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ABRSTRACT:

ANN process information in asimiiar way the human brain does. The network is
composed of a large number of highly interconnected processing elements (neurons)
working In paralel to solve a spesific problem, Over the last decedes ANN is the most
popular artificial intelligence fechnics which used from industry lo education, from rdlitary 1o
medicine. Because of the ANN is & interdicipliiner branch, we have to understand ils
arthitecture and struclure detalled,

Especially, learning process in fechnology education is "effeclivedf 1 supporis
simulation tools, Education which based on simulalor is the most factor effecling learning and
understanding. Thus, ANN simulator which realized In this study is increased ANN education
vistally. According to this aim, In fhis study, by the way learning process, we considered
ANN and realized ANN simulator which includes some components. These components are
inputs, weights, activation funclions, neurons. of layerjearning types and network types
according to help learning ANN visually,
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L. INTRODUCTION

Neural networks process information in a similar way the human brain dogs. The
network is composed of & large number of highly interconnected processing
. elemenis{naurones) working In parallal to sofve a specilic problem. Noural networks tearn by
example, They cannot ba programmed o perlomn a specific 1ask. The examples must be
selecled carelully otherwise useful fime is wasted or even worse the network might be
functioning Incorrectly. The disadvantage Is that because the network finds out how fo solve
the problem by itself, its operation can be unprediciable.

There are muliitudes of different lypes of ANNs {(Adifictal Neurs! Network). Some of
the more popular include the multilayer percepiron which Is generally leaired with the
vackpropagation of error algarithm. Another way of classifying ANN types is by iheir method
of learning {or lraining), as some ANNs employ supervised training while others are reflerred
to a5 unsupervised or self-organizing. Supervised training is analogous to a sludent guided
by an instructor, Unsupervised algorithms essentially perform clustering of ine dala info
simitar groups besed on the measured attribites or fealures serving as inpuis o the
algorithms. This Is analogous to a student who derives the lesson totally oh his or her own.
ANNs can be implemented in software of in specialized hardware,

In section (I, we explained the ANN in detail which includes Modelling a neuron,
Activation function, Perceptron, Learning rutes {Hebb, Hoplield, Delta), Layers of Neurons
(Backpropagation Algorithms), Teaching an Adificial Neural Network (Supervised igarning.,
Unsupervised learning). in section Ill, we explained realizing ANN simulator which has three
main part (Perceplron, having diffrent learning rules one fayers ANN, for supervised learning
{hrea layer hackpropagation algorithms).
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5, ARTIFICIAL NEURAL NETWORKS

An ANN Is an Information processing paradigm that is Inspired by the way biological
nervous systems, such as the brain, process information. it is composed of a large number of
highly intarconnecled processing elements (hewones) werking In unison fo solve specific
problems. ANNs, like people, jearn by example, Ap ANN is configured for a specilic
application, such as pattern recogniion or data classification, theough a learping process.
Learning In biclogical syslems involves adjusimants to the synaplic conneclions that exist
hetween the neurones. This Is true of ANNsg as well, ANN is the lype of infonmalion
processing system whose architecture s insplred by the sirusture of biclogical neural
sysiems based on the following assumptions:

Characteristics of Meural Networks

¢  Each neton is connected to other neurons by maeans of interconnections or iinks with
an assoclated weight.

+ Memores are stored or represented in g neural nebwork in the pattern of
interconnection strengths among the neurons,

« Information is processed by changing the sirengths of interconnections andfor
changing {he state of each netions,

+ A neural network is irained rather than programmed.
Strengths of Neural Networks
» (eneralization
» Salf-organization
s Can recal] information based on incompliete or noisy or parfially incorrect inputs. -
s Inadetuate or volatile knowledge base
» Performs well in data-ntensive applications
* Data is Intrinsically noisy and error-prone

2.1. ANN history

The branch of arlificial intelligence called neural networks dates back to ihe 1240s,
when McCulloch and Pifts {1943] developed the first neural model. This was followed in 1982
by the perceptron model, devised by Rosenblat, which generated much interest because of
its abillly to soive some simple pattern classification problems. This interest slarted fo fade in
1869 when Minsky and Paper! [1869] provided mathematical proofs of the limitations of the
pergepiron and pointed out Its weakness in computation.

The last decade, however, has seen renewed interest In neural netivorks, both among
researchers and in areas of appilcation. The development of more-powerful networks, belter
training algorithms, and improved hardware have all contribuled lo the revival of the figid.
Neural-network paradigms in recent vears include {he Boltzmann machine, Hopfigld's
natwork, Kohonen's network, Rumsihart's competilive leaming mode!, Fukushima's model,
and Carpenter and Grossberg's Adaptive Resonance Theory modsl Wasserman 1889,
Freeman and Skapura 1991]. The field has generated interest from researchers in such
diverse areas as engineering, computer sclence, psychology, neurostience, physics, and
mathematics.
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2.2, Modeliing of a Neuron

To model the brain we nead lo model & newron, Each neuron performs & simple
somputation. |t recelves signals from s inpul finks and it uses these walues 1o compute the
activation level {or output) for the neuron, Thie value 1s passed o other neurons via ifs output
Hnks.The input value received of 2 neuron is calculated by summing the weighted inpul

values from its input links, Thatis jn = W_p, olur(1}
An activation {unction takes lhe neuron input value and produces a value which

necomes the output value of the neuron, This value is passed to olher newrons in the
network, This is surmimarised in this diagram and the notes in figure 1.
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Figore 1. Medeling of an Anificial Newron
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2.3 Activation Function

The behaviour of an ANN depends on both the weights and the inpub-output function
{activation function) that is specified for the units, This function typicaily falls inlg one of three
categories: linear (or ramp), threshold, sigmeid. For finear unite, e ouiput actvity is

- propertional to the total welghted output. For thrashold units, the output i set at one of two
ievels, depending on whether the tolal input is greater than or less than some threshold
value, For sigmoid units, the output varies continuously but not lingarly as the input changes,
Sigmoid units bear a greater resemblance to real nevrones than do linear of hreshold units, -
it gl fhree must be considered rough approximations.Some common activation funclions
arg shown in figure 2,
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Figure 2 ANN Activation Fanctions
These functions can be defined as foflows.
Lin{x}= x; Sign (=t1 Fx == 0, elsg ~1 Sigmoid(x}  =1{1+e™
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2.4, Perceptron

Farly ANNs, usually consisting of a single layer, and using simple threshoid fupclions,
ware called Perceptrons. A lypical perceptron type network Is shown In figure 3. The
architectire of a Perceptron consists of @ singte Input layer of many neurodes, and a single
output layer of many neurodes, The hetwork must also implement the Perceptroh leaming
e for weight adjusiment. This earning e compares the actval network output 1o the
desired network output {0 defermine the new welghts,
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Fhiure 3 Modelling of Perecpizon

Before & network such 23 the one presented above can be used, It must be taugit
This Is accomplished by aitering the waights In such a way that the oulput from the hetwork
moves toward the valug spacified by the designer for a particular input, This algofithms s
shown in figure 4,

Intiatize W e 10...0]
Unti} a complete pass through the training set ;Weight updates do: {
1 Selectan example €5y = {(P.,c,) and compuie W * P,
‘the ouputof the newron @, =1 If W * P, > 0
= § otherwise
2 B e Woarnle, -a )X,

} W oe W
Where 7= LegrningRate > 0; ¢, = Desived Output

Fipure 4 Porceptron Leaming Algorithms

2.5, Learning Rules

There are a varely of leaming faws which are in common use, Thase laws are
mathematical algorihms used to update the conneclion weights. Most of these laws are
soma sort of variation of the best known snd oldest leaming law, Hebb's Rule. Man's
understanding of how neural processing actually works Is very finited. Leaming is ceriainly
more complex than the simplification represented by the learning laws currently developed,
Research imlo different learning funclions continues as new ideas routinely show up in Yrade
publications etc. A few of the malor lows are given as an example below.
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2 Heblk's Rule

The first and the best known leaming rule was infroduced by Donald Hebb, The
description appeared In his book The organizalion of Behavior in 1848, This basic rule is; if a
nelroh receives an gt from another neuron, and if both are highly aclive (mathemalically
have the same sign), the welght belween the neurons should be slrengthened,

+  Hopfleld Law

This law is similar to Hehb's Rule with the exception that it specifles the maghilude of
the strenglhening or weakening. it states, "If Ihe desired output and the Input are both active
ar both inaclive, increment the connection weight by the learning rate, ofherwise decrement
the weight by the leaming rate.” {Most learning funclions have some provision for a leaming
rate, or a leaming constant. Usually this term s positive and befween zero and one.}

s . The Dalta Rule

The Deita Rule is a funher vadation of Hebb's Rule, and it is one of the most
commonly used, This rule is based on the idea of continucusiy modifying the strengths of the
input connections to reduce the diiference {the delta) betwesn the desired output value and
he actual output of 2 neuran. This rule changes the connection weights in the way that
minimizes the mean squared error of the network.

2.6. Layers of Neurans

In the section above, sinple networks of one laver were discussed; these networks
are a subset of 2 larger class of network called the Feedforward or Assoclative network, A
generalised feedforward network can have any number of layers, its distinguishing feature is
hal it ias no signal paths which feed data from the outpits back towards the inputs, In other
words, data only flows In one direction; from the inputs 10 the oulputs. This is in contrast lo
the Feedback or Auto-Assoclative hetwork in which data can flow back Trom oulput to input.
is shown in figure 5.
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Figure 5 Tayers O Mourons
2.7. Back Propagation

Back Propagation {BP) Is a method for lraining  multilayer feedforward nelworks s
shown in figure 8. Il works by iraining the output layer in {he same way as was shown for the
perceptron, and then propagaling the error caloulated for these oulpul neurons, back though
the walghts of the net, to train the newrons in the inper (hidden) layers,
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ils hasis is that the state of the network always changes in stch a way that the output
fofimws the error curve of the nefwotk downwards: that is, the error always decreases . This
idea s called Gradient descent.
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Figure 8 Three Laver ANN

"Bask-Propagation” Is & mathematical procedure that stars with the error at the
oulput of a neural network and propagates this error backwards through the network o yield
oulput error values for all neurens in the network. A common form of learning is "tial and
arror’. A "frlal" is the oulput of 2 system in respense 1o parlicular stmuli. An “error” is the
gxtemal reaction o the culptst of the system that is supplied to the system as some other
kind of stimulus. A system capable of "ial and error” leatning relies on receiving ieedback
that describes the nature and sevarlty of mistakes. The system can use the error information
to make corrections in the way & responds to that particular combination of slimull in the

future,

Back-Fropagation yields neuron error values throughout a neural network, Learning
occurs when nedron input weights and bias values are adjusted in an attempt to reduce the
ottput error for the same sfimudl it should be noted that defining & mechantam for learning
nplicitly defines the nature of phenomena that will frusirate learning.

First, an input is applied o the network and the oulput is Calculatad. The output is
then compared with the target and an eror is calculated, as with the perceplion. in the
perception case the neurons were considered 1o he simple threshold units, however, if {hey
have @ more complex activation funclion, then he error must be multiplisd by the derivative
of the activation function (for example the sigmeid function). Where BP differs fram simple
perceptron learning is in the training of the hidden layers. The idea is lo propagate the value
of error calculated for the oulput neurons, back through the weights, to the neurohs of the
nidden layer, and hence calcutate a value of errof for these. This is done by muitiplying the
value of arror from sach output laver by the weight connecting that oufput layer to the hidden
jayer newron, and adding all the contributlons together. Agaln, ¥ we heve an activation
funclion, we must multiply by its derivative.The process s then repeated for all the higden
layer Neurons,
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2.8 Teaching an Artificial Noural Network

s Supervised Learhing,

The vast majority of anlificlal neural network solutions have been tamed with
suparvision. in this mode, the aclual output of 2 neural network is compared io the desired
oulput. Weighls, which are usually randomiy set 1o beglh wilh, are then adiusted by the
network so that the next iteration, or cyele, will produce 2 closer match between the desired
and the actual outpul, The leaming method Yies {o minimize the curent errors of al
processing elements, This global error reduclion is crealed over time by continucusiy
madifying the input welghls untll an acceplable network acclracy is reached.

With supervised learning, the arlificial neural nefwork must be tralned before i
necomes useful, Tralning consists of presenting input and cutplt data to the network, This
data Is often referred o as the iraining set. That is, for each input set provided 1o the system,
the corresponding desired output set is provided as well. In most applications, actual data
musl be used. This tralning phase can consume a ot of time, In protolype systems, with
inadequate processing powar, leaming can take weeks. This tralning is considered compiete
when (he neural nelwork reaches an user defined performance level, This leve! signifies that
the network has achieved the desired stafistical accuracy as it produces the required oulputs:
for & given sequence of inpiits. When no further leaming is necessary, the weights ere
typically frozen for lhe application, Some network fypes aflow continuat training, at & much
slower rate, while in operation, This helps @ network to adapt to gradually changing
conditions, '

Training sets need to be faily large 1o contain all the needed information if the
network is 1o learn the featires and relationships that are imporiant, Nol only do the sels
have o be large bul the training sessions must Include a wide vaniety of data, if the network
is frained just one example at & me, all the welghts set so meticulously for one fact could be
drastically altered in iparning the next fact. The previous facls coudd be forgotien in learning
something new. As a resull, the systemn has to leam sverylihing logether, finding the hest
weight settings for the tolal set of facts, For example, in leaching a system 1o recognize pixel
natterns for the ten digits, if there were twenty examples of each digit, el the examples of the
dight seven should nel be presented at the same time, _

_ Howr the Inpul and output data is represented, of engoded, is @ major componsnt o
succensfully instrucling a network. Arlificial networks only deal with numeric input dafa.
Thereforg, (he raw data must ofen be converted from the external enwironment, Additionaily,
It Is tsually necsssary to scale the data, or nommalize it 1o the network’s paradigm, This pre-
processing of real-world stimull, be they cameras or sensors, into machine readable format is
already common for standard computers. Many conditioning techniques which directly apply
to artificial neural network implementations are readily avaflable. it is then up to the network
designer to find the best dats format and matching network architecture for a given
application, After a supervised network perinmms well on the training data, then i is imporiant
to see what I can do with data it has not seen before. if 2 system does not glve reasonable
oulputs for this test sef, the training period is not over. Indeed, this testing is criticat to insure
that the network has not simply memorized a given set of data but has learnad the general
patterns invoived within an application.

° Unsupervised Learning.

Unsupervised leaming is the greal promise of the Tulure. it shouls that computers
could someday lsarn on thelr own in & true robotic sense, Currenfly, ivis learning mathod is
Imiled to nelworks known as self-organizing maps.This promising field of unsupenvised
jearhing is somelimes called seif-supervised learning. These nelworks use no exiernal
influences o adjust their weights. Instead, they intemally monitor their performance. These
networks look for regularities or trends In the lnput signals, and makes adaplations according
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fo the funclioh of the network, Eveh withou! being told whether it's right or wrong, the hetwork
sl must have some information aboul how to organize tself, This information is built into the
retwork topology and learming rules,

An unsupervised learning algoriivn might emphasize cooperation among chusters of
processing slements. In such a scheme, the clusters would work logether, if some external
input activaled any node in the cluster, the cluster's aclivity as 2 whole could be increased.
Likewise, if external input to nodes in the cluster was decreased, that could have an
Inhibitory effect on the entire cluster. Competifion between processing elements could also
form & basis for leaming. Training of competitive clusters could amplify the responses of
spacific groups 1o specific stimull. As such, it would associate those groups wih each other
and with a specific appropriate response, Normally, when competition for learming is in effect,
only the welghts belonging o the winning processing slement will be updated,

2.9 Network Selection

Because all arificisl neural networks are based on the concept of neurons,
conhections gand transfer funchions, there is a similarity between the different structures of
architectures or neural networks. The majority of the variations slems from the various
learning rules and how those rules modify a netwoik's typical topology. The Tollowing
sections oulling soms of the most common arificlal neural networks. They are organized in
very raugh categories of application. these categories are not maant to be exclusive, they are
merely meant fo seperate out some of {he confusion over networks architeclurés ahd lheir
best matches o specific applications. Baslcally, most applications of neural networks fall into
tha foliwing categories:

® nrediclion |, classificalion, data agsocialion
Table | ANN Selection Table

::l::;:.rork Hetworks Use for Network
Prediction : gﬁﬁﬁ'ggfggg:m se input values fo predict some
o Ditactod Random Search output {e.q. pir{k the hest stocks in ti"_ua
o Higher Order Neural market, predict weather, identify
people with cancer risks o}
Melworks
Classification | ° laaarn;pg :‘f Setar Use input values fo delsimine the
uanizanon classification {e.g, is the input the
iwlter A, Is the blob of video dala 3
plane and what kind of plane Is it
Data * fopied , Like Classification buwt it also
— : ﬁ"ﬂszm“NMfd’::ﬁ racognizes data that contains erors
% SREERI RN {a.g. not only idenfify the characters
that wera scanned but identily when
the scanner isn't working properiy)

Taple | shows the differences between these network categories and shows which of
the more common network topologies belong to which primary category. this charl is
intended as @ guide and is not meant to be all inclusive, There are many other network
derivafions, this chart only includes the some of therm, Some of these nebworks, which have
peen groupad by application, have been used to solve more than one type of problem.
Feediprward back-propagation In particular has been used fo solve almost all types of
nroblems and indeed is the most popular one.
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210 Applications of Artificial Meural Metworks

Urfike traditional expert systems where a khowledge base and necessary rulas have
to be defined explicitly, neural networks do not need rules instead they generate rules by
fearning from shown examples. This makes ANNs general purpose dlassification fools to be
used Iy pattarn recognition and classification systems. Neural nelworks provide a closer
approach 1o human perception and recognition than tradilional computing. When inptits are
noisy of incompiele neural Retworks can siilt produce reasonsble resulls. Neural networks
are used successfufly in the following aresslanguage Processing (Text-o-speech and
Speech-odext applications) Data compression, Securify, Image Recognition, Oplical
Characler Recognition, Texture Deteclion and Segmentation, Handwiiting recognition,
Targat classification, Industrial inspection, Opfimization problems such as lraveliing
salesman problem, Signal processing {prediction, system modeling, nolse fitering eto),
Financigl and Economic Modeling ,Contrel Systems ,Setve Control.

There are other areas in which neural nelworks might be appliied successfully. They might
include intefiigenl e-commerce applications In which customer buying intentions are
recogmized from varous interactions of the user with the web site,

lil. REALIZED ARTIFICIAL NEURAL NETWORK SIMULATOR

Realized ANN simulator in this study Is composed of three struclure. Flrstly,
perceptron which includes one and two inpuls are realized. Here input values and activation
functions (hardiim, hardlims) of perceptron can changeabie and due lo this siluations output
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Secondly, an ANN model which has one layer and muiti-neron is considerad. In this
model, a simulatér Is designed o reslize Hebblan, Delta, Perception and Widrow Half
{.sarning algorithms. in this gimulator, learing algotithins, neuron numbers, Neuron nputs
numbers and activation funstions can selected. Such a structure is shown in Figure 8.initial
weight and bias valies can bo sel randomly. When user create input and destinalion values,
weight and ocutput matrx modification are seen in each step. Diferantial error between
destination and autpu! malrix can be examined graphically.
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Thirdly, an ANN which has three layer is reallzed. In this structure, input numbers,
newron numbers of each iayer, patlern numbers and aclivation functions (Purelin, Tansig,
logsig) Learning rale can be selected, Such a structure is shown in Figure 8.initielize values
of weights can be assigned randomly. Input matrices-testination matrices vahie can he read
from texd file. Result waight mairices, oufput matrice aleo gah be saved fo the text He, By
way of learning ANN, realized software supported with graphics interface. In addition to this,
ANN leaming phases are examined graphically and its has heip file for ANN .
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in this study, we considered ANN and realized ANN simulator which help tearning
process and explalned this process according to the Inpuls, weights, activalion functions,
isarning types and oulpuls.

IV.CONCLUSION

As mentioned in this study, ANN is the most applicability Al technics ih real world.
Espectally, lsaming process in technology education is effectiveif it supports simulation
lools. Educalion which based on simuator iz the mosl faclor effecting learning and
understanding. Thus, ANN simutator which realized in this study is increased ANN education
visuglly. That's way, ANN has 10 ba considered educationally, Aim of the this, ANN Simulator
used i graduale level class in universily. When we compared previous issson via lo
suCCess, perception and leam, we obsstved that using that ANN simulalor is useful
gducationaly.
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