
LECTURE 8: UNSUPERVISED METHODS

Data Segmentation

A data segmentation is the partition of a dataspaceinto a setof non-overlapping
regionswhoseunion is thedata.Oftenwe will performsucha segmentationaswe
believe thatit will:� decomposethedatasetinto aseriesof meaningful components. However....� thereis aproblemin telling acomputerwhata ‘meaningfulsegmentation’is� A setof ratherheuristic‘rules’ is oftenquoted

1. Segmentationsshouldbehomogeneousin somequantity.

2. Partitionsshouldbe‘simple’.

3. Boundariesshouldbe‘simple’.

Thereare,primarily, two domainsin which we may achieve a practicalsegmenta-
tion, theobservation domain andthefeature domain.

Observationdomainsegmentationlooks to describeedgesbetweenregions of an
observationsset,suchasa time seriesor image,basedon the temporalor spatial
propertiesof thedata.
Featurespacesegmentationperformsa mappingof the observationsto somefea-
turespaceon thebasisof measurementsfrom eachobservationandits environment.
Oncea featurespaceis createdwe look to partition this space.Thesepartitionsare
mappedbackontotheobservationspaceandform thebasisof segmentation.

The lattermethodologyhastheadvantagethat, in principle,both featuresof the
obervationsand information regarding their context (local relationships)may be
takeninto accountin thepartitioning.

Unsupervised methods

To recap,therearetwo approachesto the segmentationof a patternspace,namely
unsupervised andsupervised methods.

Givenaspacein which to performapartitioning,unsupervisedpartitioningrelies
on thefactthatpatterns (feature vectors) belonging to the same object or state tend
to have similar feature vectors andvice versa. This meansthatsegmentationof the
datasetrelieson finding the‘blobs’ or ‘clumps’ which dominatefeaturespace(we
hope).In thecaseof unsupervisedpartitioning:
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Figure1: An exampleof imagesegmentation:Observationspace(a) andfeaturespace(b) segmenta-
tion.

Each node/cluster/blob is taken to be a class. Hence if we search for the
positions and shapes of

�
clusters, the data will be segmented into

�
regions. Generally, we do not know

�
ahead of time, and methods for

assessing the probable number of clusters in a data set are a subject of
active research.

Clustering

On a broad,descriptive level clusteranalysisalgorithmscan be broken into two
distinctphases.1 Firstly, a modelfitting phase,wherebysomepartition hypothesis
of complexity

�
, ��� say, is ‘optimally’ fitted to the dataset. Secondlya model

validationphase,wherebythe setof ��� ��� areassessedaccordingto somecluster
validity criterionandthe‘optimal’ partitionhypothesisselected.

We make the distinction betweenhierarchical and partitional fitting methods.
For themostpart,theformeractby partitioningthedatasetinto successively fewer
structures,baseduponmerging structureswhich have sufficient similarity. Sucha

1Onecouldarguethat,in thecaseof Bayesianinferencemethods,thesetwo phasesaresointerelatedasto form asinglemethodol-
ogy, however.
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Figure2: Blobsor clumpsin a featurespace– unsupervisedpartitioning.
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methodgivesriseto a dendogram which,amongstotherproperties,detailsthenum-
berof structuresobtainedasa functionof somemergingthreshold.With a threshold
of zerothenumberof structuresequalsthenumberof dataandahigh thresholdpar-
titions theentiredatasetasa singlecluster. Observationof thedendogramlinkage
maythenbeusedto selectanappropriatenumberof stuctureswithin thedata(this
is oftenbasedupona partition’s ‘lifetime’ – the rangeover which a partitioningis
stablewith respectto changesin themergingthreshold).Themajordrawbackof the
hierarchicalapproachis thattheentiredendogramis sensitiveto (possiblyerroneous)
previous clustermerging i.e. dataarenot permittedto changeclustermembership
onceassignmenthastakenplace.

