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Abstract

Raynaud's phenomenon(RP) is a common complaint that manifests as

hypersensitivityto cold in the hands,associatedwith changesin colour as the

bloodsupply is disrupted.In manypeoplethe conditionis idiopathic (primary),

but in some individuals, RP is associatedwith connectivetissue disorders,

especially systemic sclerosis.

Thermographyis onemodeof investigationof this disorder,andpreviousstudies

haveidentifiedsomeparameterswhich havesomeability to distinguishbetween

primaryRPandsystemicsclerosis,usingmeasurementsbetweenspecificpartsof

the hand. 

This study used the image of the whole areaof the hand following a cold

challenge,measuredover fifteen minutes to generatea discriminant between

primary RP and systemic sclerosis,using a two-stage linear model of its

appearance over time.

The model identified significant differencesbetweenthe primary RP, systemic

sclerosis, and control groups. Several classifiers were used to produce

discriminatorsbasedon the resultsof the models.The bestclassifierfound was

the supportvectormachine,but this wasonly abledemonstratea sensitivity of

78% and a specificity of 54% in identifying patientswith systemicsclerosis.

Discriminationbetweensubjectswith RP(of any type)andhealthycontrolswas

better with a sensitivity of 67% and a specificity of 93%.

Possiblereasonsfor thepoorperformanceat diagnosingsystemicsclerosisgiven

the good apparent separation early in the analysis are discussed.
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1 Introduction

1.1 Raynaud's phenomenon

Raynaud'sphenomenon(RP) is a commonclinical finding, first describedby

Maurice Raynaudin 1864[1]. It is estimatedthat 4-15% of the populationhas

evidenceof RP. RP consistsof a feeling of extremecold and pain in the

extremitiesfollowing exposureto low temperatures,which lasts for 10 to 15

minutes,associatedwith changesin colour. The classicalsequenceof colour

changeis initial pallor, causedby the obliterationof the blood supply. A blue

phasefollows, as the blood returns,but is deoxygenateddue to the tissue's

ischaemia.A final red phaseoccursoncethe tissue'soxygendeficit is resolved,

but a reactive hyperaemia remains.

Themajority of casesoccurin women(female:maleratio is approximately4:1),

and usually start in the second decade of life.

RPcanbea featureof manydiseases,althoughthemostcommonmanifestation

is as an idiopathiccondition (PrimaryRaynaud'sPhenomenon:PRP).The next

mostcommoncauseof RP is systemicsclerosis(SSc),which is alsoknown as

scleroderma.CREST syndrome(Calcinosiscuti, RP, Esophagealdysmotility,

Sclerodactyly,Telangiectasia)is also comparativelycommon.Other causesof

RParecold injury, vibrationinjury, arteriosclerosis,iatrogeniccauses(especially

vasoactive medication), and cryoglobinaemia.

PRPrarely causesany serioussequelae, althoughit can be a very unpleasant

condition. RP associatedwith scleroderma,however, can lead to ischaemic

ulceration of the fingers and toes, and also gangrene.

1.2 Systemic Sclerosis

SScis a connectivetissuedisease,characterisedby a generalised,progressive

fibrosing process.This processaffects severaltarget organs;the skin, lungs,

heart,gastrointestinaltract,andkidneysaremostfrequentlyinvolved.Thereis a

significantmortality - thereis only a 55% ten yearsurvival in patientswith the

diffuse cutaneous form.[2]

In the skin, the fibrosis leadsto RP, skin thickening,skin tighteningover the

face,and microstomia(contractionof the skin aroundthe mouth, leadingto a

reductionin theoral aperture).Changesin skin pigmentationarecommon,asare
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flexion deformities,especiallyin the hands.Vascularinsufficiencypredisposes

to the formation of ischaemic ulcers and gangrene.

Involvementof thelungsis usuallydueto interstitial fibrosisor pulmonaryartery

vasculardisease.Pulmonaryfeaturesareoftenclinically silentuntil theyarewell

advanced, making treatment difficult.

Cardiacfeaturesusually occur late in the disease,and consistof pericarditis,

congestivecardiacfailure, or arrhythmias.A cardiomyopathyis often found in

conjunction with musculo-skeletal involvement.

Gastrointestinalfeaturesare typified by poor motility. In the oesophagus, this

presentsasdysphagiaanddyspepsia.In the small bowel,poormotility typically

leadsto diarrhoea,mild abdominalpain,andweightloss.It can,however,leadto

chronic pseudo-obstruction,with abdominal pain, distension, and recurrent

vomiting. In the large bowel, poor mobility usually causesconstipation,lower

abdominaldistension,or impaction.Involvementof the ano-rectalregion may

lead to incontinence, prolapse, and may aggravate constipation. 

Thesclerodermarenalcrisis is a seriouscomplicationof scleroderma.It consists

of the usualsignsand symptomsof malignanthypertension(headache,altered

vision,heartfailure,andneurologicalsignsandsymptoms),in thepresenceof an

abnormallyhigh blood pressure.Laboratorytestswill usually show a uraemic

picture, with proteinuria and/or microscopic haematuria.

Sclerodermatypically presentswithin two years of the developmentof RP;

indeedRP is usuallythefirst signof thedisease.Themajordiagnosticchallenge

in sclerodermais to identify thosepatientsnewly presentingwith RP,who have

PRP,andsoneedlittle further investigation,andthosewho aregoingto go on to

develop scleroderma.

1.3 CREST syndrome

CREST syndrome(Calcinosiscuti, RP, Esophagealdysmotilty, Sclerodactyly,

Telangiectasia),alsoknown aslimited cutaneoussystemicsclerosis(LCSSc),is

a distinct clinical subset of scleroderma.It is characterisedby the five

componentspresentin the acronym,andhasa muchmorelimited and indolent

coursethanthenon-limitedfrom, which is known asdiffusecutaneoussystemic

sclerosis(DCSSc).TheRPis presentfor a muchlongertimebeforedevelopment

of the rest of the disease(typically greaterthan ten years,comparedwith two
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years for DCSSc).

1.4 Pathophysiology

Humanbody temperatureis regulatedvery closely,with a set point of around

36.9°C.Heatis mostlygeneratedwithin thebodycore,from metabolicprocesses

andmuscleactivity, andthebloodis maintainedat a constanttemperature.There

areseveralmechanismsthatthebodyusesfor thermoregulation, andoneof these

is thecapillarynetworkwithin theskin. In healthyhumans,whenanareaof body

is exposedto cold, the arteriolessupplying the superficial capillary network

constrict,reducingthebloodsupplyto thedermis.This allowsthesurfaceof the

skin to cool, reducingthe rate of heat loss. When the core temperaturerises

abovethe setpoint, thesesamearteriolesdilate, increasingthe blood supply to

the dermis, and increasing the rate of heat loss. 

Hence, the temperature of the skin is dependent upon several factors.
� Ambient temperature
� Blood supply
� Blood temperature
� Local thermogenesis

Blood temperatureis not normally a significant factor as it is very tightly

controlled.Local thermogenesiscanbe a significantfactor in the temperatureof

theskin,especiallyoverlargemusclemasseswhich areactivelyworking (thighs,

arms etc.). The hand containscomparativelylittle muscle, and has a fairly

constant rate of thermogenesis.Hence, if the ambient temperaturecan be

controlled,the local blood supplycanbe estimatedfrom the temperatureof the

skin.

The rateof blood flow througha vesselcanbe describedby Equation1.1. Here

Q is the volumeof fluid passinga point in unit time, DP is thepressuregradient

acrossthe tube,R is the insideradiusof the tube,h is theviscosityco-efficient,

andL is the lengthof the tube.This assumeslamellar flow, andis accuratefor

large and mediumsize blood vessels,but doesnot hold for capillaries,as the

presenceof red blood cells alter the flow characteristics,leadingto an apparent

reductionin viscosity for vesselsof small diameter.It is importantto note that

the flow varies with the fourth power of the internal radius of the vessel, meaning
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thatevensmallchangesin thediameterof thevesselcausesubstantialchangesin

flow rates.Fromthis equationwe canseethat the factorsaffectingthesupplyof

blood to the superficialdermalcapillary networkdependsuponthe diameterof

the supplyingarterioles,andalsoon the blood pressurewithin the deeparterial

plexus(Figure 1.1).

RP is known to be due to a local fault, which causesobliterationof the blood

supplyto theextremitieson exposureto cold; thereis botharteriolarconstriction,

and also constriction to the point of total obstruction of the digital arteries.

Theexactpathologicalprocessin PRPis unknown,but it is widely believedthat

thereis somedisorderof the small arteriessupplyingthe fingers that increases

their sensitivity to cold, and prolongsthat response,althoughthe biomolecular

causefor this has not been found. There is also someevidencethat there is

structuralalterationto the small arteriesof thehand[3]. Thereis alsoa question

as to whether there is a change in plasma viscosity[4][5][6].

Patientswith systemicsclerosishavebeenshownto havesevereintimal fibrosis,

that is, thickening of the inner lining of the arteries[7]; this is a permanent

structuralchangeleading to significant impairmentof the blood supply to the

fingers, as opposedto PRP,which hasa primarily reversiblecomponent,and

may be undetectable in warm conditions.
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Figure 1.1: Local skin blood vessels and anatomy

Equation 1.1: The Poiseuille Equation for lamellar flow in a tube
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1.5 Investigative techniques for peripheral vascular disease

Thereareseveraltechniquesfor the investigationof peripheralvasculardisease,

which have different costs, accuracy, and reliability[8].

1.5.1 Clinical tests

The simplestmeasureof the adequacyof peripheralblood flow is the capillary

refill time. This is assessesby pressingon a nail in the areain question,so that

thecolourbecomeswhite. The time takenfor the normalpink colour to recuris

measuredfollowing releaseof pressure.A time of undertwo secondsis takento

indicatea normalbloodsupplyto thepart in question.This testis very quick and

easy to perform, but is rather subjective,and not particularly sensitive.It is

primarily used in emergencysituationswhere there is some doubt as to the

patency of a major artery, or there is a suspicion of  shock. 

1.5.2 Nailfold capillary microscopy

Connectivetissuediseases,especiallySSc,can producedistinct changesto the

appearanceof capillary beds. These changesconsist primarily of capillary

dilatationand loop drop out. The surfacecapillarieswithin the nailfold can be

easily visualisedunder light microscopy,and the imagesproducedcan be fed

into analytical softwarewith the appropriatehardware.The structuralchanges

aredifficult to assessin a quantitativefashion,but attemptshavebeenmade[9].

Another line of approachis using imageanalysissoftwarecoupledwith video

micrscopy to identify individual erythrocytes,and measuretheir velocities

through the capillary network. As the nailfold is cooled, the velocity of the

erythrocytesis reduced,and the "flow stop" time may be usedto differentiate

patietnswith PRP,SSc,andnormalcontrols[10]. Themaindisadvantagesof this

techniqueare that it can only look at the nailfold, andalsothat therehasto be

physicalcontactbetweenthe patientand the microscopeto achievea sufficient

magnification, which may disrupt the normal flow within the capillary bed

observed.

1.5.3 Laser Doppler flowmetry

This techniqueutilisesa laserbeamthat is aimedat the skin, andmeasuresthe

frequenciesandamountof reflectedlight. Theamountof reflectedlight depends

uponthe componentswithin the skin, suchashaemoglobin,proteins,andother
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cellularmaterial.TheDopplereffect causesa changein the frequenciesreturned

dueto themovementof anyparticles.Light reflectedfrom blood(primarily from

the red blood cells) will be doppler shifted proportionally to the blood cells©

velocity parallel to the light, producea spreadof frequenciesin the returned

light. Thesefrequencyrangeandintensityof returnedlight canbecombinedand

calibratedto producethe flux (densitymultiplied by velocity). As blood is the

only componentwhich movessubstantially,this is a goodapproximationto the

blood flow. Thereare problemshoweverwith significant site-to-sitevariation,

and there are numerous contradictory studies present in the literature[11][12].

1.5.4 Finger systolic blood pressure measurement

As it is hypothesisedthat reductionof the radiusof the digital arteriesis part of

thecausativechainleadingto the symptomsassociatedwith RP, it makessense

to measurethe degreeof occlusion present.One measureof the degreeof

occlusionof thearteryis thedecreasein systolicbloodpressurealongits length.

