum is equal to the number of outputs. The minimum number of clusters is two and
therefore, the minimum number of layer 2 neurons is two and layer 1 neurons is | ( from
Equation 3.08 ). Initial the network is buiit around these values and an original training set
ts then selected.

4.2.4 Training Set Selection

The selection of the training set is a heuristic process and is dependent on the problem
domain. As described in chapter 3, it is desirable to choose boundary samples to correctly
define the classification regions, However, as no a priori knowledge of the boundary
locations exists the initial set is chosen in general position. This set should represent the
domain of the problem and therefore, paiterns should be selected to characterize the types
of ubstractions that it is desirable for the network to make. In addition, any obvious
correlation's to unwanted abstractions, should be avoided ( for instance the network
should not learn to assume that two fingers will always produce a larger sensor impression
than one ). For the example of the "One Two" net Figure 4.16 depicts these abstractions.
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Figure 4.16 - Examples of One-Two net abstractions

Patterns a,b,f and g show examples of the force independence abstraction. In a and f the
total force produced by one finger is less than the force produced by two. However, in b
and g this is not so and therefore, patterns of both types should be in the initial training set
to avoid the network inadvertently learning a correlation between total force and number
of fingers. Another correlation the network may learn is to relate certain impression shapes
to the number of finger presses. Patterns of types ¢ and h are included to alleviate this
problem. In addition the finger presses should be distributed throughout the surface of the
tactile sensor to avoid the problem of classification by position. Patterns d.e,i and j
represent examples of this type of distribution.

Although the initial training set is important, it should not be too large for the following
reasons: the iterative training process will add boundary samples and is therefore, a better
meuns of selecting training images and the number of neurons in each layer is likely to be
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too low and therefore, a faster training process is required to determine this lack and allow
the trainer to correct the problem in a timely fashion.

Keeping in mind the constraints outlined in the previous paragraph. the initial training set
was chosen to be equal to 30 images. This allowed for a small training set and the
inclusion of all the abstractions already identified.

4.2.5 Building the Network

If as with the One-Two net, the number of neurons originally selected is too few then
more must be added. However, since there are two variables in this problem ( first and
second layer neurons ), it is impossible to have a purely systematic approach to the
selection of which layer should be augmented and by how many neurons. Theretore, the
following procedure was adopted:

i) Add neurons to both layers

ii) Check for network convergence

iii) If network will not converge * then go to i) else go to iv)

iv) Remove a neuron from the second layer

v) Train network and check for convergence

vi) If the network converges, then go to step iv)

vii) Add the neuron back into the second layer

viii) Remove a neuron from the first layer and train and check for convergence

ix) If the network converges then go to step viii)
x) Add neuron back into the first layer

The procedure outlined above, is guaranteed to derive the minimum network topology for
a given training set. However, it can be a slow procedure to implement if the number of
neurons in the first and second layers is significantly different. The use of colour variations
to indicate different neuron states can be used as an aid in determining the size of a
network. Usnally a layer with too many neurons will have some that are not used as part
of the solution to the problem. These would appear as neurons with intermediate states for
all input patterns ( i.e. some shade of gray ) or one to which all weight connections have
srnall magnitudes. If either of these phenomena is apparent for a neuron added to a layer
then normally, that particular layer is of sufficient size to perform the current task and no
new neurons are needed for that layer. The initial stages of development of this network
are depicted in Figures 4.17 through 4.20. As shown by 4.17, the second layer has more
than enough neurons.

2 Lack of convergence is generally characterized by one or more of the output neurons responding o an
input pattern with the wrong polarity, that is a state of -1 when it should have been +1 or vice versa .
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This is evident from the observation that the neurons are in an indeterminate “gray” state
and the weight connections to the output neurons are of low magnitude. As neurons are
added to the first layer Figures 4.18 and 4.19, the activity in the second layer increases
however, the network will not converge until there are 16 neurons in the first layer as in
Figure 4.20. These figures do not depict the weights connected to the input layer as there
are 256 inputs and therefore, their display is much too entangled to be instructive.

To speed the development of this network it was decided to add neurons to the first
hidden layer in greups of four after the fifth iteration.

Figure 4.19 - seventh stage of development
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Figure 4,20 - tenth stage of development

After the number of neurons in the first layer reached 17 their numbers were decreased
until convergence no longer occurred. A similar procedure was applied to the second luyer
and the result was 14 neurons in the first layer and 2 in the second. Besides modifying the
number of neurons in a layer it is necessary to adjust the learning rates and weight
momentum downwards as the number of neurons in the network increases. If this is not
done then the network may exhibit an oscillatory learning behavior. In this circumstance
the network appears to progress towards convergence and then move past the global
minima to some new equilibrium point and then again towards convergence. To detect
this behavior network developer shows the percent of correctly identified patterns during
learning. The oscillatory behavior is evident from this display when the percentage
approaches 100% and then moves back towards ()%, frequently within one learning
iteration. Following this initial development more patterns were added to the training set
through the procedure described in chapter 3 and the number of images appended to 60 by
iteration 23. The minimum network size for the 6() pattern training set was found to be 15
in the first layer and 4 in the second. This is very close to the final network configuration
that involved 16 neurons in the first layer and 4 in the second. Figure 4.21 depicts
variations in the number of neurons through the initial stages of development, including
those that do not converge.
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Iteration of Initial Network Development
Figure 4.2] - Initia} stages of network development

Figure 4.22 details the change in learning rate and weight momentum parameters during
this development. Whereas, figure 4.23 depicts the number of iterations required for those
networks that reached convergence and those that did not.
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Figure 4.22 - Change in weight momentum and learning rate parameters
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Iterations in Initial Network Development
Figure 4.23 - Iterations required for nets that converge and those that do not

Following the first two stages of development the network is advanced through the
iterative procedure of test and pattern addition as outlined in chapter 3. In total thirteen
iterations ( beyond those to find the initial convergence point ) were developed. The
criterion for determining the termination of the development cycle was derived from
application of a 200-image test set. If the test set showed that the network was no fonger
improving in recognition ability then no more iterations were performed. In Figure 4.24
the number of patterns used to train each stage of development is depicted. During the
development process it was sometimes necessary to delete patterns from the training set as
the hyper polygon positions become redefined. In essence, some patterns are sufficiently
corrupted by noise that they cross the threshuld between classification areas. In the
previous training sets these patterns may be used to define the boundaries to include

themselves, as later examples become available the boundaries may shift towards their
correct positions.
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To show the correlation's between the number of iterations required for learning and the
pattern set size the network was retrained with each of the training sets using a constant

learning rate and weight momentum. The results of this test are demonstrated in figure
4.25.
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Figure 4.25 - Number of iterations until convergence with a learning rate of .02 and
weight momentum of .02
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The smoothed curve depicts an apparent correlation between the number of patterns and
the required number of iterations to achieve convergence. However, the data shows that
this number can vary drastically for any given instance. This is attributable to the actuality
that the initial weights in the network ure set to random values and theretore, the process
of moving between the current error in weight space and the true minimum is a
stochastic process. Figure 4.26 displays the variability of convergence from ditterent
randomly chosen starting points in weight space. These datums were collected trom the
training set that contains the 30 initial patterns with a learning rate of .05 and « weight
momentumn of .03.
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Figure 4.26 - Variance in iterations to convergence from random initial conditions

From the graph apparently the number of iterations until convergence is greatly dependent
on the initial weight matrix.

Following development of the network a set of test patterns independent of any of the
training sets, but gathered in the sume manner, was used to gauge the effectiveness of the

network as applied to the One-Two classification problem.,

4.2.6 Results

Figures 4.27 through 4.30 depict the results of the training regime when the iterations of
the network are assessed against the two hundred test images.
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Figure 4.27 - Percentage of misclassified patterns against iterations of the training set

In Figure 4.27 the percentage of misclassified patterns (those classed as the other type) is
graphed apainst the development iteration. The indicatiun for "%One" implies that these
patterns were intended to be classed as ones but were misclassified as twos in error,
Similar logic applies to the "%Two" class, those that should have been classed as twos
were classed as ones in error. The iterative training scherne successfully transformed the
21.5% misclasifications from the original training set to 6.0% misclasifications with the
final set. Also, of interest is the change in the relative percent of misclassified patterns of
ones and twos. While appending new patterns to the training set the same number of each
type of pattern, either "One" or "Two" was input to the previously trained network for
classification, If the network had particular problems with either of the two patterns then
more of the images of that type would be added for training during the subsequent
iteration. Because of this, the next iteration of the network may have a greater or lesser
number of patterns of any particular type ( i.e. the numbers of "Ones" may not balance the
number of "Twos" ), Therefore, this paradigm leads to an automatic correcting of balance
in the subsequent network iterations. This phenomenon is particularly apparent between
iterations 8 and 9. In iteration & the percentage of misclassified "Twos"” is 4.0% and 5.5%
for "Ones."” Whereas, in iteration 9 the shift away from "Twos" is apparent, in this
iteration the percent of misclasssified "Twos" is 9.5% and 4.0% for "Ones." By iteration
11 the balance of 3.0% each is reached.

Figure 4.28 depicts how the relative number of "Twos"” and "Ones" changes in the training
set for the various iterations. During iteration 13 the number of misclassified patterns
increased. As shown by Figure 4.29 the number of patterns classified as "Unknown"
decreased during this iteration. The explanation for this is that the learning capabilities of
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the network have saturated with the training set of 349 patterns and theretore, the
network has divided its classification space into "Ones" and "Twos" with little space left
unclassified. Therefore. most of the patterns will be strongly classified either correctly or
incorrectly.
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Figure 4.28 - Relative percentage of "Ones” and "Twos" in training set

Figure 4.29 depicts the second source of error in the network, those patterns that were not
clearly classified as either "One" or "Two." Network developer uses a thresholding
algorithm to decide if the current outputs clearly identify a class or not. This algorithm is
based on a variable "Recognition Criteria." If the currently most active neuron's output is
greater than the "Recognition Criteria" and no other neuron's output is within twice the
"Recognition Criteria" then the classification is considered clearly defined. In any other
circumstance, the classification is questionable and the network is "unsure.” For instance,
the "Recognition Criteria" for all networks developed in this thesis was set at (1.6 so that
comparisons between networks could be drawn. Therefore, if the most active neuron's
output was 0.9 ( above the 0.6 value ) then the second most active neuron must have an
output less than -0.3 (i.e. 0.9 - 2%0.6 ).
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Figure 4.29 - Percentage of patterns of unknown classification against iterations of the
training set

The number (0.6 is harsh in this context in that images on the border are sometimes classed
as "Unknowns." However, it is considered less of an indemnity to have an "Unknown"
classification rather than an incorrect classification. If the class of an image is "Unknown"
there exists the possibility of further activity, minor positional changes and force changes
etc., which could result in the correct classification. Whereas, an incorrect classification is
likely to prompt some improper system action that is based on this input. Therefore,

iteration |1 or 12 of the network is considered to achieve the optimum performance for
this problem domain.
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Figure 4.30 - Percentage correct as a function of network iteration
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Figure 4.30 depicts the overall results of the training regime. The percentage of correctly
classified patterns ( vertical axis ) is graphed against the iteration ot the network
( horizontal axis ).

4.2.7 Nerwork States

Figures 4.31 and 4.32 depict the neuron states in the tirst and second network layers for
iteration 12. Each figure shows five different patterns of states each of which is typical of
those present for a recognized "One"” or "Two." All of the 85.5% correctly classified
patterns in the test set fall into one of these ten state categories or are minor deviations

from them. For instance, the first neuron in the hidden layer may be more or less active
etc.
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Figure 4.31 - Neuron states resulting in a classification of "One”
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Figure 4.32 - Neuron states resulting in a classification of "Two"

In isolation, these pattemns of states are difficult to interpret however, it is educational to compare
them to the pattems of states produced by misclassified pattems. Figure 4.33 presents states from
pattemns intended for classitication as "One" that were classified as "Two" in error. Figure 4.34
depicts the relationships for patterns intended for classification as "Two." To aid in correlation of
the refationships between these states and those of Figures 4.31 and 4.22, Table 4.01 was
developed. In this table the number of state differences between the miscast patterns and the
correetly classified pattems is shown. A state difference occurs when a neuron is in the opposite
state for the state pattern in question to that of the state pattemn to which it is compared and only
for the {irst hidden layer. On occasion, the neuron is "Gray" that is, somewhere between the two
states and therefore, this is indicated as a possible ( e.g., 2/3 indicates that there are two or three
state differences between the state pattems in comparison and therefore, one siate is Gray ). Each
of the four misclassified state pattems is compared to the ten pattems of Figures 4.31 and 4.32.
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Figure 4.33 - Neuron states for pattemns that should have been classified as one but
were not.
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Cormrectly Classified | Oneii | One.it | One.iii | One.iv | One.v | Twod | Two.il | Twoldi | Twod | Twouv
Pattern i v

Misclassified Pattern

One.t 3 4 2 3 2 0/1 1 3 3 3
One.ii 2 3 1 2 1 1 2 2 2 4
Two ! i1 4 5 3 /4 3/4 1 1 l
Two.ii 2 2 011 1 2 2 3/4 2/3 3 5

Table 4.01 - Comparison of states of correctly classified patterns
and incorrectly classified patterns

From the table apparently the incorrectly classified patterns have a single state change
from the states of their incorrect classifications. However, in some cases there is also a
single state change from the correct classification, suggesting that this particular set of
states is on the borderline for that class. To appreciate the lack of apparent correlation
between the states of the hidden layer neurons and the tactile images to which they relate,
Figures 4.35 and 4.36 are presented. Figure 4.35 depicts the image misclassified as "Two"
from figure 4.33.i. Figure 4.36 depicts an image correctly classified as "Two." There is no
apparent correlation between the two images however, both give rise to virtually identical
neuron states in the hidden layers ( reference figure 4.32.i ). The difference is only
apparent in the eighth neuron where for the misclassified pattern this neuron is
"uncertain” and therefore gray.