Partitional methodstypically startwith a datapartitioninginto a small number
of clustersand increasethe numberof partitions into which the data is divided.
The precisepartitioningis performedso asto minimize or maximizesomeobjec-
tive function. A datumis, furthermore,free to changeits partition membershipin
sucha scheme.The precisechoiceof objective function clearly hasa very strong
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Figure4:

bearingon thepartitioningof thedata,indeedthemostpopular, thetotal squareer-
ror between� � andthe data,implies that the datawill be modelledby the fitting
of hyper-ellipsoidalclusters,andwhetherwemayassumethatclusters(if they exist)
aremultivariateGaussiandistributedis anopenquestionfor many datasets.Many
methodsfor rankingthevalidity of datamodelsof differing complexity (numberof
partitions)have beenproposed.Most, however, rely (implicitly or explicitly) upon
estimatesof within- andbetween-clusterscattermatrices.Themajorproblemwith
this approach,of course,is that if datado not conformto theassumptionsmadeby
the techniquethenthe lattermay imposestructureon thedataandnot disclosethe
‘true’ structure.This is alsothecasewhenclustershave widely differing numbers
of members.Theobjective functionmaybeimprovedby artificially splittingaclus-
ter with a largenumberof membersmore ratherthanrecognisingonewith a small
number. Theuseof ‘fuzzy’ clustermethods(wherebya datum’s membershipmay
bedistributedover many clusters)maybeincorporatedinto thegenreof partitional
methodswith relative easeandhasprovedpopular.

Suchan extensionto the modellingprocessis certainlymore representative of
‘real’ data.Therearestill, however, difficultiesencountered.The‘optimal’ number
of clustersmust be estimated,the locationandshapeof the clustersis invariably
unknown andtheremaybea largevariability in thenumberof datamembersin each
cluster.

Maximum Likelihood mixture models: EM &
�

-means Algorithms

We considerthe caseof a dataset, 	 
 ����
 ����� 
 ��������� where 	 � ��� . Let
thedistribution of datain 	 form a probabilitydensityfunctiondenotedby ��� 	"! .
We mayestimatethis densityfunction,in the limit, by consideringit asa weighted
combinationof all possibledatamodels, # , eachoneof which is specifiedby a

4



parametervector $&%���'	"!(
 % )�* ���'	 +�# � $ % !,��� # � $ % !.-/$ % -/# (1)

Suchacomplex specificationis normallyconstrainedsuchthatwelook only atapar-
ticular classof models,suchasthosewith thepropertyof universalapproximation,
theGaussianmixturemodel(GMM) beinga popularchoice.We maythenspecify
eachGMM by a singleparameter,

�
, which describesthecomplexity of themodel

(thenumberof Gaussiankernels).If, furthermore,we assume,asis commonprac-
tise, that theprobabilitydistribution of thewithin-modelfreeparameters,specified
by $ � , is dominatedby a single,mostprobable,solution, $ �021 , thenEquation(1)
reducesto ��� 	"!(
43 � ��� 	 + � � $ �021 !���� � � $ �021 ! (2)

For easeof notationwe assumethat, for every modelspecifiedby
�

, dependence
upon $ �021 is implied. Bayes’theoremthenstatesthat(dropppingthe $ terms)��� � +�	"!5
 ��� 	 + � !,��� � !�6� 	"! (3)

wheretheevidenceterm, �6� 	"! , isgivenbyEquation(2). As thenumberof Gaussian
kernels,

�
, specifiesthe numberof datapartitions,we may use ��� � +7	"! as a

partitionvalidationmeasure.

Parameter Estimation

In previouschapterswehavealreadylookedat theExpectation-Maximisation(EM)
algorithmfor sucessive re-estimationof parameterse.g. in a mixturemodelandthe
formulationof theparameterupdatesfollows thisapproachhere.

The likelihoodtermin Equation(3), if we assume� independentdatasamples,
maybewrittenas �6� 	 + � !8
 9:
<;>= �6�?��
@+ � ! (4)

FromBayes’theoremfor mixtureswemaywrite theaboveas��� 	 + � !A
 9:
<;>= B �3 C ;>= ��� � 
 +/DE!,���FDE!FG (5)

where ���FDE! is thea priori probabilityof the D -th kernelin theGMM. Thewithin-
modelparametervector, $ �021 , however, still remainsto beestimatedfor eachmodel.
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TheH EM approachultimatelyseekstomaximisethelogarithmof Equation(4),namely93 
<;>=JI�KML ���?��
&+ � !N� (6)

Thismaximisationis subjectto theconstraintthat�3 C ;>= ���FDE!5
 ��� (7)

and ���?� 
 +/D � $ C ! 
 ���?� 
 +/D �PO C �RQ C ! (8)
 ��TS�UV! �XWFY + Q C + = WFY[Z]\_^a`.b �S �?��
 b O C !dc Q6e =C �?��
 b O C !Ff
Theauxilliary Equationin theEM updatetakestheformg2h 
 b 3 
 3/C �jiTk � �FDl+���
M! I�m �M��
]n'op�FDE!,��
]nqor�?��
6+sDE! � (9)