This can be measuredby inflating a cuff aroundthe proximal phalanxof the

finger to abovesystolicpressure.The cuff is thendeflateduntil the bloodstarts

to flow into the finger, known as the openingpressure.The temperatureof the

finger canbe alteredby meansof heatedor cooledwaterflowing througha cuff

placed around the middle phalanx. Severalmethodshave been describedto

assessthe point at which flow recurs;photoelectrictransducers,laserDoppler,

andstrain gaugeshaveall beenused[13][14][15].It hasbeendemonstratedthat

finger systolic pressureresponseshave high sensitivity and specificity for

distinguishingbetwenSScand PRP,and also betweenpatientswith PRP,and

thosewho aresimply cold sensitive[13]. Thereis, however,somequestionasto

thereproducibilityof theseresults,aspatientsseemto demonstrateanadapative

response to the cold challenge.[16]

1.5.5 Ultrasound

Ultrasoundcan be used to directly measurethe internal radius of the digital

arteries,andthis techniquehasbeenusedto differentiatebetweenpatientswith

RPandhealthycontrols[17]. Dopplerultrasoundhasalsobeenusedto assessthe

rate of flow in digital arteries,and this has also been used to differentiate

between PRP and SSc, although there were a small number of patients

involved[18].

13



1.5.6 Plethysmography

Plethysmographyusesvolumechangeto assessblood flow. Onetechniqueused

is digital venousocclusionstraingaugeplethysmography.Herea bloodpressure

cuff is placed around the proximal phalanx, and inflated to betweenvenous

pressureand diastolic pressure.This preventsblood from flowing out of the

digit, but allows blood to flow in, leadingto an increasein volume.The rateof

this increasecanbemeasuredandgivesan indicationof thebloodsupplyto the

finger. Whilst therearedifferencesbetweenhealthycontrols,patientswith PRP

and SSc, these are not statistically significant[13].

1.5.7 Thermography

As thechangesin RP indirectly affect the temperatureof theskin, thermography

is one of the tools available for its investigation.

The investigationscan be static, looking at skin temperaturewith a constant

ambienttemperature,or dynamic,wheretheambienttemperatureis changedin a

controlledfashion.The most commondynamic test is the cold challengetest,

wherethehandis exposedto a shortperiodof cold temperatures,thenallowedto

rewarm, while the skin temperatureis measuredthermographically.Several

thermographic parameters have been proposed to characterise RP.

Thedistal-dorsaldifferenceis thedifferencein temperaturebetweentheskin just

proximal to the nail and the dorsumof the hand.Using a cut off of 1° C to

separatePRPandSScgivesa sensitivityof 12/20(60%)anda specificityof 8/9

(89%)[19][20].

Using the lag time to temperaturerecovery, maximum rate of change,and

maximumrecoveryindex in a logistic regressionit was possibleto generatea

test for RP that had a sensitivity of 20/26 (77%) and a specificity of

22/23(96%)[21].

It is worth notingthatall of theseparametersusesmallareasof thehandin their

assessment,and this meansthat much of the data availableis discarded.It is

hypothesisedthat PRPand SScmay causethe rewarmingto occur in different

patterns.This thesisattemptsto assessthathypothesis,usingdatafrom thewhole

visible areaof the hand, from thermographicimagesacquiredduring a cold

challenge test, as described in [19].
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1.6 Object Recognition

To assessthe rewarmingcurvesof the hand from thermographicimages,the

locationof the handsneedsto first be determined.This can of coursebe done

“manually” by an operator,but the work is tediousand different operatorswill

locatethe handdifferently, leadingto possiblevariationsin the data.An aim of

this thesis is to develop a heuristic for reliably locating a hand on a

thermographicimage.A significant problemwith the handlocationproblemis

that patientshavedifferent size andshapehands,which are placedin different

placeswithin the imageat varyingangles.Thehandis a complexstructurewith

21 individual joints[22], someof which can move in severaldirections,andso

may be placedin numerousposes.All of this meansthat any heuristicwhich

relieson a fixed templateto locatethehandwill fail. For this reason,a heuristic

which accounts for the variation in shapes available must be used. 

There are also some special problems and advantagesassociatedwith the

thermographicimagesavailable.Thecontrastbetweenhandandbackgroundcan

bepoor,wherethehandis at thesametemperatureasthebackground.Thereare

advantages,however in that the hand position does not changesubstantially

during the image sequence,and towards the end, the hand is usually well

demarcated.It shouldthereforebe possibleto usethe later imagesasa starting

point for locating the hand in the earlier images.

The modelbasedapproachis likely to be the bestapproachfor identifying and

locatingthe hand.With this approach,a model is generatedfrom sometraining

data,andthe locationof bestfit of the imagedatato themodelis sought.In the

following sections, several possible model-based approaches are discussed.

1.6.1 Elliptic Fourier Decomposition

Any singleclosedshapecanbedescribedasa pair of periodicfunctions,x(t) and

y(t). As thesefunctions are periodic, they are thereforeamenableto Fourier

decomposition(Equation1.2). Thehigherordertermscanbediscarded,provided

that the shapedescribedis fairly smooth, as thesegenerally refer to small,

insignificantfeatures.Themodelcanalsobemadeinvariantto scale,translation

and rotation fairly easily. Searchingis performedas an optimisation routine,

following Gaussiansmoothingof the original imageandextractionof the local
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gradient vectors. Whilst this techniqueis quite good at identifying the left

ventricle from ultrasoundimages[23], it would haveproblemslocating hands;

handsare not particularly smooth,and so a large numberof termsneedto be

retained.The result of changing a single term is generally a squashingor

stretchingmovementin the resultantshape,which would not readily model the

rotational and translational movements found in the hand.
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1.6.2 Active Contour Models

Active ContourModels were first describedby Kasset al.[24]. This approach

models an object boundary as an energy minimising spline, with three

componentsto the energy calculation,shown in Equation1.3, with the total

energyfor the imagebeingEsnake. Eint representsthe internalenergyof thespline;

theweightingfactorsa andb canbemodified to vary theflexibility of thecurve

at anypoint. If b is made0 at anypoint, thenthesplinemayhavea sharpangle

at that point. Eimage representsenergyderivedfrom the interactionbetweenthe

spline and the image.Eline simply acts to attract the spline towardslighter or

darkerareasof the image.Eedgeattractsthesplineto areasof the imagewith high

localgradient,andEterm attractsthe imageto terminationsof linesandotherareas

wherethere is a high degreeof curvaturepresent.The w terms are weighting

factorsto determinethe relativecontributionof these“energies”.Econ represents

energyinput from a user,andcanbe representedby manyforms, allowing the

userto pushandpull the splinesfrom one stablecondition to another.In fully

automatedheuristics,this componentis setto zero.Thisapproachonly integrates

a limited amountof prior knowledge;the flexibility of the splinecanbe varied

along its length,and the variousweighting factorsoptimisedfor the particular

problem.This approachwould probablyhaveproblemswith the highly concave

natureof the handoutline in the areaof the fingers,which may leadto thegaps

betweenthe fingersbeing“skipped”. A furtherproblemis that it is not possible

to determinedirectly from theresultingsplinethelocationof specificpartsof the

hands. As such, it is not particularly useful for this specific application.

Equation 1.3: Energy components for active contour models
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1.6.3 Active Shape Models

Active ShapeModels (ASMs) are similar in somerespectsto active contour

models,but the resultantshapeis constrainedaccordingto a point distribution

model that has beenpreviously trained with an exampleset[25]. The model

underlyingthe ASM approachis this – thereare only a small numberof ways

that a limited objectcanvary (oncerotation,scaling,andtranslationhavebeen

accountedfor) – in thecontextof a hand,themain degreesof freedomlie in the

spreadof the fingers,and the thumb can also bendseparately.(Therearealso

differencesbetweenpeoplein terms of digit size, hand width, and so on, but

thesehavecomparativelylesseffecton theoverallpoint realtions.)If therearem

degreesof freedom,eachindependent,we canthink of eachpossibleshapebeing

representedby a point within an m-dimensionalspacewith orthogonalaxes.

Furthermore,if eachdegreeof freedomis normally distributed,andhasa mean

valueof 0, theneachpossibleshapewill lie within anellipsoid in m-dimensional

space,and the ellipsoidsaxeswill be alignedwith the axesof the space.The

probability of any shapewill be proportionalto the distancefrom the origin of

the point representing that shape.

The training set is first alignedso that all of the markedshapeshavesimilar

posesand scales.This is done using an iterative approach,that weights each

point, accordingto its reliability asa landmark.If Rkl is the euclideandistance

betweentwo points in a shape,andVRkl
is the variancein this distanceover the

setof shapes,thenwe canassigna weightingto eachpoint asin Equation1.4, to

generatethe diagonalmatrix W. This resultsin a high weightingbeinggiven to

pointswhich remainin a fixed positionrelativeto theotherpoints(andcanthus

beregardedasa stablepoint),anda low valueto thosepointswhich havehighly

variable locationsrelative to the other points. Once the weighting matrix has

beencreated,a least-squaressolutioncanbe createdto find valuesof s (scaling

factor), q (rotation) and t(translationvector). This is usedto align all of the

shapesin thesetwith thefirst shape.Fromthis alignedset,a meanshapecanbe

generated.All of the shapesare then re-alignedto the meanshape,and this

process is repeated until the results converge.
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Equation 1.4: Scaling and rotation for ASMs

Onceall of theshapeshavebeenaligned, we canview eachshapeof n pointsas

a singlepoint in 2n-dimensionalspace.A setof N shapeswill thereforeform a

cloud of N points in this 2n-dimensionalspace,which is the point distribution

model.The centroidof this cloud is the meanshape, x . The ASM approach

assumesthat thepointsall lie in anellipsoidwithin the2n-dimensionalspace.If

weassumethat theunderlyingdegreesof freedomact linearly andindependently

upon the coordinatesof eachpoint, it can be shownthat the point distribution

model should consist of an 

m-dimensionalellipsoid in an n-dimensionalspace.The primary axes can

therefore be determined using principal component analysis as shown in

Equation1.5, wherexi is a vector of the coordinatesof the ith shape,S is the

covariancematrix, pk (k=1,2 ...,2n)are the unit eigenvectorsof S, l k is the kth

eigenvalue of S, and (l k > l k+1).

The eigenvectorsof a covariancematrix describe the primary axes of an

ellipsoid, with the eigenvaluebeingequalto the variancealong that axis. This
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Equation 1.5: Principal component analysis used to create ASM
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also implies that the squareroot of an eigenvalueis equal to the standard

deviationof pointsalongthataxis.Also, astheeigenvectorsform anorthogonal

basisin the2n-dimensionalspace,anypointwithin thespacecanbedescribedas

a linear combination of eigenvectorsadded to the mean. If the previously

mentionedconditionson the original sourcesof variation (normal distribution,

independence,and linearity) are met, and there is a sufficently small level of

noise,thentheoriginal degreesof variationshouldberepresentedby the first m

eigenvectors. It should also be noted that we do not needto know what the

original degreesof freedomare,or indeedhow many of them thereare. Each

degreeof freedomcan be investigatedby looking at shapescorrespondingto

points along each axis ± these are termed modes of variation.

To producea morecompactdescriptionof a shape,thehigherordereigenvectors

arediscarded,as thesecontributevery little to the varianceof the shape.This

thenapproximatesour 2n-dimensionalellipsoidby a t-dimensionalellipsoid.The

numberof eigenvectorsthat arediscardedcan be adjusted,dependingupon the

need for accuracy compared with speed and space. Typically, enough

eigenvectorsareretainedsuchthat they canaccountfor a certainproportionof

the variance in the model. Any of the allowable shapescan therefore be

approximated as in Equation 1.6, where Ps is the first t eigenvectors of pk.

Now that a compactpoint distributionmodelhasbeencreated,this canbe used

to searchan imagefor shapes.For eachpoint in the model,a modelof a small

areaaroundit is createdusingPCA, againbasedupon the training data.These

local modelsare thenusedto assessthe goodnessof fit of a particularposefor

that model,and to suggesta direction in which the model shoulddeform to fit

better. If this deformationis consistentwith the shapemodel, the processis

repeateduntil the poseconvergesonto a stablevalue, or a fixed numberof

iterations is completed.

A further refinementof thesearchalgorithmis theuseof multiple resolutions.In

this approach,several models are generated,each trained using images at
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different levels of resolution.An initial searchis performedover the whole

imageat low resolution,and a set of good matchesidentified. Theseare then

usedas the startingpoints for searchingusingthe next level of resolution,and

againa set of good matchesis identified, and the processis repeateduntil the

best match is found at the highest level of resolution.

1.6.4 Active Appearance Models

Active AppearanceModels(AAMs) are a modification of the ASM approach.