%

KD
- :%% )
()
0

o
000
560
50
e
50
A
5
o

% ,
04
%

\/

B e M Nt e %‘
i e Bl el e
D e

A
%%
X
B
()
5

S

50
SO
X%

Figure 4.35 - Pattern misclassified as “Two"
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Figure 4.36 - Pattern correctly classified as "Two"

4.2.8 Results Outside Problem Domuain

For this network the evaiuation of results outside the problem domain are relatively
straight forward. The original intent of the network was to recognize the difference
between one and two finger presses. Therefore, if more than two finger presses are applied
or less than one finger press the response of the network should be educational. Figure
4.37 depicts the results of this evaluation versus the network iteration for the cuse where
no fingers are pressed on the pad. For most cases the result is "One” as expected.
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Figure 4.37 - Results of no finger presses versus network iteration
Figure 4.38 depicts the results of applying a test set of 10 images all with three finger

presses. As expected for most of the cases, three finger presses were interpreted as two
finger presses.
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Figure 4.38 - Results of Three finger presses on the pad

4.2.9 Summary

This section has addressed the results of the development of the "One-Two" net. A
network designed to determine if one or two fingers ure impressing the tactile sensor. The
most effective network was successfully capable of classifying 85.5% of all patterns within
the problem domain when evaluated against an independent test set of 200 patterns with a
"Recognition Criteria" set at 0.6.
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4.3 Big Block Net
4.3 1Rackeround

The Big-Block net was designed to test the neural network's ability to recognize complex
shapes in several orientations. The ubility to group several distinct patterns into the same
class is important in several types of problems where meta classes are required. Abstract
concepts such as “"circle," "square” ete. are examples of types of classitication problems
where many distinct patterns may be grouped into a single class. In terms of neural
networks, the members of the class should form distinct clusters in hyperspace and
therefore, the number of neurons required in the second hidden layer should be relatively
large. Figure 4.39 depicts the idea of "circle” as represented by several subclasses of
inuiges.
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Figure 4.39 - A number of patterns each depicting the concept "circle”
4.3.2 Problem Statement

The "Big-Blocks"” problem is a problem of recognition of four embossed letters on
wooden blocks. Two large wooden blocks with two letters on each, are used for training
and testing of this network. Each letter is approximately the size of the sensor

( 2.5¢m x 2.5¢m ) and is raised from the surface of the block by ! to 2 millimeters. To
show the network's ability to "group” several distinct patterns into meta classes, the
letters were aligned to all four axises of the tactile sensor and therefore, a single letter
should be identified in any of the four positious. The letters used both in training and
recalls were: T, H, U and G. No position or force control was utilized in the training or
subsequent testing of the network and therefore, the problem is unconstrained and deemed
to represent a practical image recognition scenario. Figure 4.40 depicts the 16 possible
pattern torms ( i.e. 4 letters times 4 orientations ).
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Figure 4.40 - Input pattern configurations

The problem is to detect which letter is applied to the sensor in any of the four rotutions.
This determination should be independent of the total force applied uand also independent
of positional translations along vectors parallel to the sides of the sensor surface.
Rotations of the patterns by multiples of 90 degrees as depicted in Figure 4.40) ure
allowed. Rotations by any other amount are outside the problem domain. Figures 4.41
through 4.44 depict examples of the tactile images collected from the blocks. It should be
noted that these particular images are relatively noise free in comparison to most of the
samples and hence, do not represent the norm for this problem.
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Figure 4.41 - example of "T"

Figure 4.42 - example of "H"

Figure 4.43 - example of "U"
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Figure 4.44 - example "(;"

4.3.3 Network Development

The network is developed by appiication of the concepts outlined in chapter 3. The
number of inputs to the network is fixed to equal the number of force sensitive points on

- the tactile sensor (i.e. 16 x 16 =256 ). The number of outputs is set to be equal to four: a
neuron to indicate each of the four letter types. The number of neurons in the second layer
is found from the number of clusters that as a minimum, are equal to the number of
outputs, or four. Although the probable upper bound on this number was sixteen, four
letters times four rotations, there is no guarantee that this many are required. Therefore, in
keeping with the philosophy of minimization of neuron numbers the geometric mean of the
minimum of four and the maximum of sixteen was chosen, eight. The number of clusters
is eight and therefore, the number of layer 2 neurons is eight and layer 1 neurons is 3
( from Equation 3.07 ). The initial network topology is built around these values and an
initial training set is then selected.

4.3.4 Training Set Selection

The selection of the training set is a heuristic process and is dependent on the problem
domain. As described in chapter 3, it is desirable to choose boundary samples to correctly
define the classification regions. However, no a priori knowledge of the boundary
locations exists and therefore, the initial set is chosen in general position. This set should
represent the domain of the problem and therefore, patterns should be selected to
represent the types of abstractions that are desirable by the network. In addition, any
obvious correlation's to unwanted abstractions should be avoided. For the example of the
"Big-Block" net Figure 4.45 depicts these abstractions.

Page ¥8



11
I

H

HEHRE

TIHHAIET

13
e
1
1
Tt

1o 1s
1
b

—

ITITTT

+a 801

T

T

TITEILITT

TR

=
4

xxxxx

TII
b ey
1

T

1T

TIIT

[asanasusnnums
|esnmnynananse;

;

T

T
1

Tt

Ierra kO SSEIRSN

ITICITET Y

d 1

Figure 4.45 - Examples of Big-Block net abstractions

Patterns a,b,c and d depict examples of the rotation independence abstraction. All four
alignments relative to the tactile sensor are elements of the problem domain and therefore,
all four types should be present in the initial training set.

Patterns of types e,f,g and h should also be included to train the network to learn the
concept of positional independence. Since the control of the centering of the image with
respect to the sensor is not under strict control, the training images should be distributed
throughout the surface of the tactile sensor to avoid the problem of classification by
position.

Beyond positional parameters, images i, j, k and | demonstrate another type of property
required for this type of image recognition, that of, missing information. Two factors can
cause the letters to be partially complete or have excess pressure points: uneven pressure
on the sensor and noise. If the pressure on the sensor is not even then, parts of the image
may be distorted or absent. If noise is present, extra information unrelated to the pattern
may confuse the recognition engine, especially together with incomplete pattern
information. To define these boundaries, it is required that incomplete and noisy patterns
be present in the training set as they represent the true boundaries between classes.
Gathering these types of patterns is usually not a problem as noisy incomplete patterns
represent the natural tendency in any case. The more difficult problem is to eliminate
images so corrupted by noise that they cross the intended boundaries between classes.
Inclusion of these types can cause the network to produce badly defined boundaries or not
to converge at all. Pattern k is an exampie of an H that is close to the borderline in the
sense that it is more like a U. Elimination of corrupted patterns is a trainer action based on
the visible evidence of the pattern in question.
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Numnber of Hewons

Patterns m, n, o and p display the final requirement for this network, the ability o
recognize minor rotations from the primary patiern locations. The inclusion of these
patterss in the training set is again axjomatic with the procedure utilized in acquisition.

The initial training set was chosen to be equal to 16 images. This is the minimum training
set that includes all four letters in all four rotations.

4.3.5 Building the Network

The procedure for achieving the initial convergence of the network is similar to that used
for the One-Two net as outlined in section 4.2. However, unlike the One-Two net the
number of neurons in both the first and second hidden layers varied throughout the
subsequent development of the network. Following this initial development phase, images
were added to the training set through the iterative procedure described in chapter 3. The
number of images in the training set grew to 255 images by iteration 18. Figure 4.46
depicts the variations in the number of neurons in each of the two hidden layers against the
iterations of the training set. The fractional iterations are variations in the number of
neurons for the initial development and therefore, the same set of training data is
employed within each fractional iteration.
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Figure 4.46 - Variations in number of neurons graphed against iterations of network
development

The criterion for termination of the development cycle was derived from application of a
120-image test set. If the test set showed that the network was no longer improving in
recognition ability then no more iterations were performed. Figure 4.47 shows how many
patterns were used to train the network at each stage. During the development it was
sometimes necessary to delete patterns from the pattern set as the hyper polygon positions
become redefined. In essence some patterns are sufficiently corrupted by noise that they
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cross the threshold between classification regions. In the previous training sets, these
patterns may be used to define the boundaries to include themselves, as later examples
become available the boundaries may shift towards their correct positions.

Number of Patterns in Training Set
¥n ~‘—

W g /.__--'—-—.

lteranion of Network Development

Figure 4.47 - Number of training patterns in iterations of the Big-Block net

4.3.0 Results

Figures 4.48 through 4.50 depict the results of the training regime when the iterations of
the network are assessed using the one hundred and twenty test images.
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Figure 4.48 - Percentage of misclassified patterns against iterations of the training set

In Figure 4.48 the percentage of misclassified patterns (those classed as one of the other
types ) is graphed against the development iteration. The indication for "%H" implies that
these patterns were intended to be classed as H but were misclassified as another pattern
in error, similar logic applies to the other classes ot patterns. The iterative training scheme
successfully ransformed the 28.1% misclassifications from the original training set to
1.56% misclasifications with the sixteenth set. However, at this point the number of
"Unknown" patterns were excessive ( see Figure 4.49 ) and therefore, iteration 17 is
considered to give the best overall results.

Figure 4.49 depicts the second source of error in the network, those patterns that were not

clearly classified as either T, H, U or G. In any other circumstance the classification is
questionable and the network is unsure.
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Figure 4.49 - Percentage of patterns of unknown classification against iterations of the
training set
Figure 4.50 depicts the percent of correctly classified patterns against the iterations of the
network for each stage of development.
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Figure 4.50 - Percent of patterns classified correctly graphed against the iterations of the
training set
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4.3.7 Nenwork States

Figures 4.51 through 4.54 depict the neuron states in the firstand second network layers
for iteration 17. All of the Y0% correctly classified patterns in the test set tall into one of
these state categories or are minor deviations from them,
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Figure 4.51 - Neuron states resulting in a classification of "T™
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Figure 4.52 - Neuron states resulting in a classification of "H"
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Figure 4.53 - Neuron states resulting in a classification of "U"
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Figure 4.54 - Neuron states resulting in a classification of "G"

As shown by the Figures, the letter T excites the network into one of two states, H into
one of four states, U into one of three states and "G" into one of three states. For this
network, it is useful to compare the states of the neural network compared to the various
rotations of the patterns. Figure 4.55 graphs the various states of the network (as
indicated from figure 4.51 to figures 4.54) each state is shown as the pattern type that
prompts it followed by a period and a number to indicate which of the states in the set are
excited. For example G.1 means the first state prompted by G (labeled i in figure 4.54).
Several relationships are apparent from this graph: The letter T has some degree of
vertical symmetry and uses the same classes for rotations of 0 and 180 degrees and
rotations of 90 and 270 degrees, state T.2 appears in rotations 0 and 180 whereas T. 1
appears in rotations 90 and 270. This last relationship is surprisingly not apparent for the
letter H though it has a much higher degree of vertical symmetry than T. In addition, no
distinct relationships are apparent between rotation and utilized states for H. In fact state
H.1 appears in ail four rotations. For U, rotation 0 uses only state U.1 and rotation 270
uses only state U.2. Both 180 and 90 degree rotations use two states. G has the interesting
relationship that all three rotations 0, 180 and 270 share the same state G.1 whereas, the
remaining two states G.2 and G.3 are used for the single 90 degree rotation. For this
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network the classification performance for G was poor for the 270 degree rotation where
it was trequently misclassified as U.

nput Inoges uny Given State
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Figure 4.55 - Graph of rotations versus states

Figures 4.56 and 4.57 compare two instances of the letter G in this rotation. What is
intriguing about this example is that there is very little apparent difference between the

two patterns and yet one was miscast as U whereas the other was correctly identified as
G.

Figure 4.56 - “G" Pattern misclassified as "U"

Page 96



Figure 4.57 - "G" Pattern correctly classified as "G"

4.3.8 Results Owside Problem Domain

The original intent of the network was to recognize the difference between four letters in
varying rotations, each Y0 degrees apart and aligned with the sides of the tactile sensor.
‘Therefore, rotations of angles of 60, 45, 15 etc. degrees are outside the problem domain
and the response of the network to them should be of interest. A test set of images at
rotations 45, 135, 225 and 315 degrees were prepared and the response of the network
recorded. Four images for each letter at each rotation were used.
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Figure 4.58 - Results of applying rotations outside problem domain

From the figure, there is some apparent correlation between the desired patterns and the

classes determined by the network. However, only in the case of U is this correlation

significant. Figure 4.59 depicts the total correct classifications versus desired types.
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Figure 4.59 - Percent correct classifications by input patiern type
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4.4.9 Summuary

This section has addressed the results of the "Big Block” net. A network developed that
decides if any of the four embossed letters T, H, U or (s are impressing the tactile sensor.
The most effective network was successfully capable of classifying 90.0¢% of all patterns
within the problem domain, when evaluated against an independent test set of 120
patterns.
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4.4 Small Block Net
4+4.1 Buckground

The Small-Block net was designed to test the neural network's ability to distinguish many
complex shapes with small features. Since, the tactile sensor produces images with i low
signal to noise ratio the small features of the small wooden blocks can be highly corrupted
by noise and therefore. there is increased difficulty in distinguishing features. In addition,
with many classes of objects the probability of overlap of feature sets becomes more
pronounced and therefore, more of a problem for the recognition engine. Figure 4.60
depicts the relative difficulty in classification of small features versus large features
especially in the presence of noise.
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Figure 4.60 - Small and noisy patterns versus large noise free pattern discrimination

Patterns a and ¢ are scaled versions of each other as are b and d. From this example
apparently distinguishing pattern a from b is a more difficult problem than distinguishing ¢
from d.

4.4.2 Problem Statement

The "Small-Blocks" problem is a problem of recognition of eight embossed letters on
wooden blocks. Four small wooden blocks with two letters on each are used for training
and testing of this network. Each letter is approximately half the size of the sensor ( 1.25
cm x 1.25 cm ) and is raised from the surface of the block by approximately 1 millimeter.
The letters used both in training and recalls were: C, D, E, I, L, M, S and T. No position
or force control was utilized in the training or subsequent testing of the network and
therefore, the problem is unconstrained and deemed to represent 4 practical image
recognition scenario. Figure 4.61 depicts the 8 possible pattern configurations.
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Figure 4.63 - example of "D"
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Figure 4.64 - example of "E"

example "I"
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4.4.3 Nerwork Development

A network capable of solving this problem, is developed by application of the concepts
outlined in chapter 3. The number of inputs to the network is fixed to be equal to the
number of force sensitive points on the tactile sensor ( i.e. 16 x 16 =256 ). The number of
outputs is set to be equal to eight, a neuron to show each of the eight letter types. The
number of neurons in the second layer is determined from the number of clusters that as a
minimum is equal to the number of outputs or eight. The number of clusters is eight and
therefore, the number of layer 2 neurons is eight and layer | neurons is 3 ( from Equation
3.07 ). The initial network is built around these values and an initial training set is then
selected.

4.4.4 Training Set Selection

A training set for the Small-Block network is selected by the same criteria as that for the
Big-Block network. The abstractions for the Small-Block network are the same as those
for the Big-Block netwaork with the exception that rotations by multiples of Y0 degrees are
disallowed. Figure 4.45 depicts these abstractions where, patterns &, d, ¢ and d do not
apply to the Small-Blocks problem.

Patterns of types e,f,g and h should be included to train the network to learn the concept
of positional independence. Beyond the idea of positional parameters, images i, j, k and |
demonstrate the concept of missing information. To correctly define class boundaries it is
required that incomplete and noisy patterns be present in the training set as they represent
the true boundaries between classes. Patterns m, n, o and p display the final requirement

for this network, the ability to recognize minor rotations from the primary pattern
locations.

The initial training set was chosen to be equal to 32 images, four of euach type of fetter.
4.4.5 Building the Network

The procedure for achieving the initial convergence of the network is similar to that used
for the One-Two and Big-Blocks networks as outlined in section 4.2 and 4.3. Following
the initial development, images were added to the training set through the iterative
procedure described in chapter 3 and the number of images grew to 256 by iteration K.
Figure 4.70 depicts the variations of neurons in each of the two hidden layers against the
iterations of the training set.
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Figure 4.7(} - Variations in number of ncurons graphed against iterations of network

The criterion for determining the termination of the development phase was derived from
application of a 128-image test set. If the test set showed that the network was no longer
improving in recognition ability then no more iterations were performed. Figure 4.71
shows how many patterns were used to train each stage.
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Rercrtion of Network Development
Figure 4.71 - Number of training patterns in iterations of the Small-Block net
4.4.6 Results

Figures 4.72 through 4.74 depict the results of the training regime when the iterations of
the network ire assessed using the one hundred and twenty-cight test images.
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Figure 4.72 - Percentage of misclassified patterns against iterations of the training set
In Figure 4.72 the percentage of misclassified patterns (those classed as an other type ) is
graphed against the development iteration. The iterative training scheme successtully
transformed the 34% misclassifications from the original training set to 4.0%
misclasifications with the sixth iteration. This iteration achieved the best overall results and
is therefore, used in all further general discussions of this network.

Figure 4.73 depicts the percentage of classifications where the network is unsure of the
category for a particular image.
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Figure 4.73 - Percentage of patterns of unknown classification against iterations of the
training set
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Figure 4.74 depicts the percent of correctly classified patterns against the iterations of the
network at each stage of development.
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Figure 4.74 - Percent of patterns classified correctly graphed against the iterations of the
training set

Although, the results for this network appear excellent, further random tests proved
somewhat inconsistent for this particular network. This lack of consistency is perhaps
attributable to the high distortion of the smaller images with noise. The affects of noise are
more apparent for these images than with the large patterns used in the Big-Blocks
problem, which produce clean tactile images. Sources of this noise are: Electromagnetic in
the analog part of the interface; thermal, in the Force Sensitive Resistance's and cross talk,

in the sensor,

4.4.7 Network States

Figures 4.75 through 4.82 depict the neuron states in the first and second network layers
for iteration 6. All of the 90% correctly classified patterns in the test set fall into one of
these state categories or are minor deviations from them.
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Figure 4.76 - Neuron states resulting in a classification of "D*
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Figure 4.77 - Neuron states resulting in a classification of "E"
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Figure 4.79 - Neuron states resulting in a classification of "L"
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Figure 4.80 - Neuron states resulting in a classification of "M"
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Figure 4.82 - Neuron states resulting in a classification of "I

As shown by the Figures, most of the letters only excite a single state. Even in the case of
"S" where three states are indicated, the similurity among the three is apparent. The
probable cause of this simplicity is in the single orientation and scale of the input images.
The network is required only to ignore random noise and position within the sensor
surface.

4.4 .8 Results Outside Problem Domain

The original intent of the network was to recognize the difference between eight letters
with small features. Therefore, the only variables were random pressure, position of image
and noise. One problem outside the domain of this network not previously explored is in
the scaling of the letters. To this end the letter “T" common to both the large and small
letter sets is used in the following tests. Twenty impressions of the large block were taken
in the same orientation as that of the small block "1." All twenty impressions were input to
iterations of the network 6, 7 and 8 with the accumulated results graphed in Figure 4.%3,
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Figure 4.83 - Recognition of sixty patterns consisting of large "T"s

Apparently the large “T" primarily produced responses of "Unsure™ from the network. In
addition, of the twenty-four patterns classified as known only four were classified as T.
Since, there are eight possible letters, statistically 24 / 8 or three should be classified as T
assuming random selection with equal probability. Therefore, the recognition of four Ts is
not considered statistically significant. From this example, apparently scaling is not a
function inherent in the neural network paradigm but that this property must be learned
from the appropriate examples.

4.4.9 Summary

This section has addressed the results obtained from the "Small-Block” net. A network
developed that learns if any of the eight embossed letters C, D, E, I, L, M, S and T are
unpressing the tactile sensor, The most effective network was successfully capabie of
classifying 90.0% of all patterns within the problem domain, when evaluated against an
independent test set of 128 patterns. However, the results for this network can be

inconsistent. This is probably atributable to the noisy images produced with blocks of
such small features.
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4.5 Lines Net

4.5.1 Background

The Lines net was designed to test the neural networks ability to extract primitive features
and srientations of those features. The following of object edges by automata is a problem
encountered in many robotic systems. Frequently. this problem is managed using visual
sensors and a tracking algorithm based on image processing techniques. In the case of the
tactile sensor, image processing technigues can also be applied to the problem | MathY3i].
However, these techniques can be either augmented by or replaced by, the neural network
should this paradigm prove to have superior performance {Math93ii]. The primary ideas
involved are in deciding the angle 4 straight edge impressed on the sensor surtace, makes
with respect to the sensor edge. An automata could then choose the next position of ity
manipulator based on this angle and the point of intercept of the straight edge with the
sensor sides. This problem requires the use of two neural networks: one for the
determination of the intercept point and one for the angle of the edge relative 1o the sides
of the sensor. It is the former network that was generated and tested for this exampie, the
one that provides determination of the angle, as it is deemed to represent the more
stringent and difficult problem. Figure 4.84 depicts the idea of "angle" as represented by
several subclasses of images where, the angle is relative to a single arbitrary axis of the
$ensor.

Pasetetasniusens
NI,

Figure 4.84 - Straight Edges in various orientations
4.5.2 Problem Statement
The "lines" problem is a problem of determining the angle of the captured image of a
straight edge relative to an axis of the tactile sensor. The network is trained to recognize
the orientation at one of eight possible angles. 90, 67.5, 45, 22.5, 0, -22.5, -45 and -67.5
degrees as depicted in Figure 4.84. This set is complete in the sense that all possible
orientations of interval 22.5 degrees are included ( assuming () is an angle included as the
starting point ). The noisy nature of the tactile patterns makes finding of the angles to finer
resolutions than 22.5 degrees extremely difficult. However, this angular resolution is
deemed sufficient for most practical problems where feedback to correct errors may be
employed. A straight edge of width of 1 to 2 mm is used to gather datum for this problem.,
Figure 4.85 through 4.92 depict examples of the tactile images collected from the straight
edge in question. These images are typical of those obtained for this problem domain.
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Figure 4.92 - example "-67.5"
4.5.3 Network Development

The network is developed by application of the ideas outlined in chapter 3. The number of
inputs to the network is fixed to be equal to the number of points on the tactile sensor (
i.e. 16 x 16 =256 ). The number of outputs is set to be equal to nine: a neuron to indicate
each of the orientations and an additional neuron trained to recognize examples of non-
linearities ( i.e. any image that does not represent a straight edge ). This neuron was added
in an effort to develop a network that could decide both if a straight edge was present in
the tactile data or not. Its output of "None" is stimulated if no straight edge is present. The
addition of this neuron proved to be an unsuccessful approach to the problem. Therefore,

the addition of additional training examples for this neuron was abandoned in later
iterations of the network.

The number of neurons in the second layer is found from the number of clusters that as a
minimum is equal to the number of outputs or nine. The number of clusters is nine and
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therefore, the number of layer 2 neurons is nine and layer 1 neurons is 3 ( from equation
3.07 ). The initial network is built around these values and an initial training set is then
selected.

4.5.4 Training Set Selection

As described in chapter 3, it is desirable to choose boundary samples to correctly define
the classification regions. In addition several abstractions are required. Figure 4.93 depicts
the concept of intercept independence, here a translation perpendicular to the axis of
orientation is deemed to be classified into identical categories. In the figure several
examples of orientation 90 and () degrees are illustrated.
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Figure 4.93 - Illustration of translation independence

Figure 4,94 depicts the second abstraction required of the network, that of missing and
noisy information,

Figure 4.94 - Incomplete information in images

Examples of these abstract ideas are included within the images chosen for the initial
training set. This initial raining set was chosen to be equal to 30 images.
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4.5.5 Building the Network

The procedure for achieving the initial convergence of the network is similar to that used
for the One-Two net as outlined in section 4.2, Figure +.95 depicts the variations of
neurons in each of the two hidden layers against the iterations of the training set.
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Figure 4.95 - Variations in number of neurons graphed against iterations of network
development
The test set size for this network consisted of 100 images. Figure 4.96 shows how many

patterns were used in training at each stage of network evolution. Development of this
network proceeded similarly as that for previously described networks.

Humber of Paiierns n Tranng Se

T T

T T

500 T

*1 e

e+ /
00 +

ok —

Reration of Metwors Develapired

Figure 4.96 - Number of training patterns in iterations of the Lines net
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4.5.6 Results

Figures 4.97 through 4.99 depict the results of the training regime when the iterations of
the network are assessed using the one hundred test images. For this network a "Score"
criterion was adopted for assessment purposes. The reasoning is as follows: the lines
network is designed to detect the varying angles of intersection of straight edges relative
to the tactile sensor. It is apparent that a deviation of one interval of classification (i.e.
22.5 degrees ) is less of an error than greater intervals. Therefore, a rating system was
developed by which no error in classification gained a score of 100%, an error of one
interval ( 22.5 degrees ) was considered to score 50% an error of two intervals 25%.
More than two intervals gained scores reduced by half for every additional interval. Using
this criterion, the results depicted in Figure 4.97 are derived.
Figure 4.97 - Network "Score" against iterations of the training set

The iterative training scheme successfully transformed the 15% "Score” from the original
training set to 75% misclasifications with iteration 11.3 of the network, trained with the

1 1th jteration of input data.
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Figure 4,98 illustrates the variation is the percentage of unknown patterns versus iterations
of the network.