If we let the freeparametersof eachcomponent,D , of theGMM bespecifiedby a
parametervector $ C

(i.e. themean,O C
andcovariancematrix, Q C

for eachD andthe
mixturepriors ���FDE! ) thencombiningEquations(5,6)anddifferentiatingEquation9
with respectto theparametersfor the D -th componentof themixturegives:

O 
]nqoC 
 93 
<;>= � iTk � �FDt+�� 
 !u� 

93 
<;>= � iTk � �FDt+�� 
 ! (10)

Q 
]nqoC 
 93 
<;>= �jiTk � �FDt+���
M!v� ��
 b O 
]nqoC !<�?��
 b O 
]n'oC ! c
93 
<;>= � iTk � �uDt+�� 
 !

��
]nqor�FDE! 
 �� 93 
<;>= �jiTk � �uDw+��j
x!
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K-means

If we allow thesetof posteriorprobabilities,���uDy+M� 
 ! , to collapseto theset � h �FDz+�j
x! suchthat � h �uDt+��j
x!5
 { � if f D|
~}/���s�w}s� C �M���FDl+���
M! ��
otherwise

(11)

then the above maximum-likelihood(EM) updatesolutionbecomesthe
�

-means
approachwith thecaveatthatnormallythecovariancesandpriorsarenot estimated
aspartof theoptimisation- they areassignedafter themeanshave converged.Like
the ML approach,K-meansmay be implementedusingbatchor incrementalalgo-
rithms. Thelatter invokesa simpleadaptionrate, � , suchthatat eachiterationstep,�

andpresentationof pattern��� �d� , themeanclosest to ��� �d� is adaptedvia:O � �j� � � 
 O � �u� b ��� O � �u� b ��� �u� !
i.e. a stochasticgradientdescent.An extensionof K-means,theso-calledfuzzy K-
means,looksto updateall thekernelmeans,not just theoneclosestto thepattern.
Eachmeanis henceadapted,in a batchalgorithm,usingthesameupdateprocedure
asEM, or for astochasticalgorithm,theadaptionrate, � , of K-meansis replacedby:� h � �d� 
������FDl+���� �d� !
i.e. adaptionis governedby the membershipto eachkernel. A problemis that to
estimatetheposteriors(memberships)weneedto haveestimatesfor thecovariances
andpriors. Thevalueof the K-meansapproachesis mainly in their computational
simplicity andhencespeed.

Let us look at a simple example. Figures5,6 shows the resultsof applying a
simplesegmentationof the(in)famousIris dataset.Therearethreetypesof iris and
thefeaturesaremeasuresof petallengthandwidth.
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Figure5: Partitioningof theIris datausingK-means.
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Figure6: Partitioningof theIris datausingEM.
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Cluster Validity

We muststartby notingthattheuseof eitherthe
�

-meansor theML approachim-
posesan implicit assumptionof hyper-ellipsoidalclusterson thedatamodel. Most
clustervalidity measuresarebaseduponestimatesof thekernelcovariancematrices
for a givenmodelcomplexity (numberof kernelsin theGMM). Thispaperassesses
four partitionvalidity measuresfor theGMM, eachof which is detailedin the fol-
lowing subsections.We notethatall measuresmaybeappliedto both theML and
the

�
-meanspartitioningmethods.

A comparison

The resultsfrom several clusteringapproachesarecompared- all using the same
modelparameters(from theEM algorithm).

1. A Bayesianapproach- definedby Roberts(1997)Within aBayesiansetting,the
evidence of thedatasetmaybeobtainedfrom themarginal integral:��� 	 +M� � !5
 )�� ��� 	 +�� ��� $ � !,���'$ � +M� � !.-/$ � (12)

where ��� $ � +&� � ! is the prior parameterprobability density for the
�

-
componentmodel. For notationalconvenience,we will derive all resultsas-
suminga

�
-componentGaussianMixture Model (GMM) anddroptheexplicit

conditionson ��� in theaboveequation,thusEquation(12) is rewrittenas��� 	�!A
 ) �6� 	 +�$�!,���'$�!�-/$ (13)

We denote��� 	 +�$�! asthe log-likelihood of thedatagiventheparametersand
themodeli.e. ��� 	 +�$�!5
 I�m ��� 	 +�$�! (14)

andrewrite Equation(13) in theform�6� 	"!(
 ) ZR\E^ � b2� � $�! � -s$ (15)

wheretheenergy function, � �'$�! , is definedas� � $�!A
 b ��� 	 +�$�! b I�m ��� $�! (16)