AAMs usenot just shapeto locatemodels,but alsotextureaswell[26]. A point

distribution model is generatedfor the shapes,as in the ASM approach.The

training set of alignedimagesaremorphedso that they all fit the meanshape,

and the pixel values from within each shapeare sampledinto a vector by

triangulation.This is donebe startingwith the convexhull of all of the points

marking the shape.The resultingshapeis subdividedinto triangles,with each

markedpoint forming thevertexto at leastonetriangle.An affine transformation

is thenusedto moveall of the pixels within eachtriangle to the corresponding

point in the mean shape.This meansthat a particular elementin the vector

always corresponds to the same part of the object to be modelled.

This grey-level vectoris normalised,usingan iterativetechniqueover thewhole

training set, leaving us with vector g. Principal componentanalysis is then

performedon thesetof thesevectors,which createsa texturemodel,whereany

examplecanbe synthesisedasEquation1.7, wherePg is a setof eigenvectors,

andbg is a setof parameters.It hasbeenfound that this approachoften extracts

significantfeaturesfrom the grey-levelimage.For example,asappliedto faces,

varying the first few parameters produces changes in expression and identity.

It is then possible to concatenatethe shapeparametersand the grey-level

parameters,to give Equation1.8, whereWs is a set of weights for the shape

model, to accountfor the differencein units betweenthe shapeandgrey-level

model.
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Equation 1.8: Concatenated model

As there may be correlationsbetweenthe shapeand grey-level variations,a

furtherprincipalcomponentanalysisis applied,to achievetheappearancemodel

(Equation1.9), whereQ are the eigenvectorsand c is a vector of appearance

parameters, controlling both shape and grey-level.

Equation 1.9: The appearance model

For eachtraining image,thesetof parametersdescribingtheshapeandthegrey-

level imageareextracted,andconcatenated,andthenusedin a furtherprincipal

componentanalysis.This resultsin an appearancemodel,whereeachparameter

controls both shape and appearance.

To searchan imagefor an object,a setof possibleimagesaregenerated,using

differentparameters(andalsoposesandpositions).Thesecandidateimagesare

then comparedwith the actual image, and assessedfor goodnessof fit. A

proportionof the best-fittingcandidatesareusedto producefurther candidates,

andthe processis iteratedseveraltimes.The appropriateparametershifts have

alreadybeencalculatedoff-line for anygivendifferncebetweena candidateand

the actual imagedata,so the iteration processis mademuchmore efficient. A

multi-resolutionapproachcan also be used,similar to that usedin ASMs. A

down-sideis that if thereareno candidateimagescloseto theactualimage,then

the model can fail to ªhome inº.

ASMs andAAMs are implementedin a softwaresuite, isbe_apm, producedby

the Departmentof Imaging Scienceand Biomedical Engineering[27]. Several
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toolsareprovidedin isbe_apm,includingbuild_asmandbuild_aam, which build

ASMs and AAMs respectively. isbe_apmrequires VXL [28], a set of C++

libraries designedto assistin the implementationof computervision heuristics

and algorithms.

1.7 Texture Analysis

Using the grey-levelmodelasdescribedin the appearancemodelallows oneto

extractthesignificantfeaturesof animage,andthemorphingprocessmeansthat

changesin shapearenot relevant.As thethermographyprocessdoesnot rely on

reflectedlight, changesin posedo not substantiallyalter the appearanceof the

image.If thereis a differencein the patternof the recoveryof the blood supply

following the cold challengebetweensubjectswith SScand PRP,this should

manifest itself as a different pattern of rewarming. This in turn should appear as a

modeof variation within the grey-level model. It is this that the studyaimsto

observe and assess as a means of diagnosis.

1.8 Classifiers

The result of the texture analysis is a set of parameters,which hopefully

representsignificant featuresof the image,and could be usedto discriminate

betweendifferent diseasetypes. If there is a single variable to representan

image,thenconstructinga test is quite trivial; a suitablethresholdjust needsto

be set.

1.8.1 k-nearest-neighbour classifier

Thek-nearest-neighbourclassifieris oneof the simplestmultivariateclassifiers

available.It requiresa training set, which is storedin memory.To classify a

novel point, the nearestk points to the novel point are found, and the point is

classified as being of the same class as the majority of points found. Odd

numbersarechosenfor k, sothat thereis alwaysa majority whendiscriminating

two classes[29]. 

1.8.2 Binary hyperplane classifier

The binary hyperplaneclassifier is anothercomparativelysimple multivariate

classifier.This classifier takesa set of training data,and searchesfor the best

hyperplanethat would separatethe two classes.A novel point is comparedwith

the hyperplane,and classified dependingupon which side of the plane it is
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located[29]. 

1.8.3 Support vector machine

Thesupportvectormachine(SVM) is a fairly recentlydevelopedclassifierusing

statisticallearningtheory,althoughits originsgo backto 1979.At its simplest,a

SVM determinesthe hyperplanewhich separatestwo classesby the greatest

margin ± this in practiceis the hyperplanethat is normal to, and bisectsthe

shortestconnectingline of the convexhulls of the two training sets. Non-linear

boundariescan be generated,by mapping the input points into a higher

dimensionalfeaturespace,wherea linear hyperplanewould map back into a

non-linear boundary.The computationallyintensive translation to and from

feature space can be avoided by the use of kernels. A SVM also performs a trade-

off betweenmorecomplexboundaries(which arelesslikely to generalisewell)

and better matching with the training set[30]. The software used was

clsfy_rbf_svm from the Manchester University Library(mul) for VXL.

1.9 Aims and Objectives

The main aim for the thesisis to producea model of the imagesproducedby

thermographyof the handfollowing a cold challengetest that will distinguish

between SSc and PRP. To achieve this aim, the following objectives were set.
� To producea modelthatwould accuratelyandreliably locatethehandon the

image.
� To producea modelof the textureof thebackof thehand,andassesstheuse

of that model for discrimination between SSc and PRP.
� To producea modelof thechangein textureof thehandoverthecourseof the

cold challengetest, and againassessit for discriminationbetweenSSc and

PRP.
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2 Methods

A generaloverview of the methodsusedcan be seenin Figure 2.1. Oncethe

patients were selected and the inclusion criteria met, thermography was

performed,generatinga setof imagesin proprietaryformat. Theseimageswere

convertedinto TIFF files, and alsopassedinto the object recognitionheuristic.

Theresultsof this wasthenpassedinto two stagesof analysis,producinga setof

30 parametersto describeeachpatient.Therewasa split at this point, as there

were two potential approachesto analysis;the serial approachand the total

approach;thesewere done in parallel. Theseparameterswere then used to

generateseveralclassifiers,which were comparedwith eachother.One of the

most promising discriminantsin the literature is the distal-dorsaldifferenceat

30°C [19], andthis wascalculatedfor the subjectsin the PRPandSScgroups,

and compared with the results from the classifiers.

2.1 Subject Population

The subjectsfor this study were taken from thosepatientsreferred to Hope

HospitalRheumatologyDepartmentfor investigationof possiblesecondaryRP.

Membersof the control group were takenfrom staff and acquaintancesof the

author. No age matching was performedbetweenthe control, PRP and SSc

groups.

2.2 Inclusion Criteria

Thereweretwo primary groupsof patientsusedfor the study; thosewith PRP,

and those with Scleroderma.A small group of control subjectswere also

acquired. The patients were allocated into the SSc or PRP groups after

thermography by examining the case notes.
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Figure 2.1: Data flow summary



2.3 Inclusion criteria for the SSc  group.

The criteria for diagnosisof SSc as specifiedby the AmericanRheumatology

Association were used[31]. 

Sclerodactyly must be present, as well as one of 
� Digital pitting
� Proximal scleroderma to the metacarpophalangeal joint
� Pulmonary fibrosis

2.4 Inclusion criteria for the PRP group
� There must be must be episodic changes in finger colour in response to cold.
� Erythrocyte Sedimentation Rate must be within normal limits
� Anti-Nuclear Antibody count must be less than 100
� Other features of connective tissue disease must be absent
� There must be no relevant occupationalhistory (working with vibrating

machinery etc.)
� Nailfold capillary microscopy must be normal

2.4.1 Inclusion criteria for the control group
� No history of episodic colour change of the fingers in response to cold.
� No history suggestive of connective tissue disorder.

2.5 Image acquisition

Imageacquisitionwasperformedby staff in theDepartmentof Rheumatologyat

Hope Hospital. The patients involved in the study consistedof all patients

referred to the RheumatologyDepartmentfor the investigationof RP in the

period1999-2002.Subjectswereaskedto abstainfrom tobacco,coffeeandteain

thefour hoursprecedingthe imaging.The imageswereobtainedby anAGEMA

570 thermographiccamerain a temperaturecontrolled room. Subjectswere

allowedto acclimatisein the room for 20 minutesat 23�1 °C. A baselineimage

was then takenagainsta woodenboardwhich had beenkept in the freezer,to

provide a good contrast.The subjectthen donnedlatex gloves,and immersed

their handsas far asthe mid-dorsuminto a bucketof waterat 15°C. They kept

their handsin the water for one minute, continuouslymoving the fingers to

prevent a thermal envelope from forming.
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After this, thehandswereremovedfrom thebucketandtheglovesremoved.The

subject©shandswerenow attachedto a polystyreneboard(at 23�C) usingdouble-

sidedadhesivetape.Thermal imageswere now takenevery 15 secondsfor 15

minutes,resultingin a total of 61 images.If therewasa temperaturedifference

betweenthe dorsumof the handandthe fingertip of greaterthan1�C, the room

was warmed to 30 �C, and the subject again allowed to acclimatisefor 20

minutes.The handswerethen imagedagainagainsta woodenboardwhich had

beenkept in a freezer.All imagesweresavedas.IMG files, a proprietaryformat

of FLIR Systems.

2.6 Initial image processing

Unfortunately,FLIR Systemswereunwilling to releasethe file format. Reverse

engineeringrevealed that the files consistedof a constant length header*,

followed by the pixel data in two byte raster form (image size 327x243),

followed by a variablelengthtail. Extractionof the rasterdatawasachievedby

discardingthe first 1734bytes.Thethermographiccamerahasa tendencyfor its

readingsto undergoa certaindegreeof drift, which is periodicallycorrected(as

shown in Figure 2.3). The calibration data required is available (within the

header),but due to the intellectual property issues,was not accessible.To

calibratethe data,a small areaknown to be background(a 3x3 squarearound

pixel (162,235)) is sampled.The whole image is modified by Equation 2.1,

wherexab is the pixel value at (a,b). This resultsin objectsat the background

temperaturehavinga value of 127. Figure2.4 showsthe samepixel as Figure

2.3, after calibration.

* The lengthof the headercanactuallyvary, dependinguponhow muchprocessinghasbeen

doneupon the file by the proprietarysoftware.However,all of the analysedfiles had the

same processing, so the header length was effectively constant.

28



2.7 Object Recognition

To analysethe thermaltextureof the hands,the locationof the handsmustfirst

be determined.An Active ShapeModel was trainedusing 37 training images.

During therewarmingprocedure,thehandschangefrom colder(darker)thanthe

backgroundto warmer (lighter) than the background.This changeof contrast

initially causedproblemsfor theobjectrecognitionheuristics,andsoa transform

was applied to the original data,as describedin Equation2.2. This transform

giveseachpixel a valuethat indicateshow similar to the backgroundit is. The

resulting image was discarded once the object recognition stage was complete.

Thesampleimagesweremarkedup usingqmarkup, oneof the programsin the

isbe_apmsuite.The handoutline was definedusing45 pointsat setplaces(for

examplethe tip of index finger, web betweenring andlittle fingersetc.)These

points(togetherwith their correspondingimages)were fed into build_aamand

build_asm, which producedan active appearancemodel, and an active shape

model, respectively.The reliability of thesemodelswere testedusing a leave-

one-outprocess;this involved building eachmodelwithout a particularsample,

and then running the model with that sample,and calculating the euclidean

distancefrom thepointsfoundby themodelto thosepreviouslymarkedup.This

process was repeated for each image.

TheASM modelwasthenincorporatedinto a newprogram,wxview(Figure2.2).

wxviewis an interactiveprogramwritten in C++, using the isbe_apmlibraries

and also wxWindows[28], a multi-platform GUI toolkit. wxview would read in all

of the IMG files in a directory,converttheminto a calibratedform, andattempt

to locateboth the left andright hands,usingthe ASM. Theprogramwould start

with the last imagein the sequence,asthis wasusually theonewherethe hand

had the most clearly definedborders,so the ASM is most likely to be able to

correctlylocatethehands.If thelocationis incorrect,theusercaneithermoveall

points as a whole, rotate and scale the points, or move individual points,

dependinguponwhich mousebuttonis pressed.Therearealsotoolbarbuttons
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to enablethe userto makethemodelperforma global search,or simply a local

search.The local searchis constrainedto only searchin areasnearthe currently

selectedpoints;thusif theglobal searchis far from thecorrectposition,theuser

can simply move the outline of the hand until it roughly correspondsto the

image.Thelocal searchwill thenusuallycorrectlyidentify thehandoutline.The

operatorcanalsocausea particularhandoutlineto beappliedto thewholestack

of images("drilling" the images),or just to those which have not yet been

marked.Once a hand outline has beenobtained,the user typically drills the

outline down through the stack of images,and goesthrough them in reverse

order. If the hand movesfrom the outline, the user can either pressthe local

searchbutton,or movethepointsby hand.This newoutlinecanthenbe applied

to all of the images that have not yet been seen.

Both the searchesand drilling operationscan be madeto operateon one, the

other,or both hands.As the handsarevery nearlysymmetrical,it wasdecided

that the simplestway to recogniseboth handswas to havea single model that

matchedthe right hand,andtheimageof the left handwassimply flipped in the

vertical axis before matching.There are imageswhich are either missing,or

badlycorruptedwith randomdata(usuallydueto thecamerarecalibratingitself).

Missing images are noted by wxview, and automatically marked as bad.

Disrupted images can also be marked as bad by the user.

Once the marking up procedureis completed,wxview savesall of the point

locationsin plain text files. Badimagesaredenotedby theabsenceof apoint file

for that particular image.

2.8 Texture Analysis

Once the object recognition phasehas been completed,each image can be

warpedsothateachhandhasthesamepose,andcovers3000pixels.This leaves

us with 3000 x 60 x 2 = 360 000 separatedatapoints per patient.To analyse

these,the imageswereusedto train anappearancemodel(APM), aninstanceof

vapm_mr_app_modelfrom the isbe_apmsuite.This is simply that portion of an

activeappearancemodel (aspreviouslydescribed),without the shapedata;that

is, it only modelsthe textureof the image,regardlessof the poseof the hand.

Thereweretwo feasiblestrategiesto approachthis. Thefirst, to beknownasthe

total approach,usedall of the imagesto createan appearancemodel.This had
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theadvantagethat therewasa very largetrainingsetfor themodel,althoughthe

imageswere not independentof eachother. It also hasthe advantagethat the

parameters generated for each image could be directly compared. 

The otherapproach,to be known as the serialapproach,createdan appearance

modelfor eachtime point, usingjust the imagesfrom that time point to train it.

This hasthe advantagethat eachimageis only comparedwith imagesfrom a

similarpointon therewarmingtrajectory,andis substantiallyquickerto generate

themodels.However,theparametersderivedat onetime maynot necessarilybe

comparable with those from another time point.

As therewas no compellingreasonto chooseone approachor the other, both

methodswerepursuedin parallel.Oncethe modelsweretrained,the percentage

variance explained by each parameterwas extracted,and the first twenty

parametersfor each image was extracted by a new program, assess_apm.

assess_apmtakesasits argumentsthefilenameof theAPM, theimagefilename,

andthe filenameof thepointsfor that image.It matchesthemodelto the image,
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Figure 2.2: wxview screenshot, showing the location of boundaries of the left and right hands
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andoutputsthefirst twentyparametersinto thestandardoutput.Thiswasapplied

to eachimagefrom a shell file that iteratedthrougheachimagein the dataset,

andthe outputpiped into a file for eachimage.Missing or bad images(which

havebeennotedassuchby wxview)arenot processed,but a file containing20

ªNaNºs is usedinstead.A limit of 20 parameterswas chosenarbitrarily; the

APMsweresetup to generateenoughparametersthatwould accountfor 95%of
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Figure 2.4: The variation of the same pixel after calibration

Figure 2.3: The variation of an example background pixel over time
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the variation in the model; as each model had different inputs, each model

produceda differentnumberof outputs,anda limit of 20 waschosenso that the

results could be easily processed.

Leave-one-out analysiswas impractiblefor thesemodels,as constructingthe

modelstook around4 hourson 1.4GHzAthlon Linux system,anda full leave-

one-out analysiswould haverequiredabout10 daysof continuousprocessing

time.

2.9 Secondary Principal Component Analysis

Following the initial textureanalyses, therewere still 20 x 2 x 60 = 2400 data

points per patient; thesewere collated into a single file per approachfor each

patient, again using a simple shell script. To reduce this still further to a

manageablenumberof variables,a further principal componentanalysiswas

appliedto theparameterdata.A program,create_eigenwasproduced,which was

fed with the setof the parametersfor eachpatientasa singlevector (including

NaNs to representcorruptedor missing images),which is usedto producea

vsml_eigen_model, usingthevsml_eigen_model_builderclass.This missingdata

was recreated using linear interpolation and extrapolation. Two

vsml_eigen_model instances were produced, one for each approach.

Next, anothernew program, assess-eigen, calculatedthe first 20 parameters

(eigenvalues from the vsml_eigen_model) for each patient.

The first parameterthus obtained was comparedwith the patients©age at

thermography, using linear regression, and assessedas a threshold to

discriminatebetweenPRP and SSc, and also to distinguishRP from healthy

controls.The comparisonwith ageis to confirm that the featuresextractedare

not attributable to the age of the subject, as this is a potential confounding factor.

2.10 Classifiers

Oncethe final 30 parametersfor eachpatienthadbeendetermined,thesewere

usedto constructseveralclassifiersto discriminateSScfrom PRP,which were

thencomparedwith eachother,andwith thedistal-dorsaldifferenceasdescribed

in [19]. Classifierswerealsocreatedto discriminatebetweenpatientswith RP,

andhealthycontrols.Theclassifiersusedwerethek-nearest-neighbourclassifier,

with k=1, k=3, and k=5, the binary hyperplaneclassifier,and a supportvector
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machine.Thesclassifierswerecreatedandassessedby do_classifier_test, which

useda leave-one-outalgorithmto assesseachclassifier; that is that a classifier

wasproducedusingthe datasetwithout a particulardatapoint, andthenusedto

classifytheomitteddatapoint. This wasthenrepeatedwith eachdatapoint, and

so provided a measure of the robustness of the technique.
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3 Results

3.1 Subject group characteristics

Qualitativemeasuresareshownin Table3.1, with thep-valuesbeingdetermined

by Fisher©sexacttest Thereis no significantdifferencein genderor the useof

vasoactivemedication.Thereis a significantly higher proportionof smokersin

the PRP group, which may be significant as a confounding factor, due to

nicotine©sability to causevasoconstriction.The increasedusageof vasoactive

medicationin the SSc group (while not significant) may be due to the other

symptoms associated with SSc.

Quantitativemeasuresare shown in Table 3.2, where the p-valueshave been

determinedusing Student©stwo-tailed,unpairedt-test. It can be seenthat there

aresignificant differencesbetweenthe populationsin both ageanddurationof

RP, which may be a potential confounding factor, if our analysis shows a

significant correlation with age.
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Female Smoker Vasoactive

medication
PRP (n=31) 25(81%) 14(48%) n=29 3(9.7%)
SSc (n=24) 22 (92%) 4(17%) 7(29%)

p-value 0.167 0.0128 0.053
Control (n=11) 9(78%) n/a n/a

Table 3.1: Qualitative group measures

Age at thermography 

years (s.d.)

Duration of Raynaud's Phenomenon

years (s.d.)
PRP(n=31) 57.1(12.7) 13.3(12.8) n=26

SSc(n=24) 41.8(14.1) 4.63(4.09)
p-value  < 0.0001  0.0036

Table 3.2: Quantitative group measures



3.2 Object Recognition

OncetheASM andAAM hadbeentrained,a leave-one-outtestwasperformed

to comparethepointsasreturnedby themodel,andthosemarkedup manually.

Themeanseparationof thepointsfor eachtraining imagewascalculatedfor the

ASM, theAAM, andthe resultof following the ASM with a local AAM search

(local meansthat the AAM is restrictedto searchingthe areanear the points

identified by the ASM). The mean separationacross all the images was

calculated,and the numberwith a meanseparationof above5 and 10 pixels

were also counted.As can be seenfrom Table 3.3, the ASM was the most

reliablemethod,but still had severalcaseswhereit failed to identify the hand

correctly. The distribution of the mean values was quite skewed,with most

values being small, but a few caseshaving very high mislocations- these

correspondedto situationswhere the model completely failed to identify the

hand.

Notethat thevaluesassessedareonly themeandisplacementsfrom the"correct"

position. It is thereforelikely that evenwhen the meandisplacementis fairly

small,therewill bepointswhich aremoresubstantiallymislocated.As a resultof

this poor reliability it was decided that the object recognition stageshould

includehumanquality control andcorrection,which wasachievedusingwxview

(see section 2.7).

3.3 Texture analysis

Thefirst threemodesof variationfor theappearancemodelproducedby thetotal

approachcanbe seenin Figure3.1. The first modeof variationcanclearly be

seenas a variation in the longitudinal temperaturegradient.The secondmode

seemsto haveits variation in the moreproximal partsof the fingers,whilst the

third modeshowsvariationin temperaturefrom theulnarto radial aspectsof the

hand.The first threemodesof variationcanalsobe seenat different stagesfor
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ASM AAM ASM-AAM
mean 3.05 9.51 6.68
> 5 4 13 12
> 10 1 9 7

Table 3.3: Leave-one-out assessment of object recognition heuristics



the serial approach in Figures 3.2,3.5 & 3.6.

The averagevalue for the first mode for eachpatientgroup can be displayed

againsttime, asshownin Figure3.9. A similar graphcanbedrawnfor theserial

approach(Figure3.10), andwhile thevaluesarenot strictly comparable,theydo

showsubstantialconsistency.In both of these,we canseethat all threegroups

aresignificantlydistinctat theendof thecold challengetest,whilst thePRPand

control groups are similar at the start, but still distinct from the SSc group. 

The eigenvaluesfor the total model, and the averagedvalues for the serial

modelscanbe seenin Table3.4, andwe seethat the twenty parameterschosen

describedvirtually all thevariancein themodel,with mostof thatvariancebeing

in the first three parameters.

3.3.1 Receiver Operator Characteristic (ROC) Curves

For eachsubject,eachimagewasanalysedwith theAAM. For eachsubject,the

averagevalueof the first modewascalculated.Theseaveragevaluesof thefirst

modewereusedto produceROCcurves.Using a particularvalueasa threshold

it is possible to classify each subject as having SSc or not. Some will be

classifiedincorrectly,eitherfalsepositives(FP)(classifiedasSScwhenactually
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Eigenvalue � i

� T

�

100 �

Serial Total
l 1 48.34% 48.75%

l 2 14.55% 15.42%

l 3 7.51% 6.39%

l 4 4.38% 4.80%

l 5 2.96% 2.77%

l 6 2.22% 1.87%

l 7 1.80% 1.69%

l 8 1.55% 1.49%

l 9 1.37% 1.27%

l 10 1.16% 1.02%

l 1-20 92.24% 91.34%

Table 3.4: Percentagevariance explainedby parameter for appearancemodel from total

approach and averaged from serial approach



PRP),or falsenegatives(FN) (classifiedasPRPwhenactuallySSc).From the

number of true positives (TP) and true negatives(TN), we can determine

sensitivities(TP/ TP+FN) and specificities(TN/TN+FP)for the test using that

particularvalueasa threshold.Obviouslythereis a trade-offbetweensensitivity

andspecificity, andby adjustingthe level of the threshold,onecan generatea

rangeof sensitivitiesandspecificites.TheROCcurvesshowshow thesensitivity

and specificity vary with each other when the threshold is changed.

An ideal test will havespecificity andsensitivity equalto 1, and so the point

nearestto (1,1) on the graphsindicatesthe point of best performancefor a

particulartest.In this thesis,thepoint closestto (1,1)on a ROCis amrkedwith a

diamond. Of course,other considerationsmay make one choosea different

value; for instancein screeningtestsit is important to havea high sensitivity,

evenat the expenseof someloss of specificity. An alternatemeasureof the

valueof a testis to measuretheareaunderthe ROCcurve,Az. An ideal testhas

an Az of 1, and a test that does not distinguish the two subjects has an Az of 0.5.

ROCcurveswereconstructedto distinguishSScfrom PRP,from bothserialand

total approaches(Figures 3.11 & 3.12); As can be seen, neither approach

providesa particularly convincingdiagnostictest at this level. Their ability to

distinguish RP from controls is somewhat better, however (Figures 3.13 & 3.14).
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Figure 3.1: First three modes of variation

(from top to bottom)for theappearancemodel

created by the total approach

Figure 3.2: First threemodesof variation (from

top to bottom)for theappearancemodelcreated

by the serial approach at t=0s

Figure 3.5: First three modes of variation

(from top to bottom)for theappearancemodel

created by the serial approach at t=435s

Figure 3.6: First threemodesof variation (from

top to bottom)for theappearancemodelcreated

by the serial approach at t=885s
Figure 3.8: Variation of group averagemode against time for the serial approach. 95%

confidence intervals shown. Note: values from different times are not strictly comparable
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Figure 3.4: Variation of group averagemode against time for the total approach. 95%

confidence intervals are shown
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Figure 3.7: Variation of group averagemode against time for the serial approach. 95%

confidence intervals shown. Note: values from different times are not strictly comparable
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Figure 3.3: Variation of group averagemode against time for the total approach. 95%

confidence intervals are shown
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Figure 3.9: Variation of group averagemode against time for the total approach. 95%

confidence intervals are shown

Figure 3.10: Variation of group averagemode against time for the serial approach.95%

confidence intervals shown. Note: values from different times are not strictly comparable

Figure 3.12: ROCusingmeanfirst modefrom

serial approach to distinguish SSc from PRP. 

Az = 0.73

Figure 3.13: ROC using mean first mode

from total approachto distinguishRP from

controls.Az = 0.78

Figure 3.14: ROCusingmeanfirst modefrom

serial approach to distinguish RP from

controls. Az = 0.79

Figure 3.11: ROC using mean first mode

from total approachto distinguishSScfrom

PRP. Az = 0.73
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Figure 3.12: ROCusingmeanfirst modefrom

serial approach to distinguish SSc from PRP. 

Az = 0.73

Figure 3.15: ROCusing first modefrom final

analysisfrom total approachto distinguishSSc

from PRP. Az = 0.73

Figure 3.13: ROC using mean first mode

from total approachto distinguishRP from

controls.Az = 0.78

Figure 3.14: ROCusingmeanfirst modefrom

serial approach to distinguish RP from

controls. Az = 0.79

Figure 3.16: ROCusing first modefrom final

analysis from serial approach to distinguish

SSc from PRP. Az = 0.73

Figure 3.11: ROC using mean first mode

from total approachto distinguishSScfrom

PRP. Az = 0.73
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3.4 Secondary Principal Component Analysis

Movies displaying the characteristicsof the first three modesof variation for

eachapproachare in the CDROM accompanyingthis thesis.Imagestaken at

sevenpointsthroughoutthe imagesequencedemonstratingthe first threemodes

of variation are shown in Figure 3.19. Following the secondaryprincipal

componentanalysis,therearenow only 30 parametersto describeeachsubject.

Using the value of the first parameteras a discriminant,it is possibleto create

ROCsdistinguishingPRP from SSc (Figures3.15 & 3.16), and RP from the

healthycontrols (Figures3.17 & 3.18). It is notablethat the ROCs from both

approachesareidentical; that is the subjectsarerankedin thesameorderby the

first parameter for both approaches.The sensitivity and specificity for

distinguishingSSc from PRP are 71% and 65% respectively,taken from the

point on the line closest to (1,1). For distinguishingpatientswith RP from

healthycontrols,the respectivevaluesare73% and73%.Theseresultsarevery

similar to those shown in Figures 3.11 to 3.14. The proportion of variation

between patients explained by each mode of variation is shown in Table 3.5.

The value of the first parameteris comparedwith agein Figure 3.20, showing

thatthereis no correlationbetweenthetwo (r=0.27),it doesshow,however,that

b1 is bi-modal.
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Figure 3.15: ROCusing first modefrom final

analysisfrom total approachto distinguishSSc

from PRP. Az = 0.73

Figure 3.16: ROCusing first modefrom final

analysis from serial approach to distinguish

SSc from PRP. Az = 0.73
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Figure 3.17: ROCusing first modefrom final

analysis from total approach to distinguish

RP from control. Az = 0.79

Eigenvalue
�

i
�

T

�

100 �

Serial Total
l 1 65.55% 55.66%
l 2 5.19% 7.34%
l 3 4.2% 6.31%
l 4 2.44% 3.61%
l 5 2.25% 3.08%
l 6 1.91% 2.77%
l 7 1.68% 2.2%
l 8 1.49% 1.68%
l 9 1.04% 1.6%
l 10 1.01% 1.36%

Table 3.5: Eigenvalues for second principal component analysis

Figure 3.18 ROC using first modefrom final

analysis from serial approach to distinguish

RP from control. Az = 0.79
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Figure 3.19: The first three modesof variation from the secondaryprincipal component

analysisof the total approach.Left to right are imagesfrom t=0s, 150s,300s,450s,600s,750s,

885s. 

Top to bottom: b1 = b2 = b3 = 0, b1 = +Öl1, b1 = -Öl1, b2 = +Öl2, b2 = -Öl2,b3 = +Öl3, b3 =

-Öl3.

Contrast has been enhanced and a false colour map applied



3.5 Classification

The resultsfor the classificationtestscanbe seenin Table3.6. As canbe seen,

noneof theclassifiersimproveparticularlyon simply usingthefirst modeasthe

discriminant,andthe distal-dorsaldifferenceis superiorto the othertests.Table

3.7 showsthe resultsof runningthe classifiersto distinguishRP from controls.

As can be seen, this is a much better test.
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Figure 3.20: Comparisonof age against first parameter from secondaryanalysis of total

approach.Regression line shown (r=0.27)
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Test Sensitivity Specificity
Total K-nearest neighbour (n=1) 72% 54%

K-nearest neighbour (n=3) 78% 42%
K-nearest neighbour (n=5) 75% 54%
Binary Hyperplane 69% 67%
Support Vector Machine 78% 54%

Serial K-nearest neighbour (n=1) 75% 58%
K-nearest neighbour (n=3) 75% 54%
K-nearest neighbour (n=5) 78% 54%
Binary Hyperplane 59% 62%
Support Vector Machine 69% 58%

Distal-dorsal difference 63% 80%

Table 3.6: Sensitivityand specificity for diagnosingSScfrom PRP using the results of the

secondary principal component analysis

Test Sensitivity Specificity
Total K-nearest neighbour (n=1) 58% 84%

K-nearest neighbour (n=3) 25% 89%
K-nearest neighbour (n=5) 8% 96%
Binary Hyperplane 67% 87%
Support Vector Machine 59% 93%

Serial K-nearest neighbour (n=1) 67% 84%
K-nearest neighbour (n=3) 25% 89%
K-nearest neighbour (n=5) 17% 96%
Binary Hyperplane 75% 89%
Support Vector Machine 67% 93%

Table3.7: Sensitivityand specificityfor diagnosingRP from controlsusing the resultsof the

secondary principal component analysis



4 Discussion

It wasnotpossibleto createa reliableobjectrecognitionheuristicfor thelocation

of the handimagesproducedby thermography.In generalthoseimageswhere

the hand is clearly defined were the oneswhich were locatedwell, and those

wheretherewas poor contrastbetweenthe handand the backgroundwere the

oneswhich were poorly located(or not at all). Another causeof mislocation

appearedto be in imageswhere the thumbs of each hand were close to or

touchingeachother;the thumbis the digit with thegreatestrangeof movement,

and so the model allows a greatdeal of flexibility in locating it, and may be

attractedby a similar structurenearby.This particularproblemcouldpossiblybe

fixed by usingmorepoints to definethe thumb,leadingto a reducedlikelihood

of disconitinuities.However,becausethe handsstay in a very similar position

throughoutthe imagesequence,manualmark-upis not very onerous,especially

as the ASM used usually locates the hand correctly to start with.

Thereis a possibility that any differencesfound betweenthe groupsfound may

bedueto age-relatedchanges,or changesrelatedto thelengthof durationof RP.

However,theredoesnot appearto be any correlationbetweenthe first modeof

variationof the final analysisandage,which suggeststhat the featuresextracted

arenot age-related.Whatcanbe seenfrom figure 3.20, howeveris that the first

modeof variation is bimodally distributed.This bimodality, howeverdoesnot

correlateparticularlywell with theclinical stateof thesubject,althoughsubjects

with SSctendto havepositivevaluesfor the first modeof the secondanalysis,

andthosewith PRPhavenegativevalues.However,the poor resultsof the tests

basedon this parameterindicatethatthis is not hewholestory..Possiblereasons

for this bimodality are that the two groupsseenrepresentsomekind of genetic

difference that both control the pattern of rewarming of the handsand the

likelihood of developingSSc.Another possiblity is that this bimodality is an

artefactof the methodsused.Furtherstudyof this phenomenonwould be useful

to explain this finding.

There is a significant differencebetweenall threegroupswhen looking at the

first modeof variationof theappearancemodelsof bothapproaches(seefigures

3.9 & 3.10); looking at the imagesdemonstratingthesechanges,they certainly

appearto be correlatedwith a generalrewarmingof the hand,and also in the
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longitudinalgradientin temperature.The PRPandnormal groupstend to have

thefingertipswarmerthanthe dorsalareaof the hand,andthe -SScgroupstend

to have colder fingertips.

Thethird modeis alsointeresting,asit appearsto demonstratea lateralvariation

in the hand,althoughall threegroupshavesimilar distributionsin this mode.

This doeshowever,demonstratethat at least someof the parametersusedto

describe the images do have a correlation with qualitative changes in the image.

Theoverallusefor this techniqueasa discriminatorbetweenSScandPRPis not

very promising,asthepoor ROCsandsensitivity/specificitytablesdemonstrate,

although they are comparable with those achieved for the distal-dorsal

difference.This may appearsurprising in view of the promise suggestedby

figures3.9 and 3.10, but it must be rememberedherethat the 95% confidence

intervaldisplayedarefor thestandarderrorof themean,which is appropriatefor

determiningwhethertwo groupsare different. If the graphswere shownusing

95% confidenceintervals for the standarddeviation (which is appropriatefor

determiningif the two groupsare separable),then there would be substantial

overlap.It could be arguedthat not all of the availableinformationwasusedin

producingtheROC tables(only the first parameters)± this is true,but all of the

classifiers(K-nearestneighbour,binaryhyperplaneandsupportvectormachines)

used the full set of 30 parametersfor their classification,and were equally

unsuccessful.

It is also worth noting, that this study is cross-sectionalin nature± it is not

possibleto determineif thosepatientswith RPwho werecategorisedasSScdid

not in fact goon to developSSc;to investigatethis,a prospectivestudywould be

required.One possiblecausefor the failure of this techniqueto producean

effective discriminant betweenthe two groups may be that the inter-patient

variability within groupsis substantiallygreaterthan that betweengroups,and

may not be possible to distinguish PRP from SSc on the basis of the cold

challengetest.It shouldbe bornein mind that the final setof parameterswere

capableof explainingapproximately80-85%of thevariancepresentin theinitial

images,which suggeststhatall of thesignificantdataavailableis representedin

the final set of parameters.However,purely linear techniqueswere used,so a

non-linearapproachmay find correlationsanddiscriminantsthatweremissedin
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this analysis.In other words,principal componentanalysismay not havebeen

the right technique to extract the desired data.

Theotherpossibleextensionof thisapproachwould beto combinethepixel data

from the whole imageseriesinto a singlevector,andperforma singleprincipal

component analysis on that data. The size of the covariance matrix

(approximately30-60Gb)and the computing power required to produceand

processthat in a reasonablelengthof time is not currentlyavailable,althoughit

may be possible in the future.

The distal-dorsaldifferenceis a betterdiscriminantbetweenPRPandSScthan

anyof the measuresusedin this study± this maywell be becausethatapproach

uses thermographicimagestakenat an ambient temperatureof 30�C, so any

vesselnarrowingdueto low temperatureis eliminated,andsimply thestructural

change is apparent. 

An analogymay be drawn herebetweentheseperipheralvasculardiseasesand

two diseasesof the lung, asthma and chronic obstructive airways disease

(COAD). Asthmais a reactivedisease,similar to PRPin thatcertainstimuli will

causea narrowingof thevessels(in this caseairways),which will disappearafter

thestimulushasbeenremoved.In COAD, like SSC,thereis structuralalteration

to theairways,andthereis alsoincreasedsensitivityto noxiousstimuli. Thetest

of choiceto distinguishasthmafrom COAD is spirometry, which can measure

themaximumflow rateof air out of the lungs.This is performedbothbeforeand

after the administrationof bronchodilators.If there is airflow restriction that

diminishesafter administrationof the bronchodilator, then this is diagnosticof

asthma.In COAD, there is minimal responseto the bronchodilator[32]. The

administrationof bronchodilatorherecould be seenasanalogousto rewarming

the room to 30�C. It could thereforebe useful to perform a similar analysisas

thatpresentedhereon thoseimages.Unfortunately,that wasnot possiblein this

study,asmanyof the subjectsdid not havethe thermographyperformedat the

requiredtemperature.Thoseimageswhich were available,were unfortunately

not easilydecipherable,as the processof measuringthe distal dorsaldifference

introduces changes to the length of the header in the file.

Finally, the supportvector machineclassifier to distinguishpatientswith RP

from healthycontrolsdoesclassify thosetwo groupswell. Its usehowever,is
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probably limited, as the diagnosisof Raynaud©sphenomenonis fairly easyon

purely clinical grounds,althoughthe testmay be of somebenefit in borderline

cases.
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6 Glossary

Calcinosis cuti The presenceof calcified nodulesunderneathskin. Also
known as subdermal calcinosis.

Carcinoid syndrome Caused by a tumour that secretes vaso-active substances
Cardiomyopathy Disease of the cardiac muscle
Cryoglobinaemia The presenceof abnormalproteinsin the blood, which

precipitate upon cooling.
Dysphagia Pain and difficulty upon eating.
Haematuria The presenceof blood in the urine. May be frank or

microscopic (only apparent upon microscopy or
chemical testing)

Idiopathic Of unknown cause.
Impaction Severeconstipationleading to the formation of hard,

dried stools that cannot be expelled.
Interstitial fibrosis Depositionof fibrous tissuesin the parenchymaof the

lungs, leading to a restrictive airways disease
Malignant
hypertension

Severe acute hypertension, leading to neurological
effects. Potentially fatal.

Oesophageal
dysmotility

Poor peristalsis within the oesophagus,leading to
dysphagia (q.v.). Also known as esophageal dysmotility.

Pericarditis Inflammation of the sac surrounding the heart
Phaeochromocytoma A tumour of the neuroendocrine system, that

intermittentlyproduceslargequantitiesof adrenalineand
noradrenaline.

Proteinuria The presence of protein in the urine
Pulmonary fibrosis See Interstitial fibrosis
Sclerodactyly Sclerosis(q.v.) of the fingers
Sclerosis The depositionof fibrous material in a tissue,reducing

its flexibility.
Telangiectasia Superficial,dilatedcapillaries,forming a small network

of red lines on the skin (or other epithelial surfaces)
Uraemia The presenceof urea and other nitrogenous waste

products in the blood at abnormally high concentrations
Vasospasm Constrictionof a vessel,usuallyof an artery,restricting

blood supply to the area that the artery supplies.
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7 Appendix 1: Source code

7.1 normalise.c
#include <stdio.h>
/* read in a series of big-endian words from a file, calibrate and transform to
   8 bit data..*/
int main(int argn, char* argv[]) {
  unsigned short int temp,a,b;
  unsigned char final;
  signed long bkgnd;
  long c;
  FILE *input;
    /* read in big-endian short */
  input = fopen(argv[1],"r");
  fseek(input,1734 + 235*327*2 + 162*2,SEEK_SET); /* seek to area of interest  */
  bkgnd = 0;
  for (a=0; a<3; a++) {
    for (b=0; b<3; b++) {
      bkgnd +=fgetc(input) * 256;
      bkgnd +=fgetc(input);
    }
    fseek(input,(327-3)*2,SEEK_CUR); /* skip to next line */
  }
  fseek(input,1734,SEEK_SET); /* return to start of image*/
  bkgnd /= 9; /* get average */
  bkgnd = 0x7fff - bkgnd;
  temp = fgetc(input) * 256;
  temp += fgetc(input);
  for (c = 0; c < (327*243); c++) {
    temp += bkgnd; /* normalise */
    temp -= (256 * 126);
    if (temp > (256 * 150)) temp = 0; /* remove negative wrapped values... */
    temp /= 4;
    final = temp;
    /* write to output.. */
    fputc(final,stdout);
    /* read in big-endian short */
    /* convert to 8-bit representation (i©ll just div by two here... */
    temp = fgetc(input) * 256;
    temp += fgetc(input);
  }
}
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7.2 assess-asm.cxx
/* Program to read in an image and an active model, then run a global search on an image,
 * and assess the result */
#include <vcl_iostream.h>
#include <vcl_fstream.h>
#include <vcl_utility.h>
#include <vnl/vnl_test.h>
#include <vnl/vnl_math.h>
#include <vsl/vsl_binary_loader.h>
#include <vul/vul_temp_filename.h>
#include <vasm/vasm_asm.h>
#include <vasm/vasm_asm_instance.h>
#include <vasm/vasm_normals_from_parts_2d.h>
#include <vasm/vasm_local_model_search.h>
#include <vasm/vasm_grey_model.h>
#include <vasm/vasm_profile_sampler_2d.h>
#include <vaxm/vaxm_active_model_instance.h>
#include <vaxm/vaxm_multi_search.h>
#include <vaxm/vaxm_mr_active_model.h>
#include <vsml/vsml_mr_app_model_base.h>
#include <vsml/vsml_mr_shape_model.h>
#include <vsml/vsml_points_io_2d.h>
#include <vpdfl/vpdfl_axis_gaussian.h>
#include <mil/mil_image_pyramid_builder.h>
#include <mil/mil_image_pyramid.h>
#include <mil/mil_image_2d_of.h>
#include <mil/mil_byte_image_2d_io.h>
#include <mil/mil_gaussian_pyramid_builder_2d.h>
#include <mil/mil_transform_2d.h>
#include <vsml/vsml_add_all_binary_loaders.h>
#include <vapm/vapm_add_all_binary_loaders.h>

int main(int argc, char* argv[]) {
  
  //load ASM...
  if (argc != 3) {
    vcl_cerr<<"Need two arguments (model, and filename of image to be tested)\n";
    return 1;
  }
  vsml_add_all_binary_loaders();
  vsl_add_to_binary_loader(vasm_asm());
  vsl_add_to_binary_loader(vasm_asm_instance());
  vsl_add_to_binary_loader(vasm_normals_from_parts_2d());
  vsl_add_to_binary_loader(vasm_local_model_search());
  vsl_add_to_binary_loader(vasm_grey_model());
  vsl_add_to_binary_loader(vasm_profile_sampler_2d<vil_byte>());
  vsl_add_to_binary_loader(mil_gaussian_pyramid_builder_2d<vil_byte>());
  vsl_add_to_binary_loader(vpdfl_axis_gaussian());
  vsl_b_ifstream bfs_in(argv[1]);
  vaxm_mr_active_model aam;
  vsml_mr_shape_model mr_shape_model;
  vsl_b_read(bfs_in,mr_shape_model);
  vsl_b_read(bfs_in,aam);
  //  aam.loadFile(".AAM");
  //vsl_b_read(bfs_in,aam);
  aam.set_model(mr_shape_model);
  // load image ....
  mil_image_2d_of<vil_byte> image;
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  mil_byte_image_2d_io im_io;
  im_io.loadTheImage(image,argv[2],"");

  // build pyramid...
  mil_image_pyramid_builder *image_builder = mr_shape_model.imagePyrBuilder().clone();
  mil_image_pyramid *image_pyr = image_builder->newImagePyramid();
  image_builder->build(*image_pyr,image);

  // initialise searcher
  vaxm_multi_search searcher;
  searcher.set_model(aam);
  // do the search

  int nx = image.nx();
  int ny = image.ny();

  double bx = 0;
  double by = 0;

  vgl_point_2d<double> ibl = image.world2im().inverse()(0,0)+vgl_vector_2d<double>(bx,by);
  vgl_point_2d<double> itr =image.world2im().inverse()(image.nx()-1,image.ny()-1)
          vgl_vector_2d<double>(bx,by);
  mil_transform_2d i2w = image.world2im().inverse();
  vgl_point_2d<double>  bl1=i2w(ibl);
  vgl_point_2d<double>  tr1=i2w(itr);

  vsml_g_point bl(bl1.x(),bl1.y());
  vsml_g_point tr(tr1.x(),tr1.y());
  searcher.initGrid2D(bl, //bottom left point

      tr, //top right point
      12,  // nx
      12);

  int n_egs = searcher.nInstances();
  
  // Run some iterations at the coarsest level
  searcher.setLevel(2);
  
  // First use reduced set of modes
  int n_modes = vnl_math_rnd(searcher.maxNModes() * 0.50f);
  searcher.setNModes(n_modes,n_egs);
  searcher.searchSteps(*image_pyr,3,n_egs);
  
  // Continue with all modes on a subset of instances
  n_egs = searcher.updateNegs(3,5,3);
  searcher.setNModes(searcher.maxNModes(),n_egs);
  searcher.searchSteps(*image_pyr,9,n_egs);

  n_egs = searcher.updateNegs(n_egs,0.50,3);
 
  for (int i=1;i>=0;--i)
  {
    searcher.changeLevel(i,*image_pyr,n_egs);
    searcher.searchSteps(*image_pyr,3,n_egs);
    n_egs = searcher.updateNegs(n_egs,0.50f,3);
    searcher.searchSteps(*image_pyr,9,n_egs);
    n_egs = searcher.updateNegs(n_egs,0.50f,3);
  }
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  // output the results (for now to a points file...)
  vsml_points_io_2d pts_io;
  vcl_string nam(vul_temp_filename());
  // make a temporary file containing points
  pts_io.savePoints(searcher.bestInstance(0).points(),nam);
  // copy temporary file to stdout;
  vcl_ifstream ifs(nam.c_str(),vcl_ios_out);
  char c;
  while (ifs.get(c)) vcl_cout.put(c);
  //closing
  vsl_delete_all_loaders();
  return 0;
}

7.3 assess-aam.cxx
/* Program to read in an image and an active model, then run a global search on an image,
 * and assess the result */
#include <vcl_iostream.h>
#include <vcl_fstream.h>
#include <vcl_utility.h>
#include <vnl/vnl_test.h>
#include <vnl/vnl_math.h>
#include <vaam/vaam_basic_aam.h>
#include <vaam/vaam_basic_aam_instance.h>
#include <vsl/vsl_binary_loader.h>
#include <vul/vul_temp_filename.h>
#include <vapm/vapm_mr_app_model.h>
#include <vaxm/vaxm_active_model_instance.h>
#include <vaxm/vaxm_multi_search.h>
#include <vaxm/vaxm_mr_active_model.h>
#include <vaxm/vaxm_mr_active_model_instance.h>
#include <vaam/vaam_aam_instance.h>
#include <vaam/vaam_basic_aam_instance.h>
#include <vsml/vsml_mr_app_model_base.h>
#include <vsml/vsml_points_io_2d.h>
#include <vpdfl/vpdfl_axis_gaussian.h>
#include <mil/mil_image_pyramid_builder.h>
#include <mil/mil_image_pyramid.h>
#include <mil/mil_image_2d_of.h>
#include <mil/mil_byte_image_2d_io.h>
#include <mil/mil_gaussian_pyramid_builder_2d.h>
#include <mil/mil_transform_2d.h>
#include <vsml/vsml_add_all_binary_loaders.h>
#include <vapm/vapm_add_all_binary_loaders.h>

int main(int argc, char* argv[]) {
  //load AAM...
  if (argc != 3) {
    vcl_cerr<<"Need two arguments (model, andfilename of image to be tested)\n";
    return 1;
  }
  vsml_add_all_binary_loaders();
  vapm_add_all_binary_loaders();
  vsl_add_to_binary_loader(vaam_basic_aam());
  vsl_add_to_binary_loader(vaam_basic_aam_instance());
  vsl_add_to_binary_loader(mil_gaussian_pyramid_builder_2d<vil_byte>());
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  vsl_add_to_binary_loader(vpdfl_axis_gaussian());
  vapm_mr_app_model app_model;
  vsl_b_ifstream bfs_in(".APM");
  vsl_b_read(bfs_in,app_model);
  //vaxm_mr_active_model_instance inst;  
  vaxm_mr_active_model aam;
  vsl_b_ifstream bfs_in2(argv[1]);
  vsl_b_read(bfs_in2,aam);
  //vsl_b_read(bfs_in,aam);
  aam.set_model(app_model);
  //inst.set_model(aam);
  // load image ....
  mil_image_2d_of<vil_byte> image;
  mil_byte_image_2d_io im_io;
  im_io.loadTheImage(image,argv[2],"");

  // build pyramid...
  mil_image_pyramid_builder *image_builder = app_model.imagePyrBuilder().clone();
  mil_image_pyramid *image_pyr = image_builder->newImagePyramid();
  image_builder->build(*image_pyr,image);
  delete image_builder;
  // initialise searcher
  vaxm_multi_search searcher;
  searcher.set_model(aam);

  // do the search
  int nx = image.nx();
  int ny = image.ny();

  double bx = 0;
  double by = 0;

  vgl_point_2d<double> ibl = image.world2im().inverse()(0,0)-vgl_vector_2d<double>(bx,by);  
  vgl_point_2d<double> itr =image.world2im().inverse()(image.nx()-1,image.ny()-1)
         +vgl_vector_2d<double>(bx,by);
  mil_transform_2d i2w = image.world2im().inverse();
  vgl_point_2d<double>  bl1=i2w(ibl);
  vgl_point_2d<double>  tr1=i2w(itr);

  vsml_g_point bl(bl1.x(),bl1.y());
  vsml_g_point tr(tr1.x(),tr1.y());
  searcher.initGrid2D(bl, //bottom left point

      tr, //top right point
      12,  // nx
      12);

              
  int n_egs = searcher.nInstances();
  // Run some iterations at the coarsest level
  searcher.setLevel(2);
  
  // First use reduced set of modes
  int n_modes = vnl_math_rnd(searcher.maxNModes() * 0.50f);
  searcher.setNModes(n_modes,n_egs);
  searcher.searchSteps(*image_pyr,3,n_egs);
  
  // Continue with all modes on a subset of instances
  n_egs = searcher.updateNegs(3,5,3);
  searcher.setNModes(searcher.maxNModes(),n_egs);
  searcher.searchSteps(*image_pyr,9,n_egs);
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  n_egs = searcher.updateNegs(n_egs,0.50,3);
  
  for (int i=1;i>=0;--i) {
    searcher.changeLevel(i,*image_pyr,n_egs);
    searcher.searchSteps(*image_pyr,3,n_egs);
    n_egs = searcher.updateNegs(n_egs,0.50f,3);
    
    searcher.searchSteps(*image_pyr,9,n_egs);
    n_egs = searcher.updateNegs(n_egs,0.50f,3);
  }
  // output the results (for now to a points file...)
  vsml_points_io_2d pts_io;
  vcl_string nam(vul_temp_filename());
  // make a temporary file containing points
  pts_io.savePoints(searcher.bestInstance(0).points(),nam);
  // copy temporary file to stdout;
  vcl_ifstream ifs(nam.c_str(),vcl_ios_out);
  char c;
  while (ifs.get(c)) vcl_cout.put(c);
  //closing
  vsl_delete_all_loaders();
  return 0;
}

7.4 assess-local-aam.cxx
/* Program to read in an image and an active model, then run a global search on an image,
 * and assess the result */
#include <vcl_iostream.h>
#include <vcl_fstream.h>
#include <vcl_utility.h>
#include <vnl/vnl_test.h>
#include <vnl/vnl_math.h>
#include <vaam/vaam_basic_aam.h>
#include <vaam/vaam_basic_aam_instance.h>
#include <vsl/vsl_binary_loader.h>
#include <vapm/vapm_mr_app_model.h>
#include <vaxm/vaxm_active_model_instance.h>
#include <vaxm/vaxm_multi_search.h>
#include <vaxm/vaxm_mr_active_model.h>
#include <vaxm/vaxm_mr_active_model_instance.h>
#include <vaxm/vaxm_mr_search_params.h>
#include <vaam/vaam_aam_instance.h>
#include <vaam/vaam_basic_aam_instance.h>
#include <vsml/vsml_mr_app_model_base.h>
#include <vsml/vsml_points_io_2d.h>
#include <vpdfl/vpdfl_axis_gaussian.h>
#include <mil/mil_image_pyramid_builder.h>
#include <mil/mil_image_pyramid.h>
#include <mil/mil_image_2d_of.h>
#include <mil/mil_byte_image_2d_io.h>
#include <mil/mil_gaussian_pyramid_builder_2d.h>
#include <mil/mil_transform_2d.h>
#include <vsml/vsml_add_all_binary_loaders.h>
#include <vapm/vapm_add_all_binary_loaders.h>

int main(int argc, char* argv[]) {
  //load AAM...
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  if (argc != 4) {
    vcl_cerr<<"Need three arguments (model, filename of image to be tested, and starting point
pos)\n";
    return 1;
  }
  vsml_add_all_binary_loaders();
  vapm_add_all_binary_loaders();
  vsl_add_to_binary_loader(vaam_basic_aam());
  vsl_add_to_binary_loader(vaam_basic_aam_instance());
  vsl_add_to_binary_loader(mil_gaussian_pyramid_builder_2d<vil_byte>());
  vsl_add_to_binary_loader(vpdfl_axis_gaussian());
  vapm_mr_app_model app_model;
  vsl_b_ifstream bfs_in(".APM");
  vsl_b_read(bfs_in,app_model);
  vaxm_mr_active_model_instance inst;  
  vaxm_mr_active_model aam;
  vsl_b_ifstream bfs_in2(argv[1]);
  vsl_b_read(bfs_in2,aam);
  //vsl_b_read(bfs_in,aam);
  aam.set_model(app_model);
  inst.set_model(aam);
  // load image ....
  mil_image_2d_of<vil_byte> image;
  mil_byte_image_2d_io im_io;
  im_io.loadTheImage(image,argv[2],"");
  // load the points 
  vsml_points_io_2d pts_io;
  pts_io.loadPoints(argv[3]);  
  vsml_points_2d pts2d = pts_io.points2D();

    // build pyramid...
  mil_image_pyramid_builder *image_builder = app_model.imagePyrBuilder().clone();
  mil_image_pyramid *image_pyr = image_builder->newImagePyramid();
  image_builder->build(*image_pyr,image);
  delete image_builder;
  // initialise searcher
  vaxm_multi_search searcher;
  vaxm_mr_search_params search_params;
  search_params.setMaxItsPerLevel(7);
  search_params.setNForcedIts(2);
  search_params.setNLocalIts(3);
  search_params.setLevelRange(0,2);
  searcher.set_model(aam);
  inst.clearPointState();
  inst.instance().fitToPoints(pts2d);
  inst.setSearchParams(search_params);
  // do the search
  int its = 0;
  inst.start(*image_pyr);
  while (inst.update(*image_pyr)) {
    its++;
  }
  // output the results (for now to a points file...)
  vcl_string nam(tempnam(0,0));
  // make a temporary file containing points
  pts_io.savePoints(inst.points(),nam);
  // copy temporary file to stdout;
  vcl_ifstream ifs(nam.c_str(),vcl_ios_out);
  char c;
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  while (ifs.get(c)) vcl_cout.put(c);
  //closing
  vsl_delete_all_loaders();
  return 0;
}

7.5 leaveoneout.pl
#!/usr/bin/perl
@filenames = `grep tiff therm.SMD | cut -d ":" -f 2`;
# count number of entries in file...
$entry_count = $#filenames + 1;
$filelength = `wc -l therm.SMD`;
chomp($entry_count);
# locate first entry
$first_entry = `grep -n tiff therm.SMD | cut -d ":" -f 1 | head -n 1`;
chomp($first_entry);
chomp(@filenames);
# trim spare spaces...
foreach (@filenames) {
    s/^ *//g;
    s/ *$//g;
};
$tails = $filelength - $first_entry;
$heads = $first_entry-1;
$result = 0;
$running_total = 0;
for ($i = 0; $i < $entry_count; $i++) {
  system("head -n $heads therm.SMD > temptherm.SMD; tail -n $tails therm.SMD >>
temptherm.SMD");
  $tails--;
  $heads++;
# do the assessment here...
  $current = $filenames[$i];
  print "Testing against sample $i. ($current)\n";
  print "Building APM model\n";
  system("buildAPM temptherm > /dev/null;"); 
  print "Building AAM model\n";
  system("build_aam temptherm > /dev/null");
  print "Building ASM model\n";
  system("build_asm temptherm > /dev/null");
  print "Running model1\n"; 
  system("assess-asm therm.ASM $current > $current.asm.pts;");
  system("assess-aam .AAM $current > $current.aam.pts;");
  $result = `comparepoints.pl $current.pts $current.asm.pts;`; 
  print "First result: $result\n";
  system("assess-local-aam .AAM $current $current.asm.pts > $current.asmaam.pts;");
  print "Checking result: ";
  chomp($result = `comparepoints.pl $current.pts $current.asmaam.pts;`);
  print "$result\n";
  $running_total = $running_total + $result;
#  print "Lost one is: $current\n--\n--\n";
}
print "running_total: $running_total\n";
$running_total  = $running_total / $entry_count;
print "Average point distance for this model: $running_total\n";
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7.6 comparepoints.pl
#!/usr/bin/perl

# take two pts files as args
# check that they agree in point count.
# output averaged euclidean difference between points...

die "must have two args" if ($#ARGV != 1);

open FILEA, $ARGV[0];
open FILEB, $ARGV[1];

@filea = <FILEA>;
@fileb = <FILEB>;

$filea[1] =~ /(\d*)$/;
$count1 = $1;

$fileb[1] =~ /(\d*)$/;
die "must have a matching number of points" if ($count1 != $1);
$distsum = 0;
for ($i = 0; $i < $count1; $i++) {
    # get coords for each point..
    ($x1,$y1) = split /\s+/, $filea[i+3];
    ($x2,$y2) = split /\s+/, $fileb[i+3];
    $distsum += sqrt((($x1-$x2) * ($x1-$x2)) + (($y1-$y2) - ($y1-$y2)));
}
$distsum = $distsum / $count1;
print ("$distsum\n");

7.7 assess-apm.cxx
/* Program to read in an image and an active model, then run a global search on an image,
 * and assess the result */
#include <vcl_iostream.h>
#include <vcl_fstream.h>
#include <vcl_utility.h>
#include <vapm/vapm_app_model_instance.h>
#include <vapm/vapm_mr_app_model.h>
#include <vapm/vapm_texture_model_instance.h>
#include <mil/mil_image_pyramid_builder.h>
#include <mil/mil_image_pyramid.h>
#include <mil/mil_image_2d_of.h>
#include <mil/mil_byte_image_2d_io.h>
#include <mil/mil_gaussian_pyramid_builder_2d.h>
#include <mil/mil_transform_2d.h>
#include <vpdfl/vpdfl_axis_gaussian.h>
#include <vsml/vsml_add_all_binary_loaders.h>
#include <vsml/vsml_points_io_1d.h>
#include <vsml/vsml_points_io_2d.h>
#include <vapm/vapm_add_all_binary_loaders.h>

int main(int argc, char* argv[]) {
  //load ASM...
  if (argc != 4) {
    vcl_cerr<<"Need three arguments (model, filename of image to be tested, and points
file...)\n";
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    return 1;
  }
  vapm_add_all_binary_loaders();
  vsml_add_all_binary_loaders();
  vsl_add_to_binary_loader(mil_gaussian_pyramid_builder_2d<vil_byte>());
  vsl_add_to_binary_loader(vpdfl_axis_gaussian());
  vsl_b_ifstream bfs_in(argv[1]);
  vapm_mr_app_model aam;
  vsl_b_read(bfs_in,aam);
  // load image ....
  mil_image_2d_of<vil_byte> image;
  mil_byte_image_2d_io im_io;
  im_io.loadTheImage(image,argv[2],"");
  vsml_points_io_2d pts_io;

pts_io.loadPoints(argv[3]);
vapm_texture_model_instance tm(aam.appModel(0).textureModel());
tm.fitToImage(image,pts_io.points());
vnl_vector<double> pars = tm.params();
for (vnl_vector<double>::iterator it = pars.begin(); it != pars.end(); it++) {

vcl_cout << *it << " ";
}
vcl_cout << vcl_endl;

  return 0;
}

7.8 create-eigen.cxx
#include <vsml/vsml_eigen_model_builder.h>
#include <vnl/vnl_vector.h>
#include <vnl/vnl_matrix.h>
#include <vnl/vnl_math.h>
#include <algo.h>
#include <mbl/mbl_data_array_wrapper.h>
void regress(vnl_vector<double> &x, vnl_vector<double> &y, double &m, double &a) {

// calculate the values of y = mx +a that fits best given values in x and y..
assert(x.size()==y.size());
double Sxy, Sx, Sy, Sx2;
double n = x.size();
// the following could be done much more efficiently, with more code.
// but this stuff is not time dependent, and I can©t be bothered tonight...
Sxy = inner_product(x,y);
Sx2 = inner_product(x,x);
// oddly enough, vnl_vecotr does not provide a sum function. hmmm.
Sx = vnl_c_vector<double>::sum(x.begin(),x.size());
Sy = vnl_c_vector<double>::sum(y.begin(),y.size());

// calculate the regression equation components.
m = (Sxy - Sx * Sy / n)/(Sx2 - Sx * Sx /n);
a = (Sy/n) - m * (Sx/n);

}

// fill y[startx] .. y[endx-1] with values according to line y = mx +z
void place(vnl_vector<double> &y, int startx, int endx, double m, double a) {

for (int i = startx; i < endx; ++i) {
y[i] = m*i +a;

}
}
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// interpolate missing data into the vector, and extrapolate at either end if required...
void interpolate(vnl_vector<double> &v) {

// first extrapolate at ends, so that we know what we©re dealing with..
// use simple linear interpolation. Will change if needed....
// the following are used for our regressions..
vnl_vector<double> x(4);
vnl_vector<double> y(4);
double m;
double a;
if (isnan(v[0])) {

//OK have to extrapolate out...
int i = 1;
while ((i < v.size()) && isnan(v[i])) ++i;// find first real point...
if (i+4 > v.size()) {

// complain bitterly
throw ("Not enough data points to extrapolate reliably");

}
// use v[i] .. v[i+4] to generate a line equation..
// create our vectors...
iota(x.begin(),x.end(),i);
copy(v.begin() + i, v.begin() + i + 4, y.begin());
// and now extrapolate...
regress(x,y,m,a);
place(v,0,i,m,a);

}
if (isnan(v[v.size()-1])) {

// need to extrapolate at end...
int i = v.size()-2;
while ((i > 0) && isnan(v[i])) --i; // find last real point
if (i < 3) {

throw ("Not enough data points to extrapolate reliably");
}
iota(x.begin(),x.end(),i-3);
copy(v.begin() + i -3, v.begin() + i +1, y.begin());
regress(x,y,m,a);
place(v,i+1,v.size(),m,a);

}
// we©ll use simpler interpolation here...

int i = 1;
 while (i < v.size()) {

if (isnan(v[i])) {
// OK start searching for next real number.
int j = i;
while (isnan(v[i])) ++i; // don©t need to worry about falling off the end

as dealt with above
m = (v[i] - v[j-1]) / (i - (j - 1)) ;
a = v[i] - m * i;
place(v,j,i,m,a);

}
++i;

}
}

int main(int argc, char* argv[]) {
if (argc < 3) {

vcl_cerr << "Need filename of data points and modelname to save as" <<
vcl_endl;
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return 1;
}
vcl_ifstream ifs(argv[1]);
typedef vcl_vector<vnl_vector<double> > matrix;
matrix m_data;
int count =0;
if (ifs) {

while (!ifs.eof()) {
count++;
vnl_matrix<double> data(60,40,0);
for (int i = 0; i < 60; ++i) 

for (int j = 0; j < 40; ++j){
vcl_string text;
ifs >> text;
data[i][j] = strtod(text.c_str(),0);

}
// interpolate numbers...

if (data.has_nans()) {
vcl_cerr << "Missing data detected. interpolating..." <<

vcl_endl;
for (int i = 0; i < data.columns(); ++i) {

// for each column, interpolate...
vnl_vector<double> col = data.get_column(i);
interpolate(col);
data.set_column(i,col);

}
if (data.has_nans()) {

vcl_cerr << "Missing data *still* present. aborting"
<< vcl_endl;

exit(1);
}

}
// to use with the eigen model, we now need to flatten the matrix into

a vector...
vnl_vector<double> vec(2400);
for (int i = 0; i < 60; ++i) {

for (int j = 0; j < 40; ++j) {
vec[i*40 + j] = data[i][j];

}
}
m_data.push_back(vec);

}
vcl_cout << count << vcl_endl;
mbl_data_array_wrapper<vnl_vector<double> > wrapper(m_data);
vsml_eigen_model_builder builder;
vsml_vector_model *model = builder.new_model();
vcl_cerr << "Building model" << vcl_endl;
builder.build(*model,wrapper);
vcl_cerr << "Saving model" << vcl_endl;
vsl_b_ofstream ofs(argv[2]);
vsl_b_write(ofs,*model);
ofs.close();
delete model;

} else {
vcl_cerr << "Need filename of data points..." << vcl_endl;
return 1;

}
}
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7.9 assess-eigen.cxx
/* program to create a list of params given a particular input... */
/* we©re going to use a VERY nasty hack to restore our missing data... */

#include <vnl/vnl_vector.h>
#include <vnl/vnl_c_vector.h>
#include <vnl/vnl_math.h>
#include <vnl/vnl_matrix.h>
#include <vcl_iostream.h>
#include <vcl_fstream.h>
#include <vcl_string.h>
#include <algo.h>
#include <vsml/vsml_add_all_binary_loaders.h>
#include <vsml/vsml_eigen_model.h>
#include <vsml/vsml_eigen_model_cache.h>
#include <vpdfl/vpdfl_axis_gaussian.h>

void regress(vnl_vector<double> &x, vnl_vector<double> &y, double &m, double &a) {
// calculate the values of y = mx +a that fits best given values in x and y..
assert(x.size()==y.size());
double Sxy, Sx, Sy, Sx2;
double n = x.size();
// the following could be done much more efficiently, with more code.
// but this stuff is not time dependent, and I can©t be bothered tonight...
Sxy = inner_product(x,y);
Sx2 = inner_product(x,x);
// oddly enough, vnl_vecotr does not provide a sum function. hmmm.
Sx = vnl_c_vector<double>::sum(x.begin(),x.size());
Sy = vnl_c_vector<double>::sum(y.begin(),y.size());

// calculate the regression equation components.
m = (Sxy - Sx * Sy / n)/(Sx2 - Sx * Sx /n);
a = (Sy/n) - m * (Sx/n);

}

// fill y[startx] .. y[endx-1] with values according to line y = mx +z
void place(vnl_vector<double> &y, int startx, int endx, double m, double a) {

for (int i = startx; i < endx; ++i) {
y[i] = m*i +a;

}
}

// interpolate missing data into the vector, and extrapolate at either end if required...
void interpolate(vnl_vector<double> &v) {

// first extrapolate at ends, so that we know what we©re dealing with..
// use simple linear interpolation. Will change if needed....
// the following are used for our regressions..
vnl_vector<double> x(4);
vnl_vector<double> y(4);
double m;
double a;
if (isnan(v[0])) {

//OK have to extrapolate out...
int i = 1;
while ((i < v.size()) && isnan(v[i])) ++i;// find first real point...
if (i+4 > v.size()) {

// complain bitterly
throw ("Not enough data points to extrapolate reliably");
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}
// use v[i] .. v[i+4] to generate a line equation..
// create our vectors...
iota(x.begin(),x.end(),i);
copy(v.begin() + i, v.begin() + i + 4, y.begin());
// and now extrapolate...
regress(x,y,m,a);
place(v,0,i,m,a);

}
if (isnan(v[v.size()-1])) {

// need to extrapolate at end...
int i = v.size()-2;
while ((i > 0) && isnan(v[i])) --i; // find last real point
if (i < 3) {

throw ("Not enough data points to extrapolate reliably");
}
iota(x.begin(),x.end(),i-3);
copy(v.begin() + i -3, v.begin() + i +1, y.begin());
regress(x,y,m,a);
place(v,i+1,v.size(),m,a);

}
// we©ll use simpler interpolation here...

int i = 1;
 while (i < v.size()) {

if (isnan(v[i])) {
// OK start searching for next real number.
int j = i;
while (isnan(v[i])) ++i; // don©t worry about falling off end as dealt

with above
m = (v[i] - v[j-1]) / (i - (j - 1)) ;
a = v[i] - m * i;
place(v,j,i,m,a);

}
++i;

}
}

int main(int argc, char* argv[]) {
if (argc < 3) {

vcl_cerr << "Need a model and a filename of data to process" << vcl_endl;
exit (1);

}
// load an eigen model
vsml_add_all_binary_loaders();
vsl_add_to_binary_loader(vpdfl_axis_gaussian());
vsml_eigen_model model;
vsl_b_ifstream ibs(argv[1]);
vsl_b_read(ibs,model);
vsml_eigen_model_cache cache;
cache.set_model(model);

// load a sequence of 2400 numbers / nans into a vector.
// we©re not going to do any clever optimisations. clarity is more important here...
vcl_ifstream ifs(argv[2]);
if (!ifs) {

vcl_cerr << "Bad filename" << vcl_endl;
exit (1);

} else {
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vnl_matrix<double> data(60,66,0);
for (int i = 0; i < 60; ++i) 

for (int j = 0; j < 40; ++j){
if (ifs.eof()) {

vcl_cerr << "premature end of file" << vcl_endl;
exit(1);

}
vcl_string text;
ifs >> text;
data[i][j] = strtod(text.c_str(),0);

}
// interpolate numbers...

if (data.has_nans()) {
vcl_cerr << "Missing data detected. interpolating..." << vcl_endl;
for (int i = 0; i < data.columns(); ++i) {

// for each column, interpolate...
vnl_vector<double> col = data.get_column(i);
interpolate(col);
data.set_column(i,col);

}
if (data.has_nans()) {

vcl_cerr << "Missing data *still* present. aborting" <<
vcl_endl;

//exit(1);
}

}
// to use with the eigen model, we now need to flatten 
// the matrix into a vector...
// this is quite cheeky, but it works. 
vnl_vector<double> vec(2400);
for (int i = 0; i < 60; ++i) {

for (int j = 0; i < 40; ++i) {
vec[i*40 + j] = data[i][j];

}
}
// fit our data to the model, and print out params...
vnl_vector<double> params(model.nParams(),0);
vcl_cerr << model.bMean() << vcl_endl;
cache.params(params,vec);

// output the eigen model parameters as ditted to the vector.
vcl_cout << params << vcl_endl;

} 
}

7.10 do_classifier_test.cxx
// do_classifier_test
// run several classifiers as a leave_one_out sequence on data loaded from a file
// the output vector consists of the first column of file data...
// classsifiers to use 
//
// k-nearest-neighbour 1,3,5
// linear-threshold
// support-vector

#include <vcl_vector.h>
#include <vcl_map.h>
#include <vnl/vnl_vector.h>
#include <vnl/vnl_matrix.h>
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#include <clsfy/clsfy_leave_one_out.h>
#include <clsfy/clsfy_binary_hyperplane_ls_builder.h>
#include <clsfy/clsfy_knn_builder.h>
#include <clsfy/clsfy_rbf_svm_smo_1_builder.h>
#include <mbl/mbl_data_array_wrapper.h>
#include <mbl/mbl_stats_1d.h>

int main (int argc, char* argv[]) {
// load and check file, extracting output vectors as we go.
if (argc < 3) {

vcl_cerr << "Need filename of the vectors.., and number of columns per line
(including outputs)" << vcl_endl;

return 1;
}
vcl_ifstream ifs(argv[1]);
typedef vcl_vector<vnl_vector<double> > matrix;
vcl_vector<unsigned> outputs;
int cols = atoi(argv[2]);
vcl_vector<mbl_stats_1d> stats(cols-1);
matrix data;
if (ifs) {

vcl_string text;
while (!ifs.eof()) {

vnl_vector<double> line(cols-1,0);
ifs >> text;
outputs.push_back(atoi(text.c_str()));
for (int i = 0; i<cols-1; ++i) {

ifs >> text;
// nans are automatically converted...
line[i] = strtod(text.c_str(),0); 
stats[i].obs(line[i]); //feed in statistics

}
data.push_back(line);

}
// normalise our data, printing out means and stdevs...

#ifdef normalise
vnl_matrix<double> mat(data.size(),cols-1);
// load up the matrix...
for (int i=0; i < data.size(); ++i) {

mat.set_row(i,data[i]);
}
for (int i=0; i < cols-1 ; ++i) {

vnl_vector<double> col = mat.get_column(i);
col -= stats[i].mean(); //remove offset
col /= stats[i].sd(); // divide by sd to normalise.
mat.set_column(i,col);

}

vcl_cout << "Mean is:" << mat.mean() << vcl_endl;
//check out the stats...
mbl_stats_1d st;
for (int i=0; i < mat.rows(); ++i) {

for (int j=0; j < mat.cols(); ++j) {
st.obs(mat.get(i,j));

}
}
vcl_cout << st << vcl_endl;
// retrieve data from matrix...
for (int i=0; i < data.size(); ++i) {
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data[i] = mat.get_row(i);
}

#endif
mbl_data_array_wrapper<vnl_vector<double> > data_wrapper(data);

// create our builders, and place into a map, keyed on description...
vcl_map<vcl_string,clsfy_builder_base*> builders;
clsfy_knn_builder knn_1;
knn_1.set_k(1);
builders["K Nearest Neighbour (k=1)"] = &knn_1;
clsfy_knn_builder knn_3;
knn_3.set_k(3);
builders["K Nearest Neighbour (k=3)"] = &knn_3;
clsfy_knn_builder knn_5;
knn_5.set_k(5);
builders["K Nearest Neