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Chapter 1

In tro duction

1.1 Purp ose of this documen t

The intendedpurposeof this document is to provide my academicsupervisorMd Azharul
Karim with a detaileddocumentation of the work doneduring my 24weeksof job training
at the Mechatronics Research Group, Department of Mechanical and Manufacturing
Engineering,University of Melbourne, Australia. It is alsobeing authored in support of
my supervisor's ¯nal PhD thesis.

Furthermore, asthe mentioned job training is requiredwithin my conditionsof study
at the Faculty of Computer Science,University of Magdeburg,Germany, this document
alsoprovidesthe mandatory project report which is supposedto be written accompany-
ing the training time.

As my research work continues during the time of writing this document, certain
results from it may ¯nd their way into various journal papers.

1.2 Motiv ation

Imagine working at a large semiconductorcompany and being responsible for quality
control at the end of multiple assembly and production lines. Since there is no fuzzy
classi¯cation of chips, that is, there is only a working product or non-working `waste',
you are de¯nitely interestedin discovering wherepossiblyfaulty stepsmight be situated
and with which amount they contribute to the ¯nal product. The only input data
you possessto perform your work consistsof an enormousamount of values from the
assembly line meters;tediousworking hourshave beeninvestedby colleaguesto ¯nd out
manually whether the ¯nal product has beena working exemplar or one that was out
of order. Thoseother people,however, relied on their knowledgeabout the production
processand did not target relationships inside the data which might have led to faulty
products. Your task as a data analyst is to detach from the physical background and
instead to work on the given data exclusively. Right from the beginning, basedon the
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high dimensionality of the data, you are surenot to usestatistical, descriptive methods
to ¯nd distinguishing attributes. Sinceneural network learning algorithms are known to
operate well under theseinput data conditions, you decideto use the extensionof the
Self-OrganisingMap, the Growing Self-OrganisingMap, to try to ¯nd the (presumed)
distinguishing attributes (= possibly faulty production line points).

1.3 Giv en task

Given high-dimensional,two-class,manufacturing data, evaluatewithout further knowl-
edge about the data itself the feasibility of applying the Growing Self-Organising-Map
(GSOM) algorithm to it and try to ¯nd distinguishingattributes within the givendataset.

Certainly this condenseddescription needssomeexplaining: The `high-dimensional'
and the `manufacturing' keywords will be explained in the following section; the `two-
class' keyword refers to the given dataset as a discrimination problem between two
classes,namely `good' and `bad'1 products. Now, the task is to use the GSOM al-
gorithm and to ascertainwhether it is suitable to solve this discrimination problem and
to automatically separatethe input dataset into two classes.The term `without further
knowledge' is self-evident, with an important exception: the data distribution between
`good' and `bad' is known beforehand,a fact that makes benchmarking of the GSOM
possible.

1.4 Man ufacturing data

To exemplify the manufacturing data's impact and, in conclusion,the certain needfor
computer-aidedprocessingseetable 1.1 from which the data dimensionality and layout
can be obtained. The given raw data contains several ¯elds that are either irrelevant
to the data mining process(such as identi¯ers or constant values)or needfurther han-
dling as to not mislead the chosenneural network into wrong conclusions. Therefore,
preprocessingactions had to be taken, seeSection3.1 for details.

From table 1.1 the dimensionality of the data can be derived as having more than
16,000inputs (or `vectors') with 133 attributes each. The only additional fact given
to estimate the outcome of the respective data mining technique was a threshold of
8750referring to the attribute labeled'REF' which discriminatesbetweengood and bad
products.

1The words `good' and `bad' have beenusedto describe the two possibleclassesthroughout the au-
thor's training time at the University of Melbourne; they do not constitute any valuation and could have
been chosenarbitrarily . As mentioned in the intro duction, this report also serves as a documentation
to my Australian supervisor and is, in that regard, compliant to his thesis.
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NAME REF C1 C2 . . . C92 X93 . . . X131
1 J54604012 1 9628 1.00E-09 2.21E-02 . . . 15 SMO . . . Dec-18
2 J54604012 1 9496 1.20E+00 2.21E-02 . . . 33 SMO . . . Dec-19
3 J54604015 1 9336 1.05E-09 2.34E-02 . . . 33 SMO . . . Dec-19
4 J54837501 3 9148 1.36E-09 2.26E-02 . . . 14 SMO . . . Dec-19
5 J54837504 6 9480 -1.00E-08 2.50E-02 . . . 23 SMO . . . Dec-19
...

...
...

...
...

...
...

...
...

...
16381 F60661720 3 9728 -2.69E-08 2.24E-02 . . . 17 SMO . . . Feb-26

Table 1.1: Data dimensionality and layout beforepreprocessing

1.4.1 Prop osed solution / Do cumen t structure

To understandthe underlying principles of the GSOM, this special technique within the
neural network technologieswill be explainedin detail in Chapter 2. Now that you know
about the basics,Chapter 3 starts with the preprocessingas the ¯rst action that has to
be taken, then describesa quality measure,both asprerequisitesto invoking the GSOM.
Appropriate parametersetsfor the GSOM are establishednext, a samplingmethod will
be developed and the ¯nal simulation setup is described. Numerical, formatted results
as well as resulting maps from this setup will be described in Chapter 4. Chapter 5
¯nalises and summarisesthis document and points out possiblefurther work.

However, the secondchapter follows and starts with a short introduction to arti¯cial
neural networks.
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Chapter 2

Basic techniques

2.1 Short in tro duction

Arti¯cial neural net works

Arti¯cial neural networks areadaptive modelsthat can learn from input data and gener-
alise (therefore simplify) learnedthings. They extract the essential characteristicsfrom
the numerical data as opposedto memorising all of it. This o®ersa convenient way
of reducing the amount of data (neural networks have been used to processmillions
of inputs [5]) as well as to form an implicit model without having to manually form a
traditional, physical or logical model of the underlying phenomenon.In contrast to tra-
ditional models, which are theory-rich and data-poor the neural networks are data-rich
and theory-poor in a way that little or no a-priori knowledgeof the problem is present
and alsothat certain propertiesarehard to prove but easilyto acceptbasedon empirical
observations.

Self-Organising Maps

Self-OrganisingMapshavebeenwidely usedin data mining { or knowledgeexploration {
to visualisehigh-dimensionaldata and to reduceits dimensionto just a fewrepresentativ e
prototypes. It is therefore crucial to sustain the highest possibleaccuracyduring the
data mining process.Many variants extendingthe conventional SOM's capabilitieswere
proposed(one of which is the Growing Self-OrganisingMap) to allow more °exibilit y
and adaptivenessby introducing controllable and consecutive growth during the training
process.This chapter will explain the SOM and GSOM algorithms in detail to provide
the necessarybasicsfor understandingthe rest of this report.
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2.2 SOM

The Self-OrganisingMap developed by Prof Teuvo Kohonen [6] is oneof the most pop-
ular neural network models. The SOM algorithm is basedon unsupervisedcompetitiv e
learning causing the training to be entirely data-driven and the neurons on the map
to compete with each other. Supervisedalgorithms like the Multi-La yer Perceptron or
Support Vector Machines require the target valuesfor each data vector to be known in
advancewhereasthe SOM doesnot have this limitation. The SOM hasbeeninvoked in
a large variety of tasks ranging from processmodeling [3] over large textual document
collections[4] to multimedia feature extraction [9].

The important distinction from Vector Quantisation techniquesis that the neurons
are organisedamonga regular grid and that along with the selectedneuron (the Best-
Matching Unit) also its neighbors are updated, by meansof which the SOM performs
an ordering of the neurons. In this respect the SOM is a scalingmethod projecting data
from a high-dimensionalinput spaceonto a typically two-dimensionalmap (see¯gure
2.1). Hence,similar input vectors get mapped to neighboring neuronson the output
map.

input layer

map

�

��

�

�

��

�

�

��

�

Figure 2.1: Neighborhood preservingmapping from input layer to two-dimensionalmap

2.2.1 Structure

A SOM is formedof neuronslocatedon a usually 2-dimensionalgrid having a rectangular
or hexagonal topology. Each neuron of the map is represented by an n-dimensional
weight vector mi = [mi 1; ¢¢¢; min ]T , wheren is equal to the respective dimensionof the
input vectors. Higher dimensionalgrids might be usedbut their visualisation is not as
straightforward as it is for two-dimensionalmaps.
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The map's neuronsare connectedto adjacent neuronsby meansof a neighborhood
relation which superimposesthe structure of the map. Immediate (directly adjacent)
neighbors belongto the 1-neighborhood N i; 1 of neuron i . As mentioned, in the 2D-case
the neuronsof the map can be arrangedeither on a rectangular or a hexagonalgrid, for
an illustration including the neighborhood relation see¯gure 2.2.
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Figure 2.2: Equidistant SOM neighborhoods on a rectangular grid with (a) Euclidean,
(b) city-block, (c) chessboard distance. [7]

The number of neuronsnaturally determinesthe granularit y of the resulting mapping,
which in turn in°uencesthe accuracyand the generalisationcapability of the SOM.

2.2.2 Initialisation

In this section's basic SOM algorithm the number of neuronsand the topological re-
lationship are ¯xed from the beginning, as opposedto the GSOM algorithm explained
in Section 2.3. The number of neuronsshould usually be selectedas large as possible
with the neighborhood sizea®ectingthe smoothnessand generalisationcapability of the
mapping. The mapping doesnot su®erconsiderablyeven when the number of neurons
exceedsthe number of given input vectors;selectingthe neighborhood sizeappropriately
seemsto be much more important. As the sizeof the map increasesto e.g. thousands
of neuronsthe training phasebecomescomputationally almost infeasible for practical
applications; in this term the SOM does not exhibit much di®erencefrom the GSOM
algorithm whose(exemplary) computation times canbe obtained in detail from Chapter
4.

An initialisation of the weight vectorshasto be provided beforestarting the training
phase.Sincethe SOM is robust in regardsto the choiceof the initialisation it will ¯nally
converge,albeit the proper choice of initial valuescan save somecomputational e®ort.
Two often-usedinitialisation proceduresare the following:

² random init: weight vectorsare initialised with small random values,
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² sample init: weight vectors are initialised with random samplesdrawn from the
input data set.

2.2.3 Training

In each training step one samplevector x from the input data set is chosen(in order
of appearanceor randomly) and a similarit y measureis calculated between it and all
the weight vectors of the map's neurons. The Best-Matching Unit (BMU), denotedas
c, is the unit whoseweight vector possessesgreatestsimilarit y with respect to the input
samplex. The distance measureused to de¯ne the similarit y is typically a Euclidean
distance;formally the BMU is the neuron for which

kx ¡ m ck = min
i

fk x ¡ m i kg (2.1)

holds, wherek ¢k is the chosendistancemeasure.
Having found the BMU the weight vectorsof the SOM are updated as follows: The

weight vectorsof the BMU and its topological neighbors are moved closerto the input
vector from the input space. This adaptation procedure stretches the BMU and its
neighbors towards the presented samplevector. For an illustration see¯gure 2.3. The

BMU

X

Figure 2.3: Updating the BMU and its neighbors towards the input sample[10]

update rule for changing the respective weight vectorsof unit i of the SOM is:
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m i (t + 1) = m i (t) + hci (t)[x(t) ¡ m i (t)]; (2.2)

where t denotesthe time step. x(t) is the input vector chosenfrom the input data set
at time t and hci (t) the neighborhood kernel around the winner unit c at time t. The
neighborhood kernel is a non-increasingfunction of time and of the distance of unit i
from the BMU c. Colloquially expressed,it de¯nesthe regionof in°uence that the input
samplehas on the SOM. The kernel is formed of two parts: the neighborhood function
h(d; t) and the learning rate function ®(t):

hci (t) = h(kr c ¡ r i k; t)®(t) (2.3)

wherer i is the location of unit i on the map grid.
There aremany possibletypesof neighborhood functions, the simplestand alsomost

commonly-usedof which are the following:

² Bubble: constant amongthe neighborhood of the winner unit and zero elsewhere
(see¯gure 2.4 (a)),

² Gaussian:exp(¡ kr c ¡ r i k2

2¾2 (t ) ) (see¯gure 2.4 (b)).

0
2

4
6

8
10

0

2

4

6

8

10
0

0.2

0.4

0.6

0.8

1

(a)

0
2

4
6

8
10

0

2

4

6

8

10
0

0.2

0.4

0.6

0.8

1

(b)

Figure 2.4: Commonly usedneighborhood functions [10]

Using the Gaussianneighborhood function yields slightly better results but is also
heavier in computational terms. When the SOM is applied, the neighborhood radius is
normally larger at ¯rst (resulting in fast adaptation of the map to the inputs) and is
constantly decreasedthroughout the training process.

As well as the neighborhood also the learning rate ®(t) is a function decreasingover
time. Two commonforms are:

² a linear decreasingfunction: ®(t) = At ,
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² a function inverselyproportional to time: ®(t) = A
t+ B ,

with A, B chosenappropriately, respectively.
The training is usually carried out in two phases,the ¯rst of which featuresrelatively

large initial alpha and neighborhood radius values, whereasin the secondphaseboth
valuesare relatively small right from the beginning. This happensin pursuit of tuning
the SOM to the samespaceas the input data and then ¯ne-tuning the map. A more
elaborate versionof those 'tuning' and 'smoothing' phasescan be seenin Section2.3.2.

There aremany variants to the basicSOM, such asneuron-speci¯c learning-ratesand
neighborhood sizesor using a Growing SOM (GSOM), which will be explainedin detail
in Section 2.3 and has been used for the simulations explained in Chapter 3. These
modi¯cations target some of the inherent disadvantages of the basic SOM principle,
such as the hard-coded, un°exible map sizeand enablethe SOM to better represent the
topology of the input data set without losing its advantagesen route, most important of
which is the instant comprehensibility through visualisation of the input data.

2.2.4 Imp ortan t prop erties

As detailed in the last chapter, the SOM algorithm itself is very simple, but desirable
mathematical proofs of its properties are still outstanding. However, in most practical
applications good results can be obtained, one of the more exciting examplesof which
is [5], where about 6.8 million patent abstracts were preprocessed,represented by 500-
dimensionalvectorsand then clusteredusinga SOM algorithm. SOM propertiesrelevant
to the given task are listed below.

Voronoi regions

The SOM partitions the input spaceinto convex Voronoi regions,with each neuronbeing
responsible(in analogyto the biologicalcase)for oneof theseregions.The Voronoi region
of a neuron i is the union over all the vectorsx to which it is closest:

Vi = f xjkm i ¡ xk < km j ¡ xk; i 6= j g: (2.4)

The referencevector of the respective Voronoi region is placed according to the local
expectation of the data weighted by the neighborhood kernel:

m =
R

hcip(x)xdx
R

hcip(x)dx
(2.5)

Quan tisation and pro jection

In searching for good referencevectorsand ordering them on a regular grid at the same
time, the SOM combinesthe properties of data projection and vector quantisation tech-
niques. The grid can be thought of as a 2-dimensionalelastic network following the



Chapter 2. Basic techniques 10

original data's distribution. However, the SOM does not try to preserve the distances
directly but instead focuseson representing the topology of the input data which makes
it inherently useful for visualisation of large data sets.

There is an important tradeo®to bemadebetweenthe two competing goalsof (exact)
quantisation and topology preservation; this can be controlled by setting the radius of
the neighborhood kernel appropriately. Obviously, the SOM reducesto a plain vector
quantisation algorithm when the neighborhood radius is set to zero.

Errors in data / missing data

Naturally, even the SOM cannot be prevented from su®eringthrough incomplete or
otherwise faulty data fed into it. However, outliers in the input data can be easily
detectedas their distancefrom other vectors in the sameunit that it was mapped to is
large. In practice, we often have to deal with data that has missingvalues,represented
by vectors with missing components. This problem can be overcomeby leaving out
the missingcomponent from the distancecalculation during the training and updating
process;if there is still a su±cient number of completevectorsto train the map with, the
missingvaluescanevenbe ¯lled in with e.g.meanvaluesfrom the unit it got mapped to.
Obviously, 'Errors in data' doesnot refer to errors introducedduring the preprocessing;
if the input data is somehow biasedor has other systematic or inherent errors, those
cannot be detectedand/or might simply result in bad maps.

2.2.5 Visualisation

There are a variety of di®erent visualisation techniquesonce the SOM has been com-
puted, two of which are relevant to the current problem and thereforementioned here.

Vector comp onent planes

The referencevectorsof the SOM can be visualisedvia the component plane represen-
tation [3]. The computed SOM can be thought of as multi-tiered with the components
of the vectors describing horizontal layers themselves and the referencevectors being
orthogonal to theselayers. In this planar, sliced representation it is easyto (a) seethe
distribution of the component values, and (b) recognisecorrelations between compo-
nents. This technique might be usedin a later stageof the current solution to the task
from Section1.3.

Clusters

The main techniquesusedfor evaluating the resultsin Chapter 4 wereto (a) visualisethe
computedmap and manually look for distinguishableclustersand (b) introducea quality
measureas a further indicator of the map's grade. Clusters are groupsof vectorswhich
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are closeto each other, relative to their distanceto other vectorson the map. Therefore,
there aredi®erent maps(through di®erent criteria beingvisualised)to be shown and the
onesto be usedhereare either the distancemap or the hits map. Examplesfor typesof
mapscan be found in Section2.3.3and their manual evaluation in Chapter 4.

2.3 GSOM

The characteristic feature distinguishing neural maps from other neural network
paradigmsand other regularvector quantisersis the preservation of neighborhoods. This
desirablefeature obviously dependson the choiceof the output topology: the proper di-
mensionality of the output spaceis usually not known a-priori, but yet hasto bespeci¯ed
prior to learning in the SOM algorithm. This knot has to be cut to be able to optimise
the neighborhood preservation.

Of course,one could easily compute structures in a brute-force approach, starting
from di®erent mapsizesandevaluating the degreeof neighborhood preservation to choose
the best map possible. Yet, this strategy is computationally heavy and doesnot neces-
sarily yield the map with the best possibleneighborhood preservation. Therefore,in [2]
a new algorithm wasproposedwhich extendsthe SOM in a very straightforward way. A
more advanceddescription can be found in [8] or in [1].

Sincethe GSOM is an extensionto the SOM, the latter's basicprinciples (seeSection
2.2.1and 2.2.4)alsohold for the GSOM. For the sake of clarity this sectionis structured
similarly to the SOM section.

New variableswill be introduced:

² Herr : accumulated error throughout the map,

² Spread Factor: allows user to control growth,

² Growth Threshold: derived from SpreadFactor, seeEquation 2.6.

2.3.1 Structure and Initialisation

The basic structural assumptionsof the GSOM are the same as those of the SOM,
except that the initial grid sizeof the output spaceusually lies in the range of two to
four neurons, depending on topology (rectangular, hexagonal). SeeSection 2.2.1 for
more details regarding the choiceof topology.

However, the initialisation is usually performed randomly by selectingvalues from
the input vector's value range and, since every initial node is a boundary node, no
restrictions are imposedon the direction of growth. To determinewheregrowth occurs
(i.e. wherenodesare added)a new variable Herr is initialised to 0 and will keeptrack of
the highest accumulated error value in the network. Furthermore, a spread factor (SF)
value has to be speci¯ed by the user enabling him to control the growth of the SOM.
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The mentioned Growth Threshold(GT) derivesfrom the SF as in Equation 2.6 (where
D stands for the data dimensionality) and is used internally as a threshold value for
initiating node generation: a high GT meanslessspreadand a low GT leadsto a larger,
morespread-outmap. Note that the outer boundariesof the spreadfactor (0 and 1) can
not be included since ln(0) = undef ined, and ln(1) = 0 rendersthe growth threshold
uselesssince the computed error of the map will exceedit in every step and therefore
grow continuously.

GT = ¡ D £ ln(SF ) (2.6)

2.3.2 Phases

Gro wing phase

As with the SOM, the set of neuron vectors Wi in the GSOM can be consideredas
a vector quantisation of the input spaceso that each neuron i is used to represent a
Voronoi region Vi (seeSection 2.2.4). A winner neuron is found as per the algorithm
listed below. If a neuron contributes signi¯cantly to the total error of the network then
its Voronoi region is said to be underrepresented by the assignedneuron. Hence,a new
neuron is generatedin the immediate neighborhood to achieve a better representation
of the region, or, if growth is not possible,the error getsdistributed to the neighboring
neurons,raising their error and thereforetheir growth probability.

The (simpli¯ed) GSOM algorithm for the growing phasepresents as follows:

² Present input to the network.

² Determinethe winner neuroni , usingthe chosendistancemeasure(e.g.Euclidean).

² Adapt weight vectorsof winner and its respective neighborhood.

² Increasethe error value of the winner.

² If total error of neuronis larger than the growth threshold: grow, if i is a boundary
neuron; or distribute weights to neighbors if i is a nonboundary neuron.

² Repeat thesestepsuntil all inputs have beenpresented.

Smoothing phases

The smoothing phasesoccur after the new neuron growing in the precedinggrowing
phase. The growing phasestops when new neuron growth gets saturated, i.e. if the
frequency of new neuron additions falls below a certain threshold. Once the neuron
growing phaseis complete, the weight adaptation is continued at a lower adaptation
rate. No new neuronsare added during this phase,whosepurposeit is to smooth out
any existing quantisation error, particularly in the neuronsgrown in the later stagesof
the growing phase.
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During the smoothing phases,inputs to the network are the sameas those of the
growing phase. The starting learning rate (LR) in this phase is smaller than in the
growing phasesincethe weight valuesshould not °uctuate too much without converg-
ing. The input data vectors are repeatedly presented to the network until convergence
is achieved or a certain speci¯ed number of inputs have beenpresented. The smoothing
phaseis stopped if the error valuesof the neuronsin the map fall below a threshold. Mul-
tiple smoothing phaseswith di®erent (consecutively decreasing)LR and neighborhood
sizescan be applied.

2.3.3 Maps

Av erage map The left map in Figure 2.5showssimilarities betweenneighboring weight
vectors. For each weight vector the distanceto each of the neighboring weight vec-
tors is calculated, those values are averagedand a color from a black-and-white
palette is assignedaccordingto the determined value. White or light grey colors
show similarities (low distances)whereasblack and darker colorsshow dissimilar-
ities (high distances). If the distancesare not averaged,but accumulated instead,
you get to the distancemap, which will be described now.

Distance map The right map in Figure 2.5 exempli¯es a distance map, where the
distancesthat each neuron has to its neighboring neuronsare accumulated and
depictedwith a color palette ranging from blue (low distance)over green(medium
distance)towardsred/brown (high distance). This map canhelp in ¯nding borders
betweenexisting clusters, sincecluster borders are small regionswhere distances
are relatively high comparedto the rest of the map or the insideof a singlecluster.

Error map The error map, to be seenon the left of Figure 2.6, shows the accumulated
error for every neuron at the current stage of training. A low or zero error is
illustrated as a violet or dark blue color, whereasthe error raisesover red/brown
to greenishcolors for neuronswith the highest error. Sincethe map grows from a
small initialisation stageto larger sizes,the error is expectedto propagatetowards
the borders of the map, where neuronswith highest error causemap growth to
better represent that particular region of the input space.

Hits map This map, shown on the right of Figure 2.6, is the type of map that will
mainly be worked with when running simulations. It shows the number of inputs
which were mapped to the individual neuronsduring the GSOM training phase.
The color palette rangesfrom blue (no mappings)over shadesof greento red (high
number of mappings). In the depicted case,it is to be expected to have a high
number of mappings in the middle cluster (neurons 1, 3, 5, 6, 7, 15), a medium
number assignedto neuron 62 (bottom left) and a cluster with less mappings
(neurons60 and 64), with the rest of the input referencesscatteredthroughout the
remaining neurons.
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Figure 2.5: Averagemap and Distancemap

Figure 2.6: Error map and Hits map
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2.4 GSOM implemen tation

A sophisticatedgraphical user interfaceto the GSOM algorithm hasbeenprovided and
the essential user con¯guration parts can be found here. Every aspect that has been
mentioned theoretically beforehandis implemented in JAVA; therefore rendering the
operation intuitiv ely. Furthermore, the implementation details are of no interest in the
scope of this report, sothey are left out and only someschematic screenshotsare shown
below.

Figure 2.7: Basic menu choicesof GSOMpak JAVA implementation
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Figure 2.8: Training menu options of GSOMpak JAVA implementation
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Chapter 3

Simulation and Evaluation
Framew ork

Having explainedthe basictechniquesin Chapter 2, this chapter dealswith the generated
simulation framework and introducesa quality measurefor evaluating the simulation
results. However, sincepreprocessingof data is inherently important, it will beexplained
¯rst.

3.1 Data prepro cessing

The ¯rst attempt at preprocessingwas done by a fellow research team member which
later proved to be incomplete and is to be supplemented in Section 3.1.2. The newly
preprocesseddata which was usedas input to the data mining processis schematically
depicted in Table 3.1.