If weareto avoid thecomputationalexpenseof numericallyintegratingahigh-
dimensionalparameterspacewemaymake theassumptionthat � � $�! hasa lo-
calquadraticform (theposteriorparameterdistribution is Gaussianandsharply

9



peaked) arounda most-probable state,representedvia the most-probablepa-
rameterset, $ 021 . Expanding� � $�! asa Taylor seriesto second-orderterms
gives

� �'$�! 
 � �'$ 021 ! � � $ b $ 021 !�� � � $�!� $ 021����� )�� � (17)� �S�¡ � $ b $ 021 ! c�� Y � � $�!� $&Y021 ���� )��>� �'$ b $ 021 !
Setting ¢ 
 � Y � � $�!� $ Y021 ���� )��>�
(sothat

¢
is theHessianmatrixof � � $�! evaluatedat $ 021 ) andnotingthatthe

first-ordertermof Equation(17) is equalto zero,we obtainthefollowing from
Equations(15,17)��� 	"!(
 Z]\_^ � b£� �'$ 021 ! � ) ZR\E^ { b �S � $ b $ 021 !dc ¢ � $ b $ 021 !�¤|-/$

(18)
which is of standardform andequatesto��� 	�!(
 �FS�UV! 9E¥ WFY + ¢ + e = WFY ZR\E^ � b2� � $ 021 ! � (19)

where��¦ is thenumberof parametersin themodel.Takinglogarithmsof Equa-
tion (19)andcombiningit with Equation(16)gives

I§m ��� 	�!(
¨���'	 +�$ 021 ! � I§m ���'$ 021 ! � � ¦S I§m �TS�UV! b �S I�m + ¢ + (20)

This expressionconsistsof two components.The first term, ��� 	 +�$ 021 ! ,
getslargeras � ¦ increases.Therestof theexpressiontendsto decrease dueto
the Hessiancomponentasthe determinantof the � ¦6© � ¦ matrix canrapidly
increasewith � ¦ . Thewholeexpressioncanhencebeseenasfindinga balance
betweenfitting thedatawell andfindingasimplemodel.

2. Fuzzy hyper-volume(FHV) : this looks at modelswith lowest total volume,
definedvia ª � � !8
 �3 C ;>=8« + Q C + (21)

3. Evidencedensity: this measureusesthe FHV measureto penalisethe data
likelihoodmeasure.It is definedas¬ � � !8
 ��� � !,!ª � � ! (22)
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Figure7: Fuzzyhyper-volume(FHV).

4. Minimumdescriptionlength(MDL) : derivedbyRissanen(1978)fromaninformation-
theoreticperspective,MDL is definedvia�4­@��� � !A
 b ��� � ! � �S � ¦ � � ! I§KML � (23)

where,asbefore,��¦s� � ! is thenumberof parametersin the
�

Gaussianmodel.

5. Partitioncoefficient (PC): this is definedby Bezdek(1981)�¯®|� � !A
 �� 93 
<;>= �3 C ;>= ���FD�+�� 
 ! Y (24)

6. Minimum messagelength: this is definedin thework of Oliver et al. (Monash
University in Australia)andis similar in essenceto theBayesianapproachbut
derivedin adifferentway.

Synthetic data 1

I first investigatethepropertiesof thesemodelselectionmethodson a simpletwo-
dimensionaltoy problem. Data was generatedfrom four Gaussians,eachwith a
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common(isotropic)width, °E± nq
 , andmeansgivenbyO = 
 � � � � !dc (25)O Y 
 �TS �v² ��Sx! cO�³ 
 �'´ � � ! cO7µ 
 � b S � b ² ��Sx!.c
a totalof 30samplesperGaussianweretaken,making � 
 �¶S �

. Thewidth wasset
to ° ± nq
£
 � � �¸·�· � �x� � � �x�¹S � . Theresultantdatasetsarepresentedin Figure(8)2.
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Figure8: Syntheticdata1: (a) ºv» ¼§½[¾À¿NÁÃÂXÂ , (b) ºv» ¼§½[¾&Ä�ÁÅ¿ , (c) ºv» ¼Æ½r¾&Ä�ÁÃÇ .

Resultsarepresentedover ten runsof the EM algorithm,eachwith a different
randomnumberseed.Figures(9,10& 11)show themeanand È6� SDfor

� 
4S�������É
for:� Bayesianmethod: we plot thenegative log likelihoodhencemodelsupportis

higherfor lowervaluesof thisquantity.� Fuzzyhyper-volume(FHV).� Evidencedensity.� Minimum descriptionlength.� Partition coefficient : we plot � b �Ê®|� � ! , hencemodelsupportis higherfor
lowervaluesof thisquantity.� Minimum messagelength.

We seeclearly that, in the simplecaseof °E± nq
 
 � �Ë·�· , all methodsgive great-
estsupportto the ‘true’ model. As ° ± nq
 increases,however, all methodssave for
theBayesianone,MML andMDL becomeerratic(highervariance)andmake poor
assessments.

2Notethatthedatasetsarenormalisedsuchthatthey haveazeromeanandunity intra-componentcovariance- this is why thedata
appearre-scaledin theplots.
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Figure9: Model-selectionfunctionsfor syntheticdataset, °E± n'
 
 � �Ë·�· .

Synthetic data 2

Thesecondtoy problemI show takesthe form, oncemore,of datageneratedfrom
four Gaussians.In this case,however, they are pairedsuchthat eachpair hasa
commonmean,i.e. O = 
 O Y and O ³À
 O µ . I set °�=£
 ° ³ 
 � and ° Y 
 ° µ 
 Ì .
I sample1000pointsfrom this distribution, taking250 from eachGaussian.Once
more, the entiredataset is normalisedto zeromeanandunit varianceandthis is
shown in Figure(12). I applythesamemethodologyastheprevioussectionandthe
resultsareshown in Figure(13). We notethatbothMDL andtheBayesianmethod
clearlysupporttwo-clusteraswell asthe(true)four-clustermodels.Othermethods
give themostsupportfor two clusters,thoughthereis a slight dip in themeasures
(moresupport)for �¯Í kÏÎRÐ'ÑÒnqÓTÐ 
�´ . Notealsothat,dueto large � , thereis low variance
in theplots- the È�� SDbarsarebarelyvisible.

Gaussian-mixture segmentation, some conclusions� TheGaussianmixturemodel(GMM) is by far themostpopularmethod. It is
analyticallysimpleandgivesgoodresults.� TheEM algorithmmaybeusedto estimatetheparameters.� However, it looksfor Gaussian clustersin datasets.� The probablenumberof partitionsmay be estimatedusing simple methods
which look to minimise within-cluster variance(so giving high likelihoods)
andmaximisebetween-cluster variance(sogiving modelswith smallvolume)-
methodssuchasthelikelihooddensitymeasuredo just this.

13



0 5 10
−20

−10

0

10

20

30

40
Bayes

0 5 10
−0.2

−0.1

0

0.1

0.2
FHV

0 5 10
−100

−50

0

50

100
Ev−den

0 5 10
−20

−10

0

10

20

30
MDL

0 5 10
−0.25

−0.2

−0.15

−0.1

−0.05

0
PC

0 5 10
−20

−10

0

10

20

30

40

50
MML

Figure10: Model-selectionfunctionsfor syntheticdataset, °E± nq
 
 �x� � .� Methodsof model-order selection basedon information theory (incl. Bayesian
statistics)areprobablythebestthough.

A generalproblemwith kernel-basedmethodsis thateachclassis assumedto be
unimodal andGaussian (e.g.). This meansthatonly convex datapartitionsmaybe
found.

Scale-space approaches

Considernow theeffectof blurringadatasetwith sucessively largerblurringfilters.
Peaksin thelocal datadensitygraduallybegin to bemerged.This processis rather
similar to finding a dendrogramfor the dataasthe sizeof the blurring function is
similar to a merging threshold.At somescalesof blurring, though,thestructureof
the peaksin the datadensityremainsfairly constantandthis allows us to definea
stablepartitiongover somescale-spacerange.Thelargerthis range,themorelikely
thatwehavediscovered‘true’ structurein thedata.Figures15,16show thisprocess
in operationonasimpledataset.NotethatGaussianmixturesgetit right also.

Figure17showsadifficult datasetwith threeclusters.Gaussianmixturemethods
fail here,but thescale-spaeapproachsucceeds.
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Figure11: Model-selectionfunctionsfor syntheticdataset, ° ± nq
£
 ���¹S . Notethegrace-
ful breakdown of bothMDL andtheBayesianmethod.
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Figure12: Syntheticdataset2: two pairsof joint-meancomponents(1000datapoint).
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Figure13: Syntheticdataset2: Model supportresults.Note that bothMDL andthe
Bayesianmethodclearlysupporttwo-clusteraswell asthe(true)four-clustermodel.
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Figure14: Partitioning of the Ring dataset(a). The EM approachfails (d) andmorespohisticated
methodsareneededto getthecorrectresults(b,c).
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Figure15: Sucessiveblurringof a simple5-clusterdataset(a). K-meansandEM with FHV penalties
(b) andscale-spacepartitioning(c,d).
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Figure16: Thegradientson thesmootheddensitysurfacelet eachdatumpoint to its clustermember-
ship(a)sogiving apartitioning(b).
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Figure17: A difficult threeclusterdataset(a). GMM approachesfail (b), but scale-spacemethods
work (c,d).
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Topographic approaches

Topographicapproachesaretypified by theSelf-Organising Map (SOM) originally
proposedby Kohonenin theearly1980s.His inspirationcamefrom theexistenceof
mapsin thebrain,suchasthemotor-cortex homonculousin whichphysicallynearby
regionsof neuronsrelateto physicallynearbyregionsof thebody.

TheSOMattemptedto produceamap(setof neuronsor prototypevectors)which� offereda ‘natural’ representationof data� preservedtopologyfrom datato themap� wasun-supervisedin its training(learning)

Considera mapping Ô Õ7Ö × Ø where Ø representsan arrayof outputunits
labelledby theindices �ÚÙ � D �

, 3 and Ö an input-space with inputsrepresentedby the
vectorset ��� � . Let eachoutputunit have a weight vectorassociatedwith it, sayÛzÜ C � � ! , whosedimensionis thesameasthatof theinputvectors.

In orderto obtainthemappingÔ , theweightvectors,Û Ü C , areinitially givenran-
domvaluesandtheinput dataset, ��� � , is thenpresented,repeatedlyandin random
order, to the network. At eachpresentationof an input vector, ��� � ! , we compute
for eachoutputunit theEuclideandistance,in input-space,betweenÛ Ü C � � ! and � Ñ
andselectthe unit, � Ù � D �ÞÝ

, with the minimum distance(figure ). A neighbourhoodß
around �ÚÙ � D � Ý

is thendefined4 suchthat,within
ß

, weight vectorsareadapted
accordingto thefollowing rule :à�á�âMã?äVåçæ�èAé¨à�á�âMã?ä�è�åëêìã ä,èvíïî�ã?ä�è[ðñà�á�âMã?ä�èuò (26)

whereêìã?ä,è is anadaptiongainparameter, ó�ô ê ô æ
For convergenceto a smoothmapping,thesizeof

ß
andthevalueof êìã?ä,è must

begraduallydecreasedwith time. Thesedecreasesaremonotonicandgovernedby
thefollowing equations: êìã?ä,è5éçêVõ�öR÷Eøúùdð äûRü�ý (27)

where êVõ is an initial adaptiongain, normally ó_þ æ ô êVõ ô óEþ�ÿ , and û ü is the time
constantfor theprocess.Thevalueof

ß
maydecreaselinearly, with time, from an

initial valueor maydecreasein anexponentialmanner.
In most implementationsof Kohonen’s algorithm, including the one presented

here,notall theunitslying within
ß

areupdatedequallyandequation26is modified
to : à�á�âMã?ä å~æ�è5éçà�á�âMã?ä�èjåñêìã ä,è � ã����,ä,èvíïî�ã?ä�è ð à�á�âMã?ä,èdò (28)

3Thearraystructureis two-dimensionalin mostof Kohonen’s work for easeof visualisation
4Onemayrepresenttheneighbourhood-boundaryasacircleon thefeaturemap,centredat � �	��

��� , with radiusequalto � � .
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Figure18: Schematicdiagramof theself-organisingnetwork.

where
� ã����,ä,è is a decreasingfunction of distance,� , suchthat

� ã ó �Xä�è�é æ����>ä , �
beingthe Euclideandistancein output-space betweení������/ò�� and í �����/ò . A popular
choiceis thetruncatedGaussian.

Oncethemapis trainedit maybeusedin lieu of theoriginalspacefor

� visualisationof data

� determinationof theprobablenumberof sub-classes(clusters)in thedata

� visualisationof data dynamics,as movementin the high-dimensional input
spaceis mappedto amovementon (e.g.)a2-D map.
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Figure19: Responseof trainedSOM to a simpleclusterset- the original datawas10-dimensional.
Notetheeasewith whichclustersareseen.
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