Page 119



Parcentoge Unknown Paftermns
00 -
80 00%
70 0%
H00T%
£000%
40 00%
3000%

20.00%

10.00%

0.00%

Lines 0
Linea 2.3
Lines 3
Linea §
Lires 50
Lines 6.2
Lirea 2.0

esd

s 4
Lirex10.0
Lirec 112
Lnes 113
Lies.11.4

Heration ot Natwork Devalopment

Figure 4.98 - Percentage of patterns of unknown classification against iterations of the
training set

For this network it is enlightening to examine the variation in the number of patterns
classified correctly, with an error of one angular interval and with an error of two or more
angular intervals, as a function of the iteration of the network. Figure 4.99 depicts this
relationship. As shown by the figure, the early iterations of the network tended to
misclassify more often than later iterations. In general, only a small percentage of patterns
are misclassified by an adjacent rotation and an even smaller percentage are misclassified
by more than one.
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Figure 4.99 - Percentage of classifications that are correct, off by one or off by more than
one.
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[t was decided that the reason for the high percentage of unknown patterns was intrinsic
to the nature of this problem. In essence, the orientation problem is a continuous spectrum
of alternatives rather than a discrete pattern classification problem. Therefore, it is possible
that a line orientation between two of the standard orientations may be classified as either
or both ( i.e. an orientation of 15 degrees may be classed as both 0 and 22,5 ). Due to this
fact, often two neurons become relatively active during the classification testing. The
solution to this ambiguity is to "weaken" the aforementioned recognition criterion from
(0.6 to 0.1. Results for the 11.3 network iteration were reevaluated against this new criteria
and a new score for the network catculated using the standard test patterns. The overall
score for the network increased from 75% to 85%, in addition no significant increase of
misclassifications of more than one angular interval was observed. The comparative results
of the experiment are graphed in Figure 4.100.

Resulls of Decreasing recognltion criteria to 0.1

Score by image Type

—— Roc =006

—O— Rec =0

0 t : | ; : ;

1

%0 675 45 225 0 225 -45 67.5

Input Image Type
Figure 4.100 - Result of decreasing the convergence criteria to 0.1

4.5.7 Network States

Due to the large number of neurons in the final topology of the network the number of
possible states for any given class was excessive. Therefore, no conclusions could be
drawn from visual inspection of these states and they are not included in this section.

4.5.8 Results Outside Problem Domain

The original intent of the network was to recognize the difference between straight edges
in varying rotations each 22.5 degrees apart as aligned with the sides of the tactile sensor.
Therefore, the detection of the approximate angles of curved surfaces is outside the
problem domain. The use of curved lines is considered a propo as the traditioral pattern
recognition and image classification approaches to the problem do not lend themselves
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well to curved lines. Consequently two test sets were accumulated. the first consisted of
lines taken from a curved edge with diameter 6 cm and the second from an edge of
diameter 8 cm. In both cases, the angle with respect to the tactile sensor was assessed to
be between the two points of intersection with the sensor periphery.

To test the capability of curved edge recognition, 40 patterns were accumulated tor each
of the 6 cm and 8 ¢m examples. This represented five patterns from each ot the rotational
possibilities. Figure 4.101 depicts an example from the set of 6 cm images whereas, Figure
4,102 depicts an example from the ¥ cm set.

Figure 4.102 - Example of 8 cm diameter line

The test sets were assessed using network 11.3 and the standard recognition criteria of
0.6, the results are graphed in Figure 4.103 . From this graph it is apparent that the
network has learned to classify angles in the general sense although no specific examples
of curved lines were included within the training set. From these results apparently
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development of a network capable of detecting the angular orientation of general curved
lines should be possible.
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Figure 4.103 - Results of application of the "lines” network to curved lines

Beyond the score for the curved lines it is interesting that the distribution of classifications
that are correct, off by one or off by two are different from that of the straight lines. For
the curved lines, greater deviations from the nominal classifications are observed, as
depicted by Figure 4.104. A possible explanation for this phenomenon is that the curved
lines represent combinations of the trained images and therefore, the classifications made
by the network are correlation’s to multiple types.
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Figure 4.104 - Distribution of classified patterns for 6 cm and 8 ¢cm curved lines.
4.5.9 Summary

This section has addressed the results gathered during the development of the "Lines" net.
A network designed to find the relative orientation of straight edges captured by the tactile
sensor. The most effective network was capable of scoring 75% using the standard
recognition criteria of 0.6. However, when the recognition criterion was reduced to a
value more appropriate for the problem, 0.1, a score of 85% was achieved.
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Chapter 5
Conclusions and Recommendations for Further Work

5.1 Conclusions

The Backpropagation Neural Network has proven itself as a tlexible and efficient
paradigm for the classification of high resolution tactile images produced by a
displacement sensitive tactile sensor, The tlexibility of the solution is considered
demonstrated by the exhibition that several fundamentally different pattern recognition
problems can be solved utilizing the same software and hardware structures. In particular,
the solutions differ only in parametric changes to the connections between neurons and the
number of neurons in any given layer. The universality of the technique is further shown
by using a universal training regime for all the generated networks. In addition, the use of
an iterative approach to learning proved extremely successtul. Networks were presented
with an initial training set that was randomly selected from the set of all possible input
patterns. After categorizing this initial set, additional images not correctly identified by the
network were appended and the network retrained. After several iterations of this
procedure the number of correctly identified patterns ( against a previously unseen test

~ set) increased dramatically. The results of this training regime as applied to the
experimental networks of chapter 4, was that between 85% and 90% of the test patterns
were correctly identified. From the excellence of these results, it is demonstrated that the
neural network may be used as a pre-processor for 4 machine perception system,

identifying features of both high and low complexity for use by a higher level of multi-
sensor data fusion.

The results of chapter 4 clearly demonstrated the following advancements in the field of
tactile sensor applications: pattern recognition of actual not simulated tactile data is
possible through the use of neural networks and the applications of neural networks to
nonlinear tactile data is not limited to the inverse elastic overlay problem but may be
applied to the total pattern recognition problem. In addition, a learning regime for Back
propagation neural networks involving an iterative pattern acquisition process proved
successful in developing neural networks capable of classifying tactile images with a high
degree of certainty.

5.2 Recommendations for Further Work

It has been suggested that the neural network be used as a low level feature / pattern
recognition and classification engine. Several areas for future work are evident.
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i} Increase the recognition rate of the network through use of multiple image
acquisitions.

i) The use of several neural nets in parallel to recognize more varieties of features.
iii) The use of neural networks as part of a larger pattern recognition engine.

iv) The use of i) and iii) in conjunction with other machine sensors to produce an
integrated approach to machine perception.

Although, the neural network has displayed good pattern classification abilities,
occasionally patterns that intuitively should have been recognized were not. However,
subtle variations of those patterns were correctly identified. To increase the probability of
correct classification, tactile sensors connected to robot manipulators could gather many
images in minor orientation and force variations. The various outputs of the network
vould then be assessed statistically to determine the overall classification of the current
image.

The use of several neural networks operating in parallel extends the range of recognition
ability, is an obvious corollary to the current work. Rather than attempt to design a
network capable of classification of the entire gamut of features and patterns that may be
required for a practical system, it is expedient to design several networks operating in
parallel. This type of operational concept would reduce the total training time and produce
more predictable results than the single large homogeneous network paradigm. The use of
several networks in parallel requires the property of mutual exclusivity. By which, each
network contains a neuron indicating that none of the type of features that it is designed to
recognize are present. To achieve this goal, the following regime is suggested:

i) Determine the optimum networks for the specific sets of features as in chapter 4.
i} Add a neuron to the output of each network indicating non-recognition.

ii1) Add to the training images for each network the training images for all other
networks und set the desired output for each of these images to "None"

iv) Retrain all the networks with the appended patterns.

Following this regime will produce networks with mutually exclusive outputs. However, it
should be noted, that the final phase of retraining all the nets and testing the results may
prove time consuming.

The second corollary to this work is the use of the network in a larger pattern recognition
engine. The use of several networks as described in the previous paragraph may also be
utilized in this context. Here a neural network or set of neural networks may be used to
recognize features and patterns in the physical space constraints of the single tactile
sensor, Several images displaced in space and/or time may be input to a machine for
classification. An instance of this would be to use a syntactic approach for the recognition
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of "words" embossed on surfaces. An extended version of the "Big Block” network
described by chapter 4, may be used to recognize a single letter. The tactile sensor is then
positioned on the next letter and that letter is in sequence identified. The letters could
then be recognized using a syntactic approach to decide which letters exist beside which
others and the nuinber of spaces between words to allow recognition of individual words
and phrases. This type of technique could be extended to more general cases. In addition
the possibility for recognition of time varying sequence of images presents itself. This may
be the case where a static manipulator is attempting to recognize images in an assembly
line environment.
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Appendix A

This Appendix supplies a partial listing for the program "Network Developer”. A full
listing would occupy numerous pages and therefore, for the sake of brevity is not
included. The eliminated code fragments are primarily "Windows" specific and do not add
to the overall program comprehension. The code specific to the neuron fearning and recall
is included in its endrety. This program allows a user to: design, display, store, input
patterns for learning, change learning parameters, initiate learning and provides interactive
tools for the development of Backpropagation Neural Networks.

NEURAL.H (Partial Listing)

/f This file contawnes the neurab.H header informatien for netwark develaper, This version
// has a large protion of the code eliminated for brevaty. The missing oeces are indicitted by #4444t 44ttt e eb v+

! Function Prototypes that manage windows
L s L L L L L L S X

# Function Prototypes that intialize windows
Ltk - Dot o o0 b b b b bl n L

# Functions that manage the network
O L e T L L o SR A

#/ Functions that manage pattems,
e e e

41 Utility Functions for windows maintenance
B a2 LR e T

{f Deftnes for windows retum constants
L L e LR A

i Defines for Colours

B s o S

{1 User Message Types
e N e e e L S S LR B S

1 Child Window Defines
T o e A A S R

J/ Functions that are used while leaming
float sigmoid ( float );

loat del_sigmoid ( float );

void caleulate_output { L, int );

BOOL calculate_output_errors { int, int );
void backpropagate_emors ( int &

vond modify_weights (int, int )

unsigned int leam ( 1

void ModifyColours (int );

nt CaleulatePercentComeat ()

B e e L

i This section contans classes for the network,
B Al s o ot 8 R S T

/i Typedefs for neuron and layer management
typedef struct |

int Numberlterations;

int Percentagel omrect;

char far *DesiredPantem;

char far * AcrualPastemn;

} Child_Param_Type;

typedzf struct |

float weight [MAX_WEIGHTS+!|;
float delta [MAX_WEIGHTS+1];
float x1 [MAX_WEIGHTS);

float x2 [MAX_WEIGHTS]:

float y| [MAX_WEIGHTS);

fcat v2 IMAX_WEIGHTS|:

int k| MAX_WEIGHTS|:

BOOL visible:

BOOL selected:
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1lout sem:

Toat sutput:
{loat erents

L neufon _type

typedel struct |

L UM,

ng npuls;

136300, connect;

HANILE hiNcurn [MAX _NEFRONS|
1O, DisplayedAsStatus [MAXK_NETURONS],
nt xolf;

nt yerlf;

it 2[MAX_NEURONST {f x and v aue the neurms screen position
it ViMAX_NEURONS);

lang colen{ MAX _NETRONS];

| bedden _type:

typedef struct |

it munher,

il slatus,

} patem_status_lype;

typedef struct {

Noat vatue [ MAX _NEURONS|;

char Pattem Type[LENGTH_OF_STRING);
| uiput_pattem_type;

typredel struct |
char Type| LENGTH_OF_STRING];
| pattem_stnng;

typedel stract [

int number;

it [menstons;

HANDLL hitattem| MAX_PATTERNSY;
BOOL visible;

mi xoff;

nt ylf:

it  fMAX _WEIGHTS);

nl v[MAX_WEIGHTS|:

long colour| MAX_WEIGHTSI;
| ipant_type

pvpedet st |

il mpher;

it SecondDun:

HOOL. connect;

HANDLE hPattemiMAX _PATTERNS);
BOOL visible,

ROOL, vasdilf;

u xulf;

mt yotf:

it 5| MAX_NEURONS];

nt yIMAX_NEURONSL

pattem_sting Pattem| MAX_NEURONS];
long coloor] MAX_NEURONS];

long coldill[MAX_NEURONSE

§ wutput_type;

A Functions that draw in windows
A LA S LS L E L L LR LS LRl Lt

 Windows vanahles

B b T e



Jf tilubal Network Data

HOOL net_converged, edit_mode, net_minalized, Monochrome:
BOOL leam_mode, show _mode, Looping, Pant_Loop:

it mu_layers, num_pattems, NextPaintPattem:
hidden_type netwotk{ MAX_LAYERS]:
npUL_type nput:

vutput_type nutput;

b ot b oo o b o b e

NEURAL.CPP (Partial Listing)

/f This File contains the source code for the windows application

{f Newwork Developer. This application works with the Microsalt

{f Windows operating system to allow a usei 1o butld and tram a

{ Neural Network using the back propagation algonthm.

/i This version of the File represents only the cone progam routines,

/1 the majonty of the iser Interface has been stapped out to facihitase

/1 a compact lisung. Missing ¢Code Pragments are mdicated by ++++rrrrrrrssrrsrtreseres

int PASCAL WinMaint HANDLE hinstancs, H current program nsance
HANDLE hi'revinstance, /f previous program mstance
LPSTR IpCmdLine, % command line stnng
wint'mdShow )/ ean of window appearuice

|

oo b e o oo o o bbb b

/I Call window registmtion rouline

O B i o o o o S SR S

H Create new instance of a window

e o D e S L D aee e Y

# Message loop where Windows sends messages for mpt : o Mau Window

i Set up a timer for use duning Leam mode so that the leaming

i will restart if the user does not access the keyboand or the mouse.

B e e s mp s T e

1

/! The next procedure is used (o perfarm the pnmary message processing for

i ail windows funcuons, Commands from the menu and other messages are
i all passed from the man funcuon to Uus prcedure where they are acted
1 upon.

tong FAR PASCAL _export Windowlroceduret HWND hwnd.unsigned msg, WORD witarmm LONG 1Param)

reretrtr nabad bl b b Bl *

i This routine mamtans the niun window looking (ter messages and
) processing them as appruprate
swatch(msg)

|

J11f the window s first ereated then some initializabion must nccur
case WM_CREATE:

bbb bbb b bbb bbb bbb

break;
i The WM_CLOSE message is used to ndicate that the window 15 absut
1! to close and therefore, it is time to ask if the user wishes o
i save the final changes to the network.

case WM_CLOSE:
|

e et DT T TRy

}
break;

B e R e S e T
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i ‘The WM_COMMANID message 18 fmim the matn menu. it passes the users
i selections onto the appeopnate routises bor acuon,
cive WM_COMMANID:
i
switch (wParuny

{

i 1f the user chouses OPEN then a dialip box appears to choose
i se file 10 upen.
case OPEN:

{

P s e T L P R S L LR L

}

break;
i If the user choases NEW then a dialog box appears 1o prompt
i the user 1o save the network of information exists.

case NEW!

S S s oL s T T L L

I

hreak:
i If the user chouses Save As then a dialog box appears 10 choose
I the file to save.

vise SAVEAN:

Frrrtr bttt rrt bttt bt rr b et

break;
i If the user chooses Save then a dialog box appears o choose
it the file to save if there 1s not an already vahd file name,
wise SAVE:
(
T et
}
break;
i ‘This function removes all the pattems currenlty active and thereby
i allows the user to change the sizes of the 1nput and output layers,
case REMOVE:

[ e S e S A

break:
i If the user choases lnput Patiem then a dialog box appears to choose
it the file to open fur leaming,

case PATTERN_INPUT:
|

L S e B = S R SN P

break;
i I the user chooses RESIZE then a dialog box appears to choose
i the absolute scale for the network

case RESIZE:

O S & o R

|
bireak;

o The wser can choose o zooman orout, the scale is changed

case ZOOM_IN:
[

[ LRt o L TR L S
1
hreak:
case ZOOM_OUT:
l
P A L bk b e
]
hreak;
! ‘The user can chouse to exit the application. This has the same
| eifect as clusing the systen menu



case EXIT:

|
e e e e e e e e o e e e o e o e e e e

|

break:
) The user can choose 1o copy the network to the clipboand.

case COPY_NETWORK:

[
Rl L L E L L Ll bl e R it st b bl bk o

]

break:
I The user can chouse which items are to be visible on the sereen
/ the following sets of routnes aid in the development of thus
i interface
I If the use chooses 1o view the weighis then a dialug hox appeans asking
i for parameters v how they should be viewed.

case VIEW_WEIGHTS:

{

O e T

break:
i I the use chooses to view the Input Layer then a check mark 15 shown
I to show that the input layer 1s vasible. If it is already visible then
It the check mark is removed and the inpat laver 1s made invisible,

case VIEW_INPUT:
[

Rt At A et L e L o DLl

l

break:
I If the user chooses to view the Output Layer then a check mark 1s shuwn
I to show that the output layer is visible. If it is already visible then
i the check mark is removed and the vutput layer s made nvisthle,
case VIEW_OUTPUT:
{
e e P L
}
break:
# If the user chooses to view the results on a muchmme display
i then this method allows that option to be chesen,

case VIEW_MONOCHROME:
{

N b e & 5k M

break:
i if the user chooses 1o view a selected Neumon or group of neurons
) then the following methods provide that ability,

case VIEW_NEURON_VISIBLE:
{
T T R
}
break:
case VIEW_NEURON_INVISIBLE:
|
B L e ae e et P L LS L L
[
break:
/1 If the user chooses to inialize the weights then all the weights
/f are imtialized o random values between -1 and +1
case INITIALIZE:
{
B e hn e nanas L PR L P S
initialize_network 0;
Numberiterations = t);
PerceniageComect = (&
aci_tnitialized = TR1IE;
SetThresholds ();
e o e o o e o o o e oo e o e o e
l
|
break:



i 1§ the user choases to alter the leanmang parameters then a dialog bux
i appeass to alluw the dianpe.
cue PARAMETERS:
{
R I T e L E N T b R R N L
Parameters.Leamngfate = LeamingRate;
[faramete s WerghtMoment = Wepght Moment:
Iarameters.EZrror ntena = Erod ‘ntena;
T L L e R L L
!
break:
i If the user chomses to send the pattems 1o a server then ths method 1s envoked,
case SENI:
{
P e P e A Y L I A R RS

hreak:
i If the user chooses to make the network leam then a
I sequence of hack propugation opemtons 1s initiated
i that sends user messages 10 perform a set of leaming operations.
i This allows the user to interupt the leamung process at any ume to
i vhserve the results.

case LEARN:

[ L e R S 2]
¢ tnet_imniadized )
|
nitialize_network ():
Numberlterations = 1),
Percentagel ‘omect = ()
]

e R S S T L

break:
i If the user chiooses 1o make the network show what it has leamed then a
b seqquence of pattems is shown to the net and the results displayed. The user can pause the show
i A any tiume by hitting any Keyboard key,

case SHOW:

e e S L e S L

!

break:
) The bext messages are received From the popup memu in show mode
{ to allow the user tlesability in opemtion,

i Loop through the padtems.
case LOOP:
l
L e e
}
break:
H Netibe patterm o view if a single patiem is desired.
vase SET_I'ATTERN:
{
L ke e B o o A A e
|
break:
# ¢Contnae o leam of directed to,
case CONTINUE_LEARNING:
l
[ e e e L R
)
bireak;
# Step torwand to the next the pattem.
vase STEP_FORWARID:
{
NSextPaintPattem ++:
if ¢ NextPaintPattem >= num_pastemns )
NextPanPasem = 0;
ettt rrrtrrrbtrtr et rrer++
|
break;



# Step hackward to the last pattem,
case STEP_BACK:
{
NextantPattem -
if { NextPantPattern < 0}
NextPaimtPattem += num_pattems:
e et E A L L L L L L Ll Lt

break:
) Remum to Edit mode posts an end message Tor enther the show or leam
i muodes af operation,

vase EDIT_RETTRN:
|

P S R R R T L DL Ll bl b b ok btk b

break;
I i the user chooses to delete selected neurons then the Tollowing
i procedure suifices.

case DELETE _SELECTED:
|
o & S T L
DeleteSelected ();
net_initialized = FALSE;
ook o o b e e e e e s e e e
SeupWeghts (;
J T o T R R
I
}

break;
it The user can choose to create a layer of either tnputs, outputs, or
I hidden types. If an individual neuron 15 added then it must be part
) of an existing layer.

case CREATE_INPUT:
|

e T X R e T

break;
i These next two methods are used for either creating a hidden layer
i or editing an existing layer.

case CREATE_HIDDEN:

e e e b s e e b e b b b b
]
break;
case EDIT_HIDDEN:
|

oy b b bt e e b e

|

break:
i This method is used tocreate an output layer
I ar editing an existing output layer.

case CREATE_OUTPUT:
{

R nnan e s T L TR Y

}

break;
i Thus routine displays an about box to well the user about the
i program.

case ABOUT:

B o o o Mo ST R S S S

break:
}
!
break:
/f This last break is the end of the command |eop
i Fhis message is genered if the user stops the leaming process
i with either an input from the kevhoard or the mouse,



vase PM_END_PASS:
i

M [hsplay the armw cursor and send a reassunne messape to the user.

P e e TR T 2L R R R L]

bireak:
i ‘This message s generated to perdom learming pass through all the veators
it at the end of the message execution the PM_PAINT_PASS messape 15 generated
i if leaming has not been completed.

case PM_LEARNING _PASS:
[

trrr b b et e bbbttt r bt

1" ‘The leaming funcion retumns TRUE only if there where any unconverged
i patterns dunnp the previous pass., if this 1s the case then post 3 message
1 to conune leamng and pasnt the aext pattem.

UnConverged = FALSE;
for{ 1 =k 1 <« LEARNING_PASSES; i++)
{
if ({Pementaget ‘omect = leam ()) < 100) UnConverged = TRUE:
Numberlterations++

}

o ¢ UnConverged )
!
e+ttt rertr bt rtb bbbttt

}

else

|
Looping = FALSE:
Messagetiox { hwnd, (LPSTRY Al Pattemns ¢Converged” ({LPSTRY Learmog

Complete” MB_[CONINFORMATION )i;

PostMessage ( hwnd, PM_END_PASS,NULL, NIILL

]

t
break:
i ‘This message i3 generated to perform a show pass through all the vectors
# at the end of the message execution the PM_PAINT_PASS message is gencrated to display the results of the show

case 'M_SHOW_PASS:
{

L T

}

break:;
i This esssage is used duning leaming 1o allow a pant of the
W network at the end of the leaming pass.

case PM_PAINT_PASS:
|

L S et e e

break;
i ‘This section is tsed (o respond to the vanous DDE messages and may
" bxe such that the network 15 acung as both a server and clieat.

case WM_DDE_INITIATE:
{1 This message is sent to the window fmm the client when the
/' window s acting as the server.
[
{1 If the wandow is the client the message 15 seni to itself
{f and should be ignored.
[ L L L bt L T Y
}
lreak
case WM_DDE _POKE:
|
/f This message 15 sent to the window acting as the server

i1 1o uansfer a pattem. A response to the client 1s nequired.
rErPrrrttb bbb bbb

]
break;

N The tollowang messages are used 1f [DDE is beng used 1o access a
i egver.

A-¥



case WHM_DDE_ACK:
|
/f This message 1s sent Lo Lthe appheation acting as 4 clieny
i when the server s respondung,
O Y o 0 L e )
|
break:
case WM_DDE_ADVISE:
|
A This message 15 not being used i the way that was itended
A by Microsolt 1s bewmg used to advise the client window by
i the server that the servers being closed,
B e e R Rt L L Tt o

break:
i This messsage 15 used dunng leam mode and show mode (o e another
i cyele it is ignored otherwise.
case WM_TIMER:

i

O n AR

]

break;
i When the user presses vertical scroll the y posiion 15 updated and
i the damaged porien of the window repanted.

case WM_VSUROLL:
l

B o o o R

break:
i When the user presses honzontal serell the & position 1s updated and
¥ the damaged portion of the window repaunted,
case WM_HSCROLL:

|

e e Lo a s s L e Y

break;
Vi The paint message is generated whenever the window must be {ixed
{f ur updated. The neiwork is repainted and control handed back to
i windows,

case WM_PAINT:

i
B s = L R

]

break:
i The follovang routines are used 10 select the vanous layers and
/ neurons from the mouse wput. The feft button selects a single em:
i aclick and drag selects a cenain number of neurons and a nght molse
It button selects the entire layer.
case WM_LBUTTTONDOWN:
{
T T o e B o T
}
break:
i The left button double click does the same as the leit button but uses the entire
# layer.
case WM_LBUTTONDBLCLK:

|
ot b e o oo b o
}
break:
i This routine takes care of the nght button. The nght button insigates a popup menu and if the
/fis in leam or show mode, pauses the curment state,
case WM_RBUTTONDOWN:
|
e L B L n m T S
)
break:
I
retamiNTLLE

A-Y



”---tttlltlltlllllll---tt.tt-.t-tt---.t-tat-t.--u-hh-huubbt----n

He Layer imtiahzation Koutenes

”‘ll..b‘t.‘. L ARARSNSANRR NI RN NN R R PR PP AR RN RS AN PP b PR R R b
ROWHL AddToHidden 1)

I

i This routine Appends New Neumns to a ludden Layer

R P Y R S L Rl
}

veand Setuplnput ()

i

M This routine smtidizes the wput layer tooats default values,
P R e

i

IROOL SewpHidden ()

{

i Thus rovune imtializes a hudden layer o is defaull values.

L R A L L L

}

vord SetupWeghts ()

|

I This routine tibializes the weight matnx to the comect
i relative positians on the sereen,

R e L e R L

|
vurd Setupd hiput ()

|

i This routine imtiaiizes the vutput layer Lo its default values,
[EE SR L R LS L LRt Ll ittt bl

}

it SetupiNetwork ( RECT s )

{
i Tlus routine places the layers relative to each other
i w the display screen.
R e L e S L

.," L] L1 ] LEL LI AT I LIl L] )]
e Picture Painting moutines .
Jl,[..“‘- saseRbBaBbe AR PP AR AN RN R PR

vod Pt _Netwark (int ser_x. int ser_y, inty_zero, it x_gem, unsigned scale, HIX hdc )
{
# This function pagnts the network on the screen
i vach of the layers is panted if they are visible,
[ T o
for (1 =% 0 < num_layers; 1++ }
|
DrawNetWeights Ui, ser_s, scr_y, y_2ero, x_zero, scale, hde )3
I
DrawlnpuiLayer ( sce_x, scr_y, ¥_zZero, x_zero, scale, hde i
for (1 =1 < num_layers: 1++)
t
DawHiddenLayer (3, ser_x, ser_y, y_zero, _z-ro, scale, hde i
'
[yrawd atputLayer ( ser_x, ser_y, y_zemo, x_zero, wcale, e b
LR R L LRl b bl h Bt b bt b b b b b b bl b
t
vond Plrawinputlayer (int scr_x, tnt ser_y, it v_gero, it 8_gem, unstgned scale. HIX hde
{
 Tlus tuncuon determines whether the mpat layer s visible,
if If 1115 those elements currently within the client area are
i panted on the screen.
T Y T e
!
vord DImwhiddenLayer tint ludden, it ser_x, int scr_y, int v_zero, it x_zero, unsigned scale, HDC hde )
[
4 Thas function determunes whether the hidden layer is visible,
K I 1t 13 those elements currenuly wathin the client area are
; (sunted on the screen.

P L T T L
]
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vord IDrwStans ¢ it hadden, int ser_x, ant ser_v, it v_sero, uk x_zero, unstgned seale, 1% hde
|
. Thts lunction detenmines whether to pa the stats boxes on the
i screen or nut and then the boxes ane,
! panted on the screen.
oo i ke et e ol e e o e o e o
}
verd DmwNetWeiphts ¢ int posiion, it scr_x, it ser_v, it y_sem, it e, unsigned scale I hde s
!
A This function detemmunes whether the Weights are visible.

i If they are those elements curremly withun the chent area ase
o panted o the screen.
PR TR L R L S b bl ot bbb ok
}
vord Drawutputlayer (nt ser_X, 6 ser_y, it ¥ _zero, it x_zero, unsigned seale, HIX bule )
|
{f This functon Jdetermines whether the mput Liver is visible,
HIE it s those elements carrenily within the client arca are
1 painted on the screen.
P e ot 2 S L S L S S S LR Dt

e I ISYTR LI LY LY P L LTI R TIAL YT LIS IR YL RIS AT ] )

0. tility Routines for Dawing .

”‘t.-t--l‘llll--.llltb.l----ll (ITIATT YT (1T 1] L]

BOOL InClient {int sx, it sy, int ¥, nt 2z, 0t x, Ly
[

i This routine checks to see if an object has any parnts within

N the client area and should therefore, be re-drawn. This routine
i dues not work with wetght vectors, they use 3 different method.
P L DL S L e L L e S e A L DS L

}

RECT FindNetExtent ()

!

}f This rauntne determines the size of the network and retums the extents

) as pant of the windows defined RECT structure

o S

]

void CreatePens ()

{

# This routine creates the pens for dmwing the weights. Vanous sizes

ff ars created for the thresholds, A dashed pen represents a negative value.
rh bt brh bbbt tbrh bbb

]

,!'f- seNvRE LLL L L)

"= I:tility Routines tor Main .
’,‘j (I T IR LT L ]} - - T LT RN LI LTI PR ALl 1]

vend Savet hangedNet | HWNI} hwnd )

[
/! Thus rounne saves the network 1o a file,
T R e m S G

]

void [nitGlobal ( HWNID hvnd. int 2_zero, int y_zero, int scale |
{
i This function initializes global variables to their defanlt
" values.
O s i e
}
int Rescale ( int sx, int sy, RECT r. int scale )
{
i This routine finds the correct seale factor for zoan % et
# the network to scale into the displayed window
+4+rprettrt bbb bbb r e b4



iltll'......l LIYTT L] L L Y T T Y LI P Y LY T Y Y

e Routines for Newmns (o leam -

PRYTTYTTIR L L) LLLLLL) LOII TR LTI R YN YR TR LYY )
o

Hoat sopmmond ( floan x )
A 1T tunetion evtduates the sipmod function on the vanable

! i grves the output value v,
B4
b-e
yo= s
X
lve
!
duuble y:

4 (abs (x) « F0.0)
y={]l-expl-x /{1 +expl-x)y

i If the valuc of x s greater than 100 then ¢ to the x wall be o
i large or small and then an cror will oceur.
else

|
tx00)
y = (LBUHBHYGY;
vlse
y = -0.999949Y;
|
em ity o
|
Hoat del_sigmand ( float x )
|
#has iunction evaluates the denivative of the sigmmd function
i un the vanable x and gives the vupit value dy,
-x
2e
y = =
% 2
[1+e)
double dy;
if { fabs{x) < 1KUY

dy =20%expl-x) fpow (( ] +expt-x 1, 2.0

vlse
dy = T.de-d4d;
i Il mag x greater than 100 then set dy 1o eliminate (loating point
i ertor,
retum ( dy );
}
vord calestlate _outpant ( int Pattnum, it layer_num )
! “This funcuon caleulates the outputs from a given layer
i wivens the vuputs from the previous layer or the input
"y veator in the case of the fiest layer.
{
mu, j;
Mot sum;
neuren_type far *neuron;
tloat vector] max { MAX_WEIGHTS, MAX_NEURONS ) |
Inputd ‘Tass far *wmput_veetorn
! The wpaut to this layer of the network depends onf it
15 the finst hidden layer or subseguent layers.
i (layer_num =1)
1

mput_vector = (InputClass far *) Globallock | input.iPattem(Pattnum] 1.
for (1= 050 < inpat.aumber: i ++ )
vector{il = input_vector -> GetValue(s);
Globallinlock ( tnput.hPattem[Pattnam| 1:
|



else
{
far{ 1 =0; 1 < network|laver_owm|.inputs; 1 e+ )
!
neumon = (neuron_type far *) Glohall.ock | network|laver_oum- FLhNewronh] 1;
vector[i] = neuron -> vutput;
GlokadUinlock ( networklayer_num- 1 hNearon[i) 1
!
I
A Caleulate the sem of products for the wetghis and the vector mput to the nearais
Hfor 1= < network|layer_num|.ncumns; 1++ )
{
sum = {10);
neuron = (neuron_type far *ilobalLuck ( networkflaver_numliNeuronli] 1
fur (= j <= network[layer_num |.anputs; j++

if(ji=0)
sum += newron -> weight(jl * vector{j-i);
clse

sum += neumon -> weight|j];
]
neumn -> UM = sum:
neuron -> output = sipgmoid ( sum i
GlobalUnlock { network[layer_numlhNeuroni] );
}
I
BOOL caleutale_output_errors { int Pattnum, it last_layer |
" This function calculates the error vector for the output fayer.
[
int number_neurens, i;
floal ervor, quant_error,
BOOL any_pass_emor,
output_pattern_type far *outpui_vector;
neuson_type far *neuren;
number_neurons = network|last_layer|.neurons:
any_pass_eror = FALSE;
outpul_vector = foutput_pattemn_type far *) Globallock ¢ ourputhPattem| Pattnum | »;
/f Calculate the errors associated with cach of the outputs
for { 1 = 0; i < number_neurons; i++ )
|
neuron = {neuron_type far *XilobalLock  network|last_layer] hNeurn|i] ¥
efror = [ output_vector -> value(i] - neuron <> oulput 3
* del_sigmoid ( neuron -> sum );
NEUron -> ¢or = ¢rot;
vuant_error = fabs ( output_vector -> value[i] - neuron -> output 3
if { quant_ervor > Error(Critena )
any_pass_error = TRUE:
GloballInlock { networkflast_layer|.hNeuronli| &

]
Gilohalllnlock { output.hPattemn| Pattnum | );
refum { any_pass_sof )

I

void backpropagate_errors ( int layer_num )

i This function backprogates the errors from the next

i network layer to determine the crrors made by the current
i fayer.

{
int number_neurons, i, num_errors, K;
float errer_sum, efror, weight;
neuron_type far *neuron;
number_nettrons = network[layer_numj.neumns:
num_errors = network[layer_nem + 1|.neurons;
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{ear £ £ = U = namher_tieumns; e+ )
{
erenr_sum =1k
for (k =1k k < num _emors; ke+ )
i
neuron = ineuron_type far *)loball.ock [ network[layer_nums1 | hNeuren|k| )
weight = neuron <> weightli+1];
Crmor = neuran - ¢Imor,
efmur_sum += erfur ® weight;
Globallinlock | network|layer_num+1 . hNecuron[k] i
}
neuron = tneuron_type far *i¢iloball.ock ( network|layer_num].hNeurenfi] )
cror = Cerrorsum } * del_sigmod { ncuron <> sum |
NCUET) =2 S[TOr = o
GilobaltInlock { network]layer_num|.hiNearon|i} );
I
!
vord modify_weights (int layer_num, mt Patinum )
[
1 1Tus lunction modifies the werghis of the neurons 1 the noiwork
i Using the vaiput and back propagated erors.
i nwn_neurons, 1, i
float delta_weight, error, last_delta;
neuron_type {ar *neurm;
Inpuntt 'lass far *input_vector
Moat vector | maxt MAX_WEIGHTS. MAX_NEURONS b |
aum_neurons = network|layer_num|.neurons;
for (1= 0: i < network|layer_num|.inputs; 14+ )
if { layer_num ==0)
|
wput_vector = (Inputt lass far *) GlobhalLeck ¢ input.hPanemfPattnum| §;
for (1= 01 < mput.number; | ++)
vectorfil = input_vector -> GetValueti);
tiloball Inlock ( inputhi*attem|Pattnum] );

|
vlse
(
for (i = 0; 1 < nutwark(layer_num|.inputs; i ++ )
(
neuron = (newrnn_type far *}GlobalL.ock ( network}layer_num- 1 |hNewron|i} )
vector|i] = neuron -> oulput;
Giloballlnlock ( network(layer_num- | .hNeuronli] 3
b
!
for (1= (4§ < nUmM _heurons: 1 ++ )
|

neuron = (neuron_type Tar *)Globallock ¢ network[layer_num|.hNeuron[i} i
CITOT = feurnon -> e
for { j =10; j <= network[layer_num]lanpuis: j++ )
i
last_defta = neurea -> delalj];
df{jl=
Jelta_weight = LeamingRate * error * vector]j- 1] + WeightMoment * lasi_delta;
clse
delta_weight = LeamingRate * error + WeightMoment * last_delta:
neuron -> deltalj] = Jelta_weight;
neuron -> weightlj] += delta_weight
b
Glotallinlock ( network{layer_num|).bNeurun|i} )7



unsigned int leam { )
!
/# This routine allows the network (o leam by applyimg hack propagation unsll
A Al the ouipats are within an error tolernce o the user pauses the operation,
BOOL any_emors, emmor_est;
it Partnum, layer_nam, Percenttirros:
any_errors = FALSE;
PercemErmoms =
i There ane curmently no emmors for this pass through the leanuing
4 process.

for ( Pannum = 0; Patthum < aum_pattems: Patinum ++ )
l
for { layer_num = {); layer_num < num_layers: laver_numi++ )
calculate_output ( Pattnum, layer_num 1

i Caleulate the outputs from the layers excited by the input pattem.
error_test = calculate_output_errors { Pattnum, num_layers - | %

i Caleulate the ervors at the outpus tayer, The difference between

I the desired output and the actual output times the denvative of

" the sigmoid function.

for ( layer_num = num_layers - 2; layer_num >=(; layer_nam -- )
backpropagate_errors { layer_num )

i Backpropagate emors from the previous layvers to the hidden network
i layers. The erroris weighted by the sigmoid function and the wetght
i of the connecton between the neurens.

for { layer_num = U; layer_num < num_lavers: layer_num ++ )

modify_weights { layer_num, Patthum 1
i Modify the weights dependent on the back propogated ¢rmors,

if { error_test )

{
any_erors = TRUE:
PercentErmors++;

)

]

retum ( (num_pattems <= 0)2(0%:(({00* (num_pattemns-PercentEmrs) ) / num_patiems ) i
int CalculatePercent{‘omect { )

{f Calculate the networks current percent corfect outpuls
R e nnes s S L LS e S

]
void ModifyColours { int PaintPatiem )
/I Modify the displayed colours of the neurons based on their curment outputs

e an s o = & I S

,Il L[ L] LELE YR L TR LIRSV L VI I YY)

e {tility Routines for Neurons v
,! CTYTIT LA I LT T L LYy 1] LT LT "hed

int SingleLayerSelected ()

[

i This function detemines which objects in Uic network are currently
b selected and determines if they nepresent a single layer. Il they

H do then the fayer number | to num_tayers, is retumed or NULL.
B e o T A

}

void DeleteSelected ()

l

# This function detemmitnes which objecis in the network are cumently
I selected and deletes those objects.

Ao b b b e b

]

sefect_type Find_Object ( int sx. int sy, int yz. int 7. int scale }

i

¥ This function determunes which vbject 1n the netwark is currently
i pointed at by the mouse,

P ancnn et L L e



vind TnselectAll L)

i

i This function deselects all the ohjects i the network.,
[ b b b R L R b b et ok

!

voud SeleetNenron t HANDLE hNeuron

|

i Thas mutine selects the neuron ponted at by the bandle.
[ b b b b b b b

t

BRI Allocate intaanty )

H Tlis routine allocates memary tor the weight vectors

" W[ it s unable to du so a value of FALSE is retumed.

|

et rrrrrttrt bbb vt bbbt

|

OO iavalize_neurons ( int layer_oum )

{

i This reutine deselects and makes visible all the neurons i the
i layer_mimn, fL1s used as part of the stanup and viewing rouunes.,
P e et L LR R LDt ok

|

vod MikeSelectedVisible { BOOL visible )

{

i This function makes all selected nevrons aither nvisible

) arvisihle dependent on the parameter visible,
R e Tt L A L

J

tfuat neurmn_outpat { HANDLE hNeuron

|

i ‘[Nsis routine finds the output assocrated with the neuron pointed at by
i the handle.

[ R el e a s T Y LTS L S

|
{loat neuron_ermor { HANDLE bNcuaron )

{

it This routine finds the error associated with the newron pointed at by
i the handle.

P aaana s T L L S

1

OO, neunin_selected ( HANDLE hNeuron )

[

i This routine cheeks to see if the neurun panted at by

i the handle 13 selected.

RN PSS e
|
BOOL neuron_visible { HANDLE hNeuaron 3
|

s This rounne checks t see if the acumn pomted at by

I the handle s selected.

[ E L e aaaa st L LS S

}

vind Set Thireshalds ()

1

i This function sets the weight thresholds values accomding
i tor the value of the weights,

PO o s s e LS L LR L S Ll

|

HOOL. imtialize_network {)

|

it ‘This funcuon seis the weight matna to imtial values randomly
i distnbuted between -1 and + 1.

e rdrttrettbretert bbbttt

!

e 2 e L L L e e S R e D

ROOL AllocateWhaleNet ()

" Allocate memory for all the nevrons to see of there is a problem,
K of there 1s then retuns a talse indication!

T e e a e s T L S L S S D

L]

+



vind DrawChldWindow ( HANDLE hde,

it CurrentBuntutem,

lvog Numberlienimons,

g Pereentapet ‘orret,

char =DesitedPattem

har * Acteallatiem
|
i Ths code frapment s used inthe leam or show modes w ptace the
V! current pattem number, iteranon, status u the top left comer of the wreen,
P bt b e e R L T e
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Appendix B

This Appendix supplies a partial listing for the program "Sensor Input”. A full listing
would occupy numerous pages and therefore, for the sake of brevity is not included. The
climinated code fragments are primarily "Windows" specific and do not add to the overall
program comprehension, The code specific to the input and display of the tactile images is
included in its entirety. This program allows a user to: capture. display. store and
manipulate tactile images as well as send the images to a neural network for recognition.

SENSOR.H
i P'rentotypes for dialog boxes

BOOL FAR PASCAL _expont PattemFileProc (HWND, WORD, WORD, LONG 3,
BOOL FAR PASCAL _expont SavePuDIgProc (HWND, WORD, WORD, LONG

I/ Iefines for drawing

#deline MAX_WIDTH 16

#deline MAX_HIEIGHT 16

#ideline MAX_ARRAY MAX_WIDTH * MAX_HEIGHT
#deline NUMBER_WIDTH §

#define NULL_STRING ™

Hdehne X_OFFSET 2

#define Y_OFFSET 17

Hdefine Y_SPACING 16

Wdehine X_SPACING (16 * 1.T)

Wdefine X ((MAX_WIDTH * X_SPACING)Z.0)
Wlefine Y ((MAX_HEIGHT * Y_SPACING)/2.0)
Hdefine TYPE_SIZE 16

ddefine BUTTON_HEIGHT 30

Hdefine BUTTON_WIDTH 80

I Defines for sensor meny parmmeters

fdeline SENSE_PATTERN - 1000
#leline NEXT_PATTERN 10]
dlefine ADD_PATTERN 102
ddefine PB_SENSE 103

#define PREVIOUS_PATIERN 104
ddeline DELETE_PATTERN 108
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SENSOR.CPP (Partial Listing)

A 'This windows program ts used (o nput information fanm the tacule
/f sensor and display 1t on the screen 1 a pseudo thive dimensional representation
{f It also allows for the naming and storage of the captured partems,

/F This file 15 a partal listing, tussing mfonmation is depicted by +++terettrvirtrsrtrrrtrrs
e e ol b o e b b b e e e o g e g e i e e e

long FAR PASCAL _export WndProet HWND hWnd, WORD iMessage,

WORID wlanm, LONG Parm
/ This i the procedure thar handles the man window

B B

/1 The chient class 1s iwn object used to commumeate with a server
/! anuther applicanon,

class Clientd Tass |

private:  ATOM atomApplicaton, stom Topic;
e a o = RS

nublic: ClientClass { );
O e e G L s R

void CliemClass::Stant onversation { HANDEE HundleSent

{
i This routine is used to start a cunversation
i with a serverif one is not already started,

B e a e ne L TS

]

Clieni Tass::ClientClass )

{

11 This constructer is used to stan injtialize the client structure.
[nConversation = FALSE;

1

void (lientClass;:Initiate { HWND hwnd( liemDDE )

[

/! This function is used o start a conversation with a server.
R L L L T o L PSS e

BOOL (lentClasszSendServerllata ( LESTR szltemValue )

l

/ This function sends an inleger 1o the server process.

EL T L L L LS b b L L L bt

!

cluss [nputlass

{

it This class is used 1o manipulatz and slore input pattems,
B & o X X P

h

void InputClass::[nitialize ()
!

int i;
i This function initializes the values of the stnings
i to zero if a constructor can't be called.

B et e o & LR

!

LPSTR [npuiClass::GetString ( int MaxNumber )

!

/f This function is used 1o retneve a stAng with the input pattem
/f values unbedded for transfer 1o another application,

e L s s e Y = T
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vord Inpuit lass:PlaceFloat § char NumberStang (], floa value )
{
i Thas reutime puts the Hoaling pont number “value”
# mter the stnng NumberStnng. It guamntees that exaatly NUMBER_WIDTH+1
H characters are placed 1n the stnng,
rrbrtr e ettt bbbt
tvand Inpuitlassz:PutSinng ( it MaxNumber )
|
/f This functiun 1s used 1o place a stnng with the mput pattem
# values mbedded into the float values.
P e R A S bt E s
|
toat Inputd lass::ConvenToFloat ( char NumberString(] }
I
i ‘This function converts to a float the number in the stnng SumberStang
i 1t unly applies to this class and is not genenc.
B oL e e s A
]
class Cutput('fass
{
it ‘This class 15 used to oulput stored patterns 1o a file,
private:
it CumentOuiput Type, NumberOutput Types:
char Object Type[ LENGTH_OF_STRING];

1806L StringSave ( HANDLE hFife, LPSTR String 3
{
#f This function saves strings into the file pointed to
{1 by the file handle for Max( har,

P e T E s
}

public:

P e L e
voird SetType ( LPSTR Stang )
{
/ This funcuon sets the cumrent pattem type equal to the StAng
/I and determines what the current sutput type should be,
O IS s e R T T e

BOOL WretePattem ( HANDLE hFile, LPSTR String )
{
{/ This function wnites the pattem into the currently open Lile
# pointed 10 by hFile.
L e it s o T S o
1
B

class Pattemd lass

|
i This class is used to manipulate and store patiems.
public:

typedef struct |

float value | MAX_NEVURONS];

char PattemType[LENGTH_OF_STRING|:
} vutput_pattem_type;

typedef struct |
char TypefLENGTH_DF_STRING]:
} pattem_stnng:

stuet |

int numben

HANDLE hi'attem|MAX_PATTERNS);
} wnpot;

B-3



struct |

it number:

HANDLE hPattemMAX_PATTERNSE

pattern_stang Pattern[ MAX_NELRONS|

| output;

ScanfStruct ExmctBloar  diae stnag(), mt Lengih »:

it Pattem( lass::Read [nputPattem ¢ HANDLE hFile, un PattNum o

int Pattemn(lass:ReadOutpulPattem t HANDLE hfftle. mt PanrNum 1;

BOOL PatemClassigetstnog | FANDLE hifle, charsinng]] i
public:

typedef stroet |

int number:

int status;

| pattem_stalus_type:

B e e L L L
L
/1 This function retneves the name of the curment pattem.
output_pattem _type far *pattem;
if ({ PatNum >= 0) && ( PatNum < num_pattems 1
{
pattern = { output_pattem_type far *) GlobalLock ¢ owputhPatem|PartNum] );
if ¢ pastemn != NUILL )
Istrepy { Stnng, (LESTR) pattem -> PatemTvpe 1
clse
Istrepy ¢ String, (LPSTRY NULL_STRING &
]
else

Istrepy ( String, (LPSTRY NULL_STRING )

]
void PutType ( int PattNum, LPSTR String )
(
/{ This function sets the name of the cumrent patiem.
output_pattem_type far *patiem;
if ( ( PanNum >= 0 ) && ( PattNum < num_pattems ) )
(
pattemn = [ ouput_pattern_type far *) GlobalLock (output.hPattem|PastNum| 3
if ( pattemn != NTILL )
Isteepy ¢ {LPSTR) pattem «> Patiem Type. Stnng )
!
]
PattemClass ()
Jf This 1s the pattern class constructor
{
R E R n e e 2 e L
}
B

BOOL PartemClass::SaveCutputs { HANDLE hFile )
|

i This function is used to save the outpuis in 4 file ponted 1o
i by hFile.
Ao e oo e ok e o o
I
void PattemClass::SetCutputs ()
|
i This function is used to detemmine how many neunmms will be required
I by searching through the pattems and determuning the number of different
i types.
inti, j:

pattemn_siring String:
output_pattemn_type far *PanPoint:
BOOL FoundPattemn:
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fur to =tk = MAX_NEUROING 1++
{
Istrepy ( HLPSTRY Stnnp. Type, NULL_STRING i
nutput.Fattemni] = Strng:;
|
autput.aumber =4
for i1 =151 < num_pattems; 14+ )
!
Pattlmnt = ( output_pattern _type lar *) GlehalLock ( output.hlagemi] )
i Patioine == NULL ) continue;
j=
Stnng = vutput.attemnf0];
FoundPatem = FALSE;
while ( Isteemp CILPSTR) St Type ALPSTR) NULL_STRING ) 1=0))
[
o { Istromp { (LPSTR) Stng. Type, (LPSTR) PattPoint -> PattemType ) ==0)
{
FoundVattern = TRUE:
hreak;
}
JH+
4 j »>= MAX_NEURONS ) break:
Stnng = output, Panemlj|;
]
o (! FoundlPanem §
|
Istrepy ( (LPSTR) Stnng, Type, (LISTR) PanFoim <> PattemType );
vutpul.Patiemjoutput.number] = String:
vutput.number +4;

|
}

|

vind PatternClasss:SontCOurputs ()

{

) This function is used to sunt the different pattem types alphabetically.
L I e o

]

vond Patiené TassaFreeAllPattems ()
|

i This function frees all Uie memoty allocated for pattems,
R Gt S T P e

]

voul Pattenit “lassz:DeletePattem (it PattNom )

!

i This {unction Erees all the memory allocated for PattNum

i and re-orgamzes the other patterns. The last pattem is copied
i o the freed space.

B R L L LR

|

L e L e e e L e ]

pattern_stats_type Pattemt lass::ReadPattemPFile { HANDLE WFile )

|

i This function reads the paterms in the tile speafied by the file
H handle.

R At B b ST e ey

|

wt Patemt lass:: AddPattem ( char *String )

{

i This routine is used 1o add pattems te the cement sel

e S L

§

ot Patternt lass:iierValue ( it 1, int §, int PatNum )

|

I This rounne gets the value at a location speaified by the co-ondinates
! gk

L Ll L TSP T SRRy
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vord Pattemt TassiPutValue ( oat vadue, s, ant j, it PaitNum )

{
)
i

Tis rounine puts the value o a locanon specified by the co-ordinates

ngh

ek e o o b o e e e e

int Pattemt lass::Read InputPattem ( HANDLE hFile, ot PanNum )

|

I
o
i
i

This routine reads an input patem from the fife defined

by the file handlz, The format for a valid input tile 1s the stang
“INPUT followed by a senes of floas for the data and then the sinng
"END",

O B T 0 T N AT P A

1

int Patternt Tass::ReadQutputPattern ¢ HANDLE bFile, int PantNum )

|

i
i
)
i

‘This routine reads an output pattem from the file defined
by the file handle. The format for a valid output file is the stng
"OUTPUT followed by a senes of loats for the data and then the stnng
"ENDY.

F O s n = T e

BOOL PaternClass:getstang { HANDLE hFile, char istrng[})

// This function gets a string from the file addressed by hFile.
R R e L

class Sensor( lass

{
i
pnvate:

public:

"
it

This class is used to manipulate and stere input pattems.

float fvalue[MAX_ARRAY):

char far *SuePnt;

HANDLE StrHandle:

void PlaceFloat { char NumberString[), foat value )
float ¢ConvertToFloat ¢ char NumberString{] &;

float Execute_Al_VRead (:

void SetAddress (int i, int j);

int 8izeOfString:

float CietValue (int 1, int § ) | return fvalue[i*MAX_WIDTH +j|; |
Noat GetValue (int i ) [ retam fvalueli]: |
voud SensePattem ();
vuid PutValue ( float v, int i, int j )
|
ifiv>1.0)v= Ly
if{ve-l.0Yv=-101
fvalue(i*MAX_WIDTH + j] = v:
]
void PutValue ( float v, int 4 )
{
f{v>101v= L0
f{ve-1.0)v=-100
fvajuefi] =v:
|
SensorClass ()
[
nti;
This constructor initializes the values of the stnngs
10 Zero.
Size0OfSirng = MAX_WIDTH * MAX _HEIGHT * ¢ SUMBER_WIDTH + 2 ),
for{1=0; i <« MAX_ARRAY, i++)
fvajue [i} =-1.0;
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LPSTR Gewstongt (it Max Number 1
voud PutStang (it MaxNumber
HOOL LockStnng ()
!
StrHandle = CGllohal Alloe { GMEM_MOVYEARLE, SzeOfSinny ),
if £ SirHandle ) retum | FALSE );
Strint = (LESTR) Globallock 1 Stritandle ),
il Subnt = NULL)
|
CilobalFree ( SurHandle )
retum ¢ FALSE )
|
retum (CTRIUE ),
!
vond nlockStnng ()
|
GlohalUnlock ¢ StrHandle )
Globallree { StrHandle 1

I This function inputs a pattem Trom the sensor,
vond Sensort Tass:SenseMattern ()
|
HOCTURSOR hNewCur, H new (hourglassy cursur
hOldd "ur; i uld larmow) cursur
)
float volts;

{f change the cursor w the huurglass
hNewCor = LoadCurso NULLIDC_WATY:
hOEdCur = Setl ursorthNewd "ur);

for{1=k 1< MAX_WIDTH; i++)
{
for g j=; j < MAX_HEIGHT: jo+)
{
SetAddmess (1. ):
volts = Execute_Al_YRead ();
volts = ¢ 4.0* volis ) - 1.0;
if {volts > 13.0 ) volts = 134k
i volis < <10 velta =10
PutValue ( vohs, 1) &
H
b
Sehange the cursor ack to the previous value
SetCursorthOld ury;

'
!

i - Thas Tunenon calls the LahDaver tunction call Al_VRead, which
# weads the voltage on the boand as given by the mput parameters
Hoa Sensort lassi:Execute_Al_VRead 0
It bad,  / boand number
oh, {f channel numbe
gaun, {f voltage gain
e {7 retum emur code
duuble wolr: H valtage
brd = I;
ch=;
pan=1;
A eall DLL fuacnon
err = Al_VReadibnd ch,gain &volt);
iiemri=0)
volt = 0.
retum { volt );
1
I - Thas function calls the Lablmver function call DIG_Owt_Pen, which
Y sets the data pont on the buand as piven by the input parameters
voud SeasortlasssSetAddress Linby, it g )

it bed, /! boand number



port, o pon number

em i retum ermr code
nt address: i voliage
brd =1,
purn =0

address =401 << 4 b+ ¢ & Oxff 0 & OxIf;
#cadl DLL funetion
err = DIG_Ou_Pom (brd pon,addressy:

_PSTR Sensort lassi:CetSthng ¢ int MaxNumber )

;{ This function 1s used to retrgve a sting with the mput pattem
/{ values imbedded for transfer to another application.
nt;
char SumberStnng [NUMBER_WIDTH+2);
Istrepy ( StrPnt, NULL_STRING %
if { MaxNumber > MAX_ARRAY)
MaxNumber = MAX_ARRAY:
for (i =0 i <« MaxNumber; i++ )
[
PlaceFloat { NumberString, fvalue(i]
Isireat ( StPat, NumberString )
t
retum { StrPnt §;
I
vond Sensort lass::PlaceFloat { char NumberStnng[], tloat value )
{
A This rounne puts the floating point number “value”
/f into the stnng NumberStang. It guarantees that exactly NUMBER _WIIDTT+1
ff characters are placed in the sting.
B e s e s shai st b L
}
void Sensort lass::PutSining { int MaxNumber )
{
{/ This functien is used to place a string with the input patem
1 values imbedded inte the float values.
S as e s S L L L L

Moat Sensari lass:{ onvertToFloat ( char NumberStning(] )
l

i ‘This function convens to a floal the umber in the stnng Numberstnng
i 1tonly applies to this class and 1s not genenc.

R it ah kb b o ot

}

Pattem( lass PattemGiroup;
class Main

i
/# Standard Windows Main Message Loop and initialization
B Ao s e e e
}
class Window
|
&+¢¢to¢++++:+++++++++++
/f Pure virmal function makes Window ar abstract class.
virual leng WndProe{ WORD iMessage, WORD wharam, LONG (Param = 1:
i

class MaunWindow : public Window

l

/f This class scts the attnbutes o, the Main window
Tttt rtrbtr



vord MunWindow::DrawbPattem £ HDEC hde, a1 PatNum )
{
typedet struct {
{lerat 7;
et y;
| veuton
£ Nys rounne Praws the sensed pattem on the videy monntor
fidefine SCALE 20,0
HANDLE hpen, hibr, hOldhr, hOldpen;
mLx,y:
mbxl, a2 a3 xd vl yd v 3, pds
Hoat v, v2, vl vd:
tloat Duther, slopee;
POEINT veris]4];
VeQr xvec, Yvec
RF"T'n
oLar dStng [LENGTH_OF_NTRING);
char tStnng[ 20
hbr = GetStockObjea { BLACK_BRUSH »,
hOIdbr = SelectObject { hde, hbr )
sveex = (Hoan) X/ (Noar) MAX_WIlYTH:
aveey = (floar) Y / (fleaty MAX_WIDTH;
yvee.x = (float) X / (float) MAX_HEIGHT;
yvecy = - (float) Y / (float) MAX_HEIGHT:
Gietl TientRectthWind, &e):
Rectangle ( hde , 0.0, naght, rbottom 3
if { PatNum '= SENSE_PATTERN )

i ‘This next mece of code 1s used Lo draw an info. box in the top of
I the screen that displays the number of the cumrent panem.
[

ShowWindow { hEPatNum, SW_SHOWNORMAL );
if { PanemUroup.num_pattems >0 )
ioal PattNum+1,18tring, 10 ):
clse
woa( PaitNum, tString, 10);
Istrepy ( (LPSTR) dSinng, (LPSTR} " Pattem =" );
Istrcat ¢ (LPSTR) dString, (LPSTR) (String );
Istreat { (LPSTR) dString, (LPSTR) " of ")
itoaf PantemGroup.aum_patterns, Strng, 10 %;
Istrcat ( (LPSTR) dStnng, (LPSTR) tString )
if thEPartNum )
SetWindow Teatt hEPanNum, (LPSTR) dStrng );
I This nest prece of code displays the pattem type in an edit box,
Pattemt imup.LietType ( PattNum, (LPSTR) dSiring i
i (hEPanType
SetWindow Test{ hEPanType, (LPSTR) dStang )
}
clse
ShowWinduw ( hEPanNum, SW_HIDE »;
hpen = Createlen { PS_SOLID, 1, PALETTERGH(0.00) );
hOldpets = SeleetObject ( hde, hpen );
for(x =tk 2 < (MAX_WIDTH-1); x++)
{
for(y =0; v < IMAX_HEIGHT. I3; y++ }
{
if ( PattNum 1= SENSE_PATTERN)
|
vl =( L0+ Pattem{iroup.GetValue ( x. v . PattNum n * SCALE;
v =( LU+ PatemGroup.GetValue (&, v+1, PaitNum 1y * SCALE:
v3=( 1.0+ PattemGroup.Get Value ( x+1, y+1, Patthum 13 * SCALE;
vd ={ 1.0+ PatemGroup.uetVadue { x+1, v , PattNum 1) ® SCALE;
]
else
|
vi=( L0+ Pattemn.GetValue [ x, ¥ 1) * SCALE:
vi=( 1,0+ Patem.GetValue ( x, v+1 )} * SCALE;
vi=( 1.0+ Patem.GetValue { x4 L, y+1 1) * SCALE:
vd = 1O+ Pattem.GetValue { s+1,y 1) * SCALE:
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X_OFFSET + x * xvec.x + v * yvecx;
Y_OFFSET + x * xvecy + v "vveev + Y-
N_OFFSET + x * sveex + (v+1) *yveex:
Y_OFFSET + x * svecy + v+ 1) "yveey + YV . v 2;
N_OFFSET + ix+1) * xveeax + {y+11 * vvees;
Y_OFFSET « (x+1) ® xvecy + iy+ D) " yveey + Y -
4 = N_OFFSET +(x+1) ® xveex + v * ¥vee.x:

vd = Y_OFFSET + (x+1)* xveey + v *yveev + Y- vy

slope = (4.0* (vl vl fabs (v2-vd /A6 * SCALEDR

hibr = GetStockUbjeet { DKGRAY_HRUSH 1;

of { slope > 0.3 1 hbr = CiestockObject t GRAY_BRUSH &

if {slopre > 0.2 1 hbr = GestockObjeet | ETGRAY_HRUSI

if ( slope > 015 } hbr = CGetStockUbject t WHITE_BRUSH »

hOldbr = SelectObject ¢ hde, hbr )

verix|0].x = x1;

vemz[0l.y = ¥l:

vemiz{l].x = x2:

vemix| 1]y =v2;

vertix[2).x =13

vetix{2)y =y}

venixfil.x = x4;

vertix|3ly = v

Polygon ( hde, (LPPOINT) venix, 4 i
]

mnnawn

‘..-llﬂl-lt-l—-—

|
SelectObject ( hde, hOldpen X;
[JeleteUbject ( hpen 1

!

long MainWindow:WndProct WORD iMessage, WORD wharam, LONG Param )
|

switch (iMessage)
{
case WM_C'REATE:
{
/f Uised to create the window
B e = T e L

break:
case WM_PAINT:
! Pany Correntattem k
} break;

case WM_DDE_ACK:
{7 'This message is sent 1o the application actung a8 a client
Jf when the serveris responding,
[
(lent.StanConversation | wParam );
1
break;

case WM_("OMMAND:
{
switch {wParam)
|
i The Save As function allows the user (o store the pattems i a file
i in a format that the Neural Net and other applications can read.
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e SAVEAS:
|

B

hreak:
it Il the wser chouses 1o sense a pattem then the sensor 1s poled Torits
I curent values and drawn on the screen.
case PR_SENSE:
!
HDC bde;
LPSTR Subni:

char Stnng|LENGTH_OF_STRING]:
"attem. SensePattem ¢ );
hde = CretlC [ hWnd );
Iawpattem ¢ hde, SENSE_PATTERN it
i Client.Conversing 43 )
(

if ¢ Pattern.LockStnng ()

1
Sttt = Patern. GetSuring { MAX_WIOTH*MAX_HEIGHT »
Client.SendServerData ¢ SiebPnt );
Patem. [ InfockStang ();

}

|

if { CurrentPattem = SENSE_PATTERN)

L

1 If this 1s the lirst of the sense group then fill

{1 the pattem type box with the name of the last type.

Pattemtiroup.GetType t CurrentPattem, (LPSTR) Stnng 1:
f (hEPanType )
SetWindowTextt hEPanType, (LPSTR) String i
|
Currenid'attem = SENSE_PATTERN:
ReleaseDC { hWad, hde 1
|

break;
I If the user chooses to add a pattern then the last sensed pattem
i 13 added to the current pattemn set. A dialog box appears to allow
" the user (o name the new pattem.

case ADD_PATTERN:
{
[ L S S L o S T
1f { PattNum > (1)
{
for (i =ty < MAX_WEIDTH: i++
fur(j=0; )< MAX_HEIGHT: j++ )
[
value= Pattemn.CietValue (i) &
PatemUiroup.PutVatuet value, 1, j, PatNum 1
b
hde = GetDC ( hWnd »;
[rawlattem ( hde, PattNum 1
CumentPattem = PaitNumy;
RefeaselX® ( hWnd, hde 1;
]
I
break,
it 1f the user chooses Input Pattem then a dialog box appears to cheose
i the file to open for [eaming.
vase PATTERN_INPUT:
{
P R e n a2 R
]
break;
This function adlows the user to {lip through the pattems by incrementing
the cusrent pattem.



case NEXT_PATTERN:

{
N L o T L

!

break:
/ This function allows the user to flip through the pattems by deenmenting
b the curment pattem.

case PREVIOUS_PATTERN:

|

R e L L D L L L L E L

1
hreak;
i ‘This next functon 15 used to delete a pattem from the those saved
i in memory.
case DELETE_PATTERN:
{
P e St ik A S A
!
break:
i This menu option is provided so that the network can receive patiems
I directly.
case SEND:
|
ClientInitiate { BWnd )
b
break;
case EXIT:
[
Pattemtiroup. Free AlPatiems ();
DestroyWindow ( hWnd );
l
break;
]
|
break:
case WM_C'LOSE:
O s s & b Bk & T S LS e
break;
case WM_DESTROY:
PostQuitMessage( 0):
break:
default:

retum DefWindowProc( hWnd, iMessage, whatam. 1asum )
}

ot o o e e o o o e b el o e e e

lung FAR PASCAL _expon WndProe{ HWND hWnd, WORD iMessage, WORD wharam,
LONG IParam )

{

b e o o oo o o

]
int PASCAL WinMain{ HANDLE hinstance, HANDLE hPrevinsiance, LISTR IpsetCmdblane.
int nCmdShow )
|
B e e o S S
f A Windows class should be registered with Windows before any windows
/f of that type are created.
/I Regtster here all Windows classes that wall be used 1n the progrmm.
if { ! Main:hPrevinstance ) |
MainWindow::Register();
)
MainWindow MainWad;
retum Main::MessageLoop();
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Appendix C

One-Two Network - Selection of correctly categorized putterns from the test set

classified as "One"

Examples of patterns correctly
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Examples of patterns correctly classified as "Two"
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Big Block Network - Selection of correctly categorized patlerns from the test set

Examples of patterns correctly classified as "U"
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Examples of patterns correctly classified as "T"

Page C-4



Small Block Network - Selection of correctly categorized patterns from the test set

Examples of patterns correctly classified as "I"
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Examples of patterns correctly classified as "T"

Page C-6



Lines Network - Selection of correctly categorized patterns from the test set

Examples of patterns correctly classified as "0 Degrees”
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Examples of patterns correctly classified as "+90 Degrees"
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