C1 C2 . . . C808 REF
1 1.00E-01 2.21E-02 . . . 1 9628
2 0.00E-00 2.21E-02 . . . 0 9496
3 1.05E-01 2.34E-02 . . . 0 9336
4 1.36E-01 2.26E-02 . . . 1 9148
5 1.00E-01 2.50E-02 . . . 1 9480
...

...
...

...
...

...
15980 2.69E-01 2.24E-02 . . . 1 9728

Table 3.1: Data dimensionality and layout after preprocessing
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3.1.1 Original prepro cessing

Pruning

As can be seenfrom table 1.1 (original data) there are certain typesof data ¯elds that
are irrelevant to the data mining process,such as dates and times of data acquisition.
There are alsoconstant ¯elds which thereforebear no distinguishing information at all.
Thesecan safelybe pruned to reducethe computational load afterwards without having
in°uence on the data mining result.

Expansion of categorical data

Categoricaldata hasto beexpandedto suit the assumptionof equaldistancesamongthe
data. For each column of categoricalvalues,the number of di®erent attribute valuesn is
calculated; subsequently, this column is replacedby n columns(one for each category)
which are ¯lled with 1's wherethe column's categorymatchesthe original categoryand
with 0's otherwise. This preprocessingstep can dramatically changethe dimensionsof
the input data and might also lead to sparselypopulated input tables. Seetable 3.2 for
a comprehensive example.

Category
A
B
C
A
D
E

)

A B C D E
1 0 0 0 0
0 1 0 0 0
0 0 1 0 0
1 0 0 0 0
0 0 0 1 0
0 0 0 0 1

Table 3.2: Expansionof categoricaldata

3.1.2 Own prepro cessing

After several months of simulations an important observation causedto believe that the
original order of steps might be incomplete: even with several well-chosenparameter
sets,the GSOM algorithm did not convergetowards a satisfactory separationof the two
input classeson the map. Sincethe GSOM itself as well as the parameter setsare less
likely to generatethis behaviour, the preprocessingseemedto be the cause,therefore
additional preprocessingstepshad to be undertaken in order to improve on simulation
results. To be able to assessthe di®erencein results due to changesin preprocessing,a
quality measurehasalsobeendeveloped.



Chapter 3. Simula tion and Evalua tion Framew ork 19

Elimination of outliers

Among the original dataset in Table 1.1 it can be seenthat there are certain outliers in
the data which aremost probably causedby incorrect measurements from the production
lines (e.g. faulty metersor errors during transmission);which manifest by being several
ordersof magnitude di®erent from the remaining majorit y of the data. Assuming that
the normalisation is carried out in the usual way, even a single outlier is su±cient to
skew the ensuingdata mining process. A more intuitiv e explanation can be obtained
from Figures 3.1 and 3.2, where the immediate e®ectof the outliers is obvious, scaling
the majorit y of valuesto nearly 0 and the few outliers to 1. This rendersthe data mining
processnearly uselesssince°oating point arithmetics' accuracyis limited.

Finding the outliers was donemanually as follows:

² For every numerical attribute:

1. Sort input vectorsby current attribute

2. Calculate attribute median

3. Calculate attribute mean

4. Comparemedian to mean

5. For large di®erences:1

(a) Check both endsof sorted list for outliers
(b) Delete corresponding input vectors
(c) Repeat from Step 1

6. For small di®erences:Go to next attribute.

It shall be noted that the distribution of \good" and \bad" input vector references
did not undergoa major changeafter outliers wereeliminated; the percentageof \good"
product referenceschangedfrom 85.92%to 86.04%whereasthe percentage of bad prod-
uct referenceswas reducedby the respective amount.

Normalisation

Every data attribute was scaledto [0; 1] by using Equation 3.1, where xmin and xmax

denotethe minimum and maximum value of the attribute, respectively.

xnew =
x ¡ xmin

xmax ¡ xmin
(3.1)

1For each of the numerical attributes under consideration in this context, one or more outliers could
be found that were at least three orders of magnitude di®erent from the rest of the attribute values.
This method works in this special casebecauseof the attributes' having a distribution similar to the
one shown in Figure 3.1.
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0E+00 1E+08

Figure 3.1: Data distribution beforenormalisation including outliers

10

Figure 3.2: Data distribution after normalisation including outliers

Expansion of categorical data

Expansion of categorical data was performed in the same manner as in the original
preprocessingchain (Table 3.2).

3.2 A qualit y measure

In order to comparethe results of running simulations with di®erent parameterson the
samedataset,or with the sameparameterson di®erently preprocesseddata, this section
will introducea quality measurewhich takesthe completemap into account and can be
generatedautomatically as an objective, i.e. non-human-biased,quanti¯er.

Assumptions

As mentioned in Section1.3 the given task is to invoke the GSOM algorithm to produce
an automatic classi¯cation (clustering) of high-dimensionalinput data. The desiredclus-
tering is known in advancefrom the data distribution and would be a binary clustering
at best, i.e. separating the \good" from the \bad" products on the GSOM. The data
available for developing the benchmarking method are (a) the original data's statisti-
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cal valuesand its distribution between \good" and \bad", and (b) the data from the
generatedmap, i.e. the distribution of input vector referencesamongthe map's neurons.

Desired benchmark prop erties

The benchmark (named `clustering quality') should yield a number between 0 and 1
as a quality measureof the input vector separation among the neurons. 0 meansno
di®erencein data distribution, i.e. no clusteringat all. 1 meansa high probability of good
clustering, albeit visual map exploration is still necessary. The developed benchmark is
supposedto aid the userin evaluating the result, thereforea valueof 1 doesnot guarantee
good clustering but can insteadbe seenasan indicator of potentially good clustering. A
simple examplefor a high benchmark rating in combination with an obviously bad map
could be wherea benchmark valueof 1 existsfor an overtrained, non-clusteredmap with
as many neuronsas input vectorsand every input vector being assignedto exactly one
neuron. The algorithm's block diagram is depicted in Figure 3.3.

Algorithm Quality Measure from [0,1] 
Statistics of original data

Statistics of GSOM

Figure 3.3: Quality-measuringalgorithm

A good separationof input vectors is achieved if every neuron contains only input
vectorsfrom oneclass(i.e. \good" or \bad") or no input vectorsat all, in which casethe
benchmark should yield 1. Bad separation(or no separation) should be benchmarked
with a 0.

Conventions

Variable namesreferring to the completeinput dataset (constants):

² N { total number of inputs

² G { total number of good products

² B { total number of bad products

² G
N { percentage of good products in total number of inputs

² B
N { percentage of bad products in total number of inputs

And similarly for inputs mapped to respective neurons:
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² ni { number of inputs mapped to neuron i

² gi { number of good products in neuron i

² bi { number of bad products in neuron i

² gi
n i

{ percentage of good products in inputs mapped to neuron i

² bi
n i

{ percentage of bad products in inputs mapped to neuron i

Calculation

Finally, the clustering quality value CQ is computedas follows:

CQ =
X

i

max

8
<

:

gi
n i

¡ G
N

1 ¡ G
N

¤
ni

N
; 0

9
=

;
+

X

i

max

8
<

:

bi
n i

¡ B
N

1 ¡ B
N

¤
ni

N
; 0

9
=

;
(3.2)

From Equation 3.2 it caneasilybeseenthat the maximum CQ valueof 1 will beachieved
if good and bad product referencesare mapped to separateclusters. On the other hand,
the minimum benchmark valueof 0 will bereturned if the data partitioning on the map is
the sameasthat amongstthe input dataset. Colloquially expressed,CQ givesa measure
of how far the clustering on the map deviatesfrom the original data distribution.

Testing

Two simple test datasetswere generatedto show the correctnessof the developed clus-
tering quality measure(and, simultaneously, the functionality of the used GSOM im-
plementation as well). As the interests lie in assessingbinary clustering quality, two
sampleswhich represent the original dataset's two di®erent classeswere taken from the
normaliseddataset,slightly shortened(lessattributes), and multiplied by a number of 50
and 500,respectively. The resulting test datasetshavedimensionsof 59x100and 59x1000
and, due to the synthetic generation,consistof two easilydistinguishableclasses.These
two datasets were then fed into the GSOM and showed the correctnessof CQ. The
generatedhits maps can be found in Figure 3.4. Both maps were computed with the
parameterset [SF=0.5, GP=3, SP1=SP2=0] and show the desiredCQ value of 1 since
both classesare perfectly separatedon the map (one classper red cluster).

3.3 Dealing with the computational load

The GSOM algorithm tends to be computationally heavy with the number of inputs
growing. Preliminary computation times on up-to-date workstations usingthe complete,
preprocesseddataset ranged from one hour up to two weeksof continuous simulation
time. This section deals with di®erent approaches to reduce or at least adjust the
computational burden accordingly.
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Figure 3.4: Generatedmapswith test dataset, left: 59x100,right: 59x1000

3.3.1 Adjustable parameters

Table3.3 depicts the richnessof adjustableparameterswhosee®ectswereevaluated and
a decisionwas made on which of them to include during the actual simulations. 2 3 4

Important and usedparametersare described here:

Num ber of inputs: As most important factor determining the result of the GSOM
algorithm, the number and dimensionof inputs canbe chosenarbitrarily , although
data has to be normalised beforehand. Special care has to be taken regarding
the sizeof the input data since the running time of the GSOM algorithm grows
exponentially with the size of the input. Simulations were run on (a) sampled
808x1638-,(b) 808x16380-,and (c) 808x15980-dimensionaldatasets.

Spread factor: This parameter determinesthe ¯nal sizeof the map by providing the
user with a convenient, high-level way to in°uence the map's internal growth ac-
cordingly [8]. A larger spreadfactor meansa more spread-outand thereforelarger
¯nal GSOM. It wasvaried from 0.1 to 0.995during simulations and its rangeis in
]0; 1[. It is alsoof great in°uence on the length of the training period.

Topology: Either hexagonalor rectangular, as explained in Chapter 2. A hexagonal
grid is usedby default and stayed unaltered as it also states a balancedtradeo®
betweenneighborhood sizeand quantisation of the input space.

Kernel: The actual implementation provided the Gaussiankernelaswell asthe `bubble'
kernel. Again, seeChapter 2 for details. The Gaussiankernel is usedin most of
the scienti¯c literature and thereforewent unaltered.

Similarit y measure: Inside the GSOM algorithm, this measureis used in the calcu-
lation of the Best-Matching Unit. The distancebetweenthe prototype and every

2`tested': the e®ectsof the respective parameter were evaluated in preliminary experiments
3`adapted': the parameter has beenchosenfor a systematic adaptation in later simulations
4default options are denoted in emphasised font
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weight vector of the map is calculated using the chosensimilarit y measureand
the unit with the smallestdistanceis denotedasBMU. As the Euclideandistance
measureis best suited to most of the GSOM tasks, it was used here. Another
implemented method was Pearson'scorrelation. Depending on the complexity of
the similarit y measure,its choicecan alsohave an impact on computation time.

Options per algorithm phase: learning length, learning rate, neighborhood size

² learning length:
During the courseof the GSOM calculation, this parameter sets how many
times the input data is fed into the algorithm. As an integer multiplier, it
determinesthe ¯nal size of the map and therefore also the running time of
the algorithm. It was varied from 1 to 100 during preliminary experiments
and from 1 to 10 during the actual simulations. However, in the current task
the secondand third phaseshad no actual e®ecton mappingsand therefore
only increasedcomputation time dramatically.

² learning rate:
This parameteris usedwhile updating the winner's and its neighbors' weight
vectorsand canbeusedto control the speedof the map'sadaptation to inputs.
It went unchangedfrom its defaults of 0.5 (1st phase),0.1 (2nd phase),0.01
(3rd phase). A large value is desiredat ¯rst to keepthe map °exible towards
inputs, whereassmaller valuesare usedduring the smoothing phases.

² neighborhood size:
Controls how many layers of neighboring neurons are a®ectedby a weight
changeof the winner unit. Decreasesduring the courseof the algorithm from
3 (1st phase)to 1 (3rd phase).

3.3.2 Sampling metho d

A straightforward approach to deal with the exponential behavior in terms of compu-
tation time is to let the GSOM work on sampleddata only. Two ways of sampling are
proposedbelow and their implementations wereintegrated into the JAVA userinterface.
It should be noted that the actual GSOM algorithm remainsunchangedsincethe sam-
pling readsthe input data¯le and generatesthe respective output data¯le(s) to be fed
into the program later on.

The ¯rst approach consistsof drawing a sensiblenumber of randomly choseninputs
from the full datasetand savethem into a newinput ¯le. The secondapproach which also
reducesalgorithm running time is to partition the dataset,but insteadof taking the data
blockwiseand output them into new¯les, it is chosenrandomly from the input data and
deletedafterwardssothat every input vector will show up exactly onceamongthe union
of generatedsubsets,i.e. the subsetsare disjoint. A comparisonof both methods can be
found in Figure 3.5 and the respective JAVA sourcecode is to be found in Appendix A.
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Parameter tested adapted options
number of inputs + + integer; full or sampleddataset (seetext)
spreadfactor + + 2]0; 1[
topology - - hexagonal, rectangular
kernel - - gaussian, bubble
similarit y measure - - euclidean, pearson'scorrelation
options per phase
1 - learning length + + (small) integer * number of inputs
1 - learning rate + - 0.5
1 - neighborhood size - - 3
2 - learning length + + (small) integer * number of inputs
2 - learning rate + - 0.1
2 - neighborhood size - - 2
3 - learning length + + (small) integer * number of inputs
3 - learning rate - - 0.01
3 - neighborhood size - - 1

Table 3.3: Adjustable parameters

3.4 Simulation setup

The ideasin Section3.4.1 led to the simulation plan stated in Sections3.4.2and 3.4.3.
Certain time and computing equipment restrictions had to be taken into account and
are mentioned, if necessary. The terms `old data' and `new data' refer to the di®erent
preprocessingmethods explainedin sections3.1.1and 3.1.2,respectively. Table3.4gives
a condensedlist of simulation plans; results can be found in chapter 4. The basic ideas
are described ¯rst.

3.4.1 Ideas

In [8] three entangled ideasare proposedon how to proceedwith the simulations after
having preprocessedthe data. An additional, fourth, idea incorporates the generated
quality measure.

1. Varying the spread factor

Certainly the mostbasicapproach to adapt the mapto the input data is to vary the map's
sizeby varying the spreadfactor appropriately. SinceSF takesvaluesfrom the interval
]0,1[ (seeEquation 2.6) it is useful to start with small spreadfactors and increasethem
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sampled data

original data

sampled data

sampled data
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Figure 3.5: RandomisedSamplingvs. Partitioning

continuously in discretesteps. The user should then be able to examinethe generated
mapsand check for existing clustersof data. This approach waspursuedsystematically,
amongothers.

2. Leaving out attributes

It may benecessaryand of great insight to study the e®ectof removing several attributes
from the input dataset and check its impact on the generatedmaps. This will generate
and/or con¯rm knowledgeabout possiblenon-contributing attributes. Preliminary work
has already been done in pursuing this approach; ¯gures 3.6 and 3.7 show promising
discriminatory distancesamong several attributes whereasnumerous other attributes
seemto be lessdistinguishing. Simultaneously, the e®ectof removing outliers can be
recognisedalong the y-axis, which shows the di®erencebetween the averagevalues of
`good' and `bad' classes;due to a few outliers, this di®erencehad beenskewed without
preprocessing.

Unfortunately, the manufacturer's requirement was not to leave out any attributes
from the data mining process,hencethis approach hasnot beenpursuedany further.

3. Automating the pro cess

The processof systematically growing maps with varying spreadfactors is best suited
to being automated for saving computation time, using the dimensionality-independent
spreadfactor to nameand comparedi®erent maps. However, sincemost of the mapstook
several hours and even days to compute, the time for evaluating thesemaps manually
and starting new simulations with di®erent parameterscould be neglected,especially
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Figure 3.6: Distancesbetweenlogarithmic attribute averages,before eliminating outliers
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Figure 3.7: Distancesbetweenlogarithmic attribute averages,after eliminating outliers



Chapter 3. Simula tion and Evalua tion Framew ork 28

sinceremote-control technologieswere employed to minimise time losses.Nevertheless,
this can be a future improvement.

4. Including the qualit y measure

To easilyassessthe objective quality of the generatedmaps,the benchmark formula in-
troducedin section3.3wasappliedto the mapsand indicatesthe quality of the clustering
comparedto the known original data distribution as a singlepercentage.

3.4.2 Old data

Sampled data The original data wassampledusing the implemented methods, a sam-
ple size of 10% was found to be a good trade-o®between reducing computation
time and still having a su±cient amount of data left to generatemeaningfulmaps.
Preliminary experiments resulted in an appropriate spread factor of 0.7 for the
GSOM algorithm. The data waspartitioned into ten disjoint setsand ¯v e of these
setswere randomly chosento be usedfor applying the GSOM algorithm to them.
However, the quality measurehas not been applied here, reasonsfor which will
becomeobvious from the results.

Complete data Simulations with the sameparametersaswith the sampleddata were
run on the completedataset. Additional simulations wererun with constant spread
factorsof 0.8and 0.9and variations in the learninglength during the growing phase
being in the range from 1 to 10. The quality measurewas applied to the latter
simulations.

3.4.3 New data

Sampled data Time restrictions did not permit to run simulations on samplestaken
from the re-preprocesseddata. However, the simulation results from section4.1.1
show that working on sampleddata is probably not justi¯ed at all.

Complete data As with the sampling approach, prohibitiv e time restrictions caused
not to run simulations in the same,extensive manner. For comparative results
spreadfactors of 0.8 and 0.9 werechosenand the learning length varied in analogy
to the later simulations run on the old data. However, to assessthe in°uence of
di®erent spreadfactors on the map growth, additional simulations were run with
SF varying from 0.1 to 0.9.

3.4.4 Tabular simulation schedule

Table 3.4 serves as an overview about the simulations planned and run. The asterisk
(*) denotesonesimulation that could not be ¯nished after it had beenrunning for more
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Dataset Part SF GP, LL SP1, LL SP2, LL Dimensionalit y
OLD sampled 0.7 1-10,100 0 0 808x1638

(5 sets) 5 10 [0,10]
10 10 [0,10]

complete 0.7 1-10,100* 0 0 808x16380
5 10 [0,10]
10 10 [0,10]

0.8 1-10 0 0
0.9 1-10 0 0

NEW complete 0.8 1-10 0 0 808x15980
0.9 1-10 0 0

0.1-0.9 1 0 0

Table 3.4: Performedsimulation schedule

than two weeks.
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Chapter 4

Simulation Results

This chapter givesexplanationsof obtainedsimulation results. The resultsthemselvesare
graphedin condensedform at the end of this chapter, whereasthe underlying numerical
data as well as additional mapscan be found in the appendix.

4.1 Results for old data

Beforethe errorsin data-preprocessingwerediscovered,simulations hadalreadybeenrun
extensively. Their resultsmight thereforebe invalid, but, however, the generatedresults
seemto be quite congruousto the simulations which wererun after re-preprocessingthe
data. Theseresultsmight alsobe usefulfor other researchersencountering similar issues.
This sectiontries to explain thoseresults.

4.1.1 Sampled data

The complete dataset was sampled into ten disjoint datasets, using the partitioning
approach explained in Section 3.3.2. Five of these ten sampleswere randomly chosen
and simulations were run according to the laid-out schedule. Simulation results on all
of thesesamplesetswere inside a small-deviation interval, thereforeTable B.1 contains
this data in averagedform.

As canbeseenfrom the graphsin Figure 4.1 the computation time growsmuch faster
than the map size, which seemsto stagnate after several iterations. Another e®ectof
extremely long growing phasesis `overlearning', which can clearly be seenfrom the last
line in TableB.1: the training error declinesquickly to zeroafter nine iterations andstarts
to rise steadily after somemore iterations. On the opposite, the quantisation error QE
declinesconstantly and reliably, which is natural sinceit is roughly inverselyproportional
to the map size;hence,larger map sizesallow the GSOM to better partition the input
spaceon the map. From the tabular data it can alsobe seenthat the smoothing phases
do a®ectonly TE and QE, but not the ¯nal map size; since they don't change input
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vector mappingsat all (which is what we are focusedon), thesephaseswere neglected
in subsequent computations.

Two exemplaryhits mapsaredepictedin Figure C.1 and show no apparent clustering
at all, but insteadexhibit a behaviour of aligning mappingsregularly throughout the map
grid.

4.1.2 Complete data

SF = 0.7, di®eren t GP, SP1, SP2

Resultsvery similar to thosefor the sampleddata above wereobtained for the complete
dataset; they are graphedin Figure 4.2. Additionally , it can be seenthat the sampling
approach would save a large amount of computation time. Unfortunately, the longest
simulation (denoted with `*' in Table B.2) could not be ¯nished due to administrative
restrictions at the simulation laboratory. However, by that time it had already been
running for 15 consecutive days, clarifying the inherent computational complexity of the
GSOM algorithm

Unexpectedly, the training error TE exhibits an abnormal behaviour, which will
manifest again in subsequent results; QE shows the expected decline with the number
of growing phasesrising.

To keepthe resulting mapscomparableto the onesdepictedfor sampleddata, maps
resulting from the sameparameterset are shown in Figure C.2. Thoseapparently seem
to be much better than the onesfor sampleddata, but closerexamination of the data
distribution will reveal that no clustering hasbeenperformedby the GSOM algorithm.

SF = 0.8, 0.9, GP = [1. . . 10]

Having ¯nished simulations with SF=0.7, and having establishedthat varying the SP1
and SP2lengthsdoesnot changethe mapping of input vectorsto map neurons,only SF
and the number of GP were changedsystematically; the obtained results are depicted
in Figure 4.3. Numerical results can be found in Table B.3, from which it can also be
seenthat an increasein SF from 0.8 to 0.9 roughly doublescomputation times and map
sizes.QE behavesasexpected,decliningsteadily, and is thereforenot graphed;TE again
shows non-converging behavior with both spreadfactors used.

The current parameterset also¯rstly featuresthe quality measureCQ introducedin
Chapter 3 and shows rising clustering quality towards higher SF and GP, (Figure 4.3,
right). As explainedin the de¯nition of this quality measure,a higher obtained CQ does
not guarantee a higher subjective clustering quality but can indicate which parameters
to changetowards achieving better results or, to put it another way, to comparemaps
generatedwith di®erent parameters.

Four maps for the current parameterset can be found in Figures C.3 and C.4. The
depicted maps seemto be of higher quality than the onesin the last section; they also
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yield a higher CQ value,but they arestill quite far away from showing perfectseparation
of the two classes.

4.2 Results for new data

After re-preprocessingthe data with an additional step, simulations wererun againwith
comparable parameters. An evaluation of the obtained results can be found below.
Due to certain time limitations and negative experienceswith the sampling approach,
simulations wereonly run on the completedataset.

4.2.1 Complete data

SF = 0.8, 0.9, GP = [1. . . 10]

Again, the left graph of Figure 4.4 shows non-converging behaviour of TE throughout
di®erent parameter sets. On the other hand, CQ reliably riseswith higher SF and to-
wards longer GP, to be seenin the right graph of Figure 4.4. Four mapswith the same
parametersas in precedingsectionshave beendepicted in Figures C.5 and C.6; direct
comparisonto the mapsgeneratedfrom the old dataset shows signi¯cant subjective im-
provements for thosemapsgeneratedwith low spreadfactorswhereasthe aforementioned
'regular alignment of inputs' on the grid can be seenon the right of Figure C.6.

SF = [0.1. . . 0.9], GP = 1

Figure 4.5 shows the e®ectsof leaving GP constant at a low value and varying SF from
0.1 to 0.9. TE as well as QE should be declining with larger SF, but TE seemsto
alternate whereasQE roughly behaves as expected. Similar unexpected results were
obtained for CQ [right graph], which is alternating uncontrollably when it wasexpected
to rise steadily.

The current parameterset is perfectly suitable to demonstratethe growth processof
the GSOM with di®erent spreadfactors; an exampleof the hits mapsfor SF = 0.1.. . 0.9
is depicted in Figure C.7. The faster the map grows, the faster di®erent input clusters
becomerecognisableon the self-organisingmap.

4.2.2 E®ects of prepro cessing

From Figure 4.6 the e®ectsof di®erent preprocessingstepscan clearly be seen. After
eliminating outliers from the data, CQ has risen by 3.. . 12% (SF 0.8) and 2.. . 8% (SF
0.9). However, overall CQ peaksat about 0.5 when perfect clustering quality should be
closeto 1.
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Figure 4.1: Sampledold data, SF=0.7, time/size and TE/QE

 0

 2000

 4000

 6000

 8000

 10000

 12000

 14000

 16000

 18000

 20000

 22000

 1  2  3  4  5  6  7  8  9  10
 20

 40

 60

 80

 100

 120

 140

tim
e[

s]

m
ap

 s
iz

e

Number of Growing Phases

Computation Time, Map Size

time[s]
map size

 0.1

 0.15

 0.2

 0.25

 0.3

 0.35

 0.4

 1  2  3  4  5  6  7  8  9  10
 2.6

 2.8

 3

 3.2

 3.4

 3.6

 3.8

 4

 4.2

 4.4

 4.6

 4.8

T
E

 

Q
E

 
Number of Growing Phases

TE, QE

TE
QE

Figure 4.2: Completeold data, SF=0.7, time/size and TE/QE
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Chapter 5

Summary and Conclusion

5.1 Work done

5.1.1 Summary

Extensive e®ortshave beendevoted to evaluating the feasibility of applying the GSOM
to the given manufacturing dataset. Figure 5.1 shows the consecutive process,split up
into the three principal stepsof preprocessing, processingand evaluation.

GSOM
algorithm

clustering
quality

statistics
TE, QE, size

maps
avr, dist, hits, err

expansion of
categorical data

objective

subjective & objective

subjectiveparameters

data

preprocessing processing evaluation

pruning

elimination of 
outliers

normalisation

sampling

Figure 5.1: Data mining steps

Prepro cessing: It starts, of course,with the data itself of which we have only little or
no previousknowledge,a fact that is to be remediedby the ensuingdata mining.
Thorough preprocessinghasbeenperformedupon the dataset, including pruning,
the elimination of outliers, normalisation and expansion of categorical data. A
straightforward sampling approach to reduceinherent computational complexity
hasbeenimplemented and tested.
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Pro cessing: This stepcanbe held accountable for a fraction of 95%of the overall com-
puting time involved in this work. Important GSOM parametershave beensieved
out systematicallyand have later beenapplied accordingto a self-generatedsched-
ule. The algorithm's output consists,in onepart, of the generatedmaps,which are
neighborhood-preservingprojectionsof the high-dimensionalinput spaceonto two-
dimensionalmaps. On the other hand, during the computation of the maps,useful
measurements (TE, QE, map size) are being generated. Furthermore, a measure
aiding in evaluating the maps, CQ, has been introduced, justi¯ed, implemented,
and tested.

Evaluation: The evaluation of the obtained results from the GSOM algorithm ¯nishes
the data mining process. It depends on the user to draw his conclusionsfrom
the data, but his subjective skills in evaluating the mapsare supported by (semi)-
objective widgetssuch asTE, QE and CQ from the processingstep. Yet and above
all, the evaluation step needsone thing: experience.

5.1.2 Conclusion

Summary: Overall, it can justi¯ably be assumedthat the GSOM algorithm is able
to deal with high-dimensionaldatasetsand can be used to ¯nd distinguishing at-
tributes. Regardingthe extensive set of simulations which wererun systematically
and the numerousapproaches to dealing with the given data, it can also be said
that the resulting mapsare a good start to follow-up improvements.

Limitations: Sincethe results are similar throughout the di®erent parametersets,the
error is probably not situated inside the processing part of Figure 5.1. Having
taken expert human knowledgeinto considerationin the evaluation step, this part
can alsobe taken as correct. Therefore,with the evident improvement in CQ due
exclusively to di®erent preprocessingsteps (Figure 4.6) kept in mind, the most
probablecauseof not fully satisfactory results seemsto be the preprocessingpart.

5.1.3 Recommendations

Even with the results being rather distant from satisfactory, there are a number of rec-
ommendationsto be given for future GSOM simulations with the manufacturing dataset
usedthroughout this report. It certainly cannot be avoided to run numerous,compu-
tationally heavy experiments with an algorithm which is inherently of near-exponential
demands. Therefore,all of the recommendationsbelow target the reduction of compu-
tation time, enabling the user to run more experiments in the sameamount of time.

Reduce dimension of inputs: Sincethe running time is inherently dependent on the
number and dimensionof inputs, try to reducethe number of attributes. This can
be doneby sampling and pruning, as demonstratedin Section3.1.
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Use adequate parameter sets: Start with small spread factors and short growing
phases.Continually raiseSF and GP until su±cient map sizeshave beenachieved.
For the manufacturing dataset,spreadfactorsbetween0.7and 0.9and the number
of growing phasesbetween1 and 5 could be shown to be adequate. Contingent,
questionablebene¯ts of larger parametersetsdo not pay o®in terms of computa-
tion time and, more importantly, subjective map quality.

Get powerful computing equipmen t: For the full manufacturing datasetundercon-
sideration in conjunction with the introducedJAVA implementation of the GSOM
algorithm, try to get hold of at least 1024MBof RAM and a fast Intel Pentium-IV
(or similar) CPU.

5.2 Possible impro vements

This sectiondescribestwo approachesthat could bepursuedtowardsachieving better re-
sults. Yet, both of them have not beenimplemented nor tested; they are ideasdeveloped
in conjunction with Arth ur Hsu from the Department of Mechanical and Manufacturing
Engineeringat the University of Melbourne, Australia. 1

5.2.1 Leaving out attributes

Even with the manufacturer's requirement not to leave out any attributes that might be
important, it could still be necessaryand insightful to try and remove certain attributes
which areprobably lessdistinguishingthan others;e.g.with the helpof distancesbetween
attribute meanvalues,as shown in Figure 3.7. A positive side-e®ect,if attributes were
removed,would be the reduction of computation time. After all, data mining is supposed
to ¯nd information and correlation in data that onehasnot beenaware of beforedoing
so.

First, proximate experiments would consist of running the GSOM with the prepro-
cessednumerical attributes only, totally omitting the categoricaldata which might itself
lead to complexchanges(seefollowing section).

5.2.2 Weighting of categorical data

During the preprocessingof the input data, data in categoricalform are expanded(see
Section3.1). This expansionleadsto a thorough changeof dimensionalitiesof the input
data, in this casefrom 80 attributes to roughly 800 attributes. Before the expansion
took place,every attribute wasequally important, thereforehad the sameweight. After
the expansion,there are roughly ten times asmany attributes asbeforewhich still have

1http://www.mame.m u.oz.au/» alhs
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uniform weights. This might lead to an overvaluation of the categoricalattributes which
have beenexpanded.

Hence, it is proposedto introduce somechangesto the distance calculation in the
GSOM algorithm and add a weighting schemeas follows:

In tro duce weight vector for attributes: This weight vector w will contain weights
for every attribute: 1 for numerical attributes and 1

n for each attribute of an
expandedcategory, wheren is the number of distinct attributes of the respective
category.

Change calculation of BMU: Equation 2.1 will be changed into the following ver-
sion, reducing the excessin°uence of categoricalattributes by weighting them:

kw ¤ x ¡ m ck = min
i

fk w ¤ x ¡ m i kg (5.1)

Table5.1extendsthe examplefrom Table3.2and introducesthe weights asan additional
vector.

Category
1
A
B
C
A
D
E

weight

)

A B C D E
1
5

1
5

1
5

1
5

1
5

1 0 0 0 0
0 1 0 0 0
0 0 1 0 0
1 0 0 0 0
0 0 0 1 0
0 0 0 0 1

Table 5.1: Expansionof categoricaldata, introduction of weights
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App endix A

Java source code for sampling

A.1 Code for random sampling

public void DrawSampleSet(int sample_size)

/*Draws a set of samples from the input file
and saves it as a different file */

{
System.out.println("DrawSampleSet, value of n" +sample_size);

if ( ilayer == null ) return;

Vector indices = new Vector();
Randomrand = new Random(System.currentTimeMillis() );

for (int i = 0; i < ilayer.length; i++)
indices.add( Integer.toString(i) );

PrintWriter pw = null;
try
{
String oldFile = ilayer.getFilename();
String newFile = oldFile.substring( 0, oldFile.length()-4 ) +
"_sample_" + sample_size + oldFile.substring( oldFile.length()-4 );

System.out.println("new filename ought to be: " +newFile);
pw = new PrintWriter( new FileOutputStream(newFile) );

}
catch (Exception e)
{
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e.printStackTrace();
}

String[] colHeader = ilayer.getAllColumnHeaders();

for (int i = 0; i < colHeader.length; i++)
pw.print( colHeader[i] + "\t" ); /*output header first*/

pw.println();
int c=0;
while (indices.size() > 0 && c < sample_size)

{
int randIdx = rand.nextInt(indices.size());
int sampleIdx = Integer.parseInt((String)indices.elementAt(randIdx));
float[] sample = ilayer.getRow(sampleIdx);
for (int i = 0; i < sample.length; i++)

pw.print( sample[i] + "\t" );
pw.println( ilayer.getClassName(sampleIdx) );
indices.removeElementAt( randIdx );
c++;

}
pw.close();

}

A.2 Code for partitioning

public void PartitionInputRandomly(int number_of_partitions)

/*partitions the input file into n equally-sized output files
with the respective contents chosen randomly from the input file
example: input file has 2,000 inputs

choose n as 10
the method creates ten files with 200 inputs each */

{
if ( ilayer == null ) return;
Vector indices = new Vector();
Randomrand = new Random(System.currentTimeMillis() );

for (int i = 0; i < ilayer.length; i++)
indices.add( Integer.toString(i) );
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PrintWriter pw = null;
int rem = ilayer.length % number_of_partitions;
int length_minus_rem = ilayer.length-rem;
int samples_per_part = (int)(length_minus_rem/number_of_partitions);
int c=0;

try
{
String oldFile = ilayer.getFilename();
for (int j = 0; j < number_of_partitions; j++)

{
String newFile = oldFile.substring( 0, oldFile.length()-4 )

+ "_sample" +j + oldFile.substring( oldFile.length()-4 );
pw = new PrintWriter( new FileOutputStream(newFile) );

if ((number_of_partitions-j)==1)
c=rem*(-1);

else
c=0; /*If last sample file is to be written,

include ALL remaining samples in it.
Realized in this case by altering the initial
value of the counter c in while loop below*/

while ((indices.size() > 0) && (c < samples_per_part))
{
int randIdx = rand.nextInt(indices.size());
int sampleIdx =

Integer.parseInt((String)indices.elementAt(randIdx));
float[] sample = ilayer.getRow(sampleIdx);
for (int i = 0; i < sample.length; i++)

pw.print( sample[i] + "\t" );
pw.println( ilayer.getClassName(sampleIdx) );
indices.removeElementAt( randIdx );
c++;

}
pw.close();

}
}

catch (Exception e)
}
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App endix B

Tabular simulation results

SF GP SP1 SP2 time[s] map size TE[*104] QE
0.7 1 0 0 39 35 68.7 3.510679
0.7 2 0 0 99 59 62.6 3.328941
0.7 3 0 0 180 76 18.3 3.177149
0.7 4 0 0 280 93 12.2 3.055456
0.7 5 0 0 408 113 3.1 2.917654
0.7 6 0 0 537 123 3.1 2.832479
0.7 7 0 0 687 138 1.5 2.734429
0.7 8 0 0 848 150 1.5 2.658500
0.7 9 0 0 1037 159 0.0 2.508615
0.7 10 0 0 1251 172 0.0 2.439344
0.7 5 10 0 1501 113 0.0 2.704890
0.7 10 10 0 3116 172 0.0 2.194546
0.7 5 10 10 2659 113 0.0 2.683838
0.7 10 10 10 5013 171 0.0 2.150550
0.7 100 0 0 53228 400 250.5 0.044048

Table B.1: Simulation results for sampleddata, SF=0.7, varying GP/SP1/SP2
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SF GP SP1 SP2 time[s] TE QE map size
0.7 1 0 0 1868 0.150549 4.621684 31
0.7 2 0 0 3402 0.184934 4.234978 51
0.7 3 0 0 4970 0.218926 3.874527 63
0.7 4 0 0 6621 0.253907 3.660109 70
0.7 5 0 0 8537 0.257631 3.382912 79
0.7 6 0 0 10994 0.400183 3.447568 95
0.7 7 0 0 13957 0.329182 3.045930 114
0.7 8 0 0 15679 0.357570 2.749231 114
0.7 9 0 0 18584 0.352625 3.064933 124
0.7 10 0 0 20953 0.217888 3.061046 131
0.7 5 10 0 26634 0.124969 3.188203 79
0.7 10 10 0 51040 0.081197 2.726300 131
0.7 5 10 10 40669 0.000488 3.105994 79
0.7 10 10 10 79059 0.008364 2.717812 131
0.7 100 0 0 * * * *

Table B.2: Simulation results for old completedata, SF=0.7, varying GP/SP1/SP2

SF GP time[s] TE QE map size #n wm CQ
0.8 1 1202 0.185287 4.416494 39 23 0.1655
0.8 2 2468 0.237546 3.892676 71 35 0.2460
0.8 3 3489 0.393407 3.580527 85 44 0.2407
0.8 4 5218 0.283578 3.084385 117 63 0.3581
0.8 5 6215 0.224237 3.046406 117 62 0.3696
0.8 6 8162 0.385836 2.832159 151 72 0.3972
0.8 7 9525 0.294383 2.482823 157 79 0.4051
0.8 8 11685 0.266606 2.572165 158 77 0.4567
0.8 9 13119 0.210439 2.270554 167 92 0.4675
0.8 10 14614 0.257509 2.239801 176 91 0.4681
0.9 1 2368 0.294628 4.034194 78 36 0.1675
0.9 2 3496 0.338095 3.510404 88 50 0.2850
0.9 3 6527 0.182173 2.771639 164 79 0.3670
0.9 4 8340 0.405678 2.687389 179 80 0.4015
0.9 5 10717 0.318926 2.160446 202 89 0.3797
0.9 6 13905 0.247924 1.912891 245 104 0.4845
0.9 7 16006 0.260684 1.899147 226 97 0.4790
0.9 8 17512 0.203236 1.724007 244 112 0.4855
0.9 9 23218 0.212698 1.175136 301 121 0.5104
0.9 10 26201 0.219169 1.308389 334 115 0.5337

Table B.3: Simulation results for old completedata, SF=0.8 and 0.9, GP=[1. . . 10]
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SF GP time TE QE size #n wm CQ
0.8 1 1602 0.35275 4.40988 55 32 0.2419
0.8 2 2959 0.30519 3.77222 82 43 0.2866
0.8 3 5002 0.38304 3.46210 124 68 0.3649
0.8 4 6310 0.44093 3.14806 126 79 0.3924
0.8 5 9187 0.31986 2.93144 179 93 0.3973
0.8 6 10928 0.35019 2.32438 179 103 0.4648
0.8 7 13598 0.30476 2.34424 207 96 0.4526
0.8 8 16457 0.19931 2.02021 232 112 0.4960
0.8 9 18459 0.25419 2.08403 229 121 0.4939
0.8 10 21841 0.32991 1.75955 257 117 0.5175
0.9 1 6061 0.25375 4.02021 105 49 0.2000
0.9 2 9520 0.38779 3.37584 129 81 0.3327
0.9 3 15520 0.40357 2.89653 185 99 0.4086
0.9 4 19372 0.41902 2.66622 194 96 0.4182
0.9 5 30581 0.33023 2.27741 246 123 0.4613
0.9 6 36020 0.28805 1.76875 289 128 0.4936
0.9 7 43535 0.24318 1.80860 331 129 0.4937
0.9 8 51009 0.12854 1.19258 352 157 0.5531
0.9 9 60620 0.14737 1.09385 378 154 0.5284
0.9 10 68975 0.19136 1.03298 391 156 0.5574

Table B.4: Simulation results for new completedata, SF=0.8 and 0.9, GP=[1. . . 10]

SF GP time TE QE size #n wm CQ
0.1 1 713 0.27559 4.804709 9 8 0.1208
0.2 1 1741 0.28385 4.447151 21 17 0.1296
0.3 1 572 0.10187 4.646301 18 17 0.1800
0.4 1 586 0.05594 4.722953 19 15 0.1407
0.5 1 1705 0.20719 4.555871 29 22 0.2533
0.6 1 1033 0.27033 4.579150 35 25 0.2275
0.7 1 2362 0.10081 4.502526 40 24 0.1888
0.8 1 1602 0.35275 4.409880 55 32 0.2419
0.9 1 6061 0.25375 4.020213 105 49 0.2000

Table B.5: Simulation results for new completedata, SF=[0.1.. . 0.9], GP=1
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App endix C

Resulting maps

Figure C.1: Hits maps,sampledold data, SF=0.7, GP = 1 and 8, SP1= SP2= 0
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Figure C.2: Hits maps,completeold data, SF=0.7, GP = 1 and 8, SP1= SP2= 0

Figure C.3: Hits maps,completeold data, SF=0.8, GP=1 and 8, SP1=SP2=0
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Figure C.4: Hits maps,completeold data, SF=0.9, GP=1 and 8, SP1=SP2=0

Figure C.5: Hits maps,completenew data, SF=0.8, GP=1 and 8, SP1=SP2=0
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Figure C.6: Hits maps,completenew data, SF=0.9, GP=1 and 8, SP1=SP2=0
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Figure C.7: SOM growing process,SF=0.1.. . 0.9, GP=1, SP1=SP2=0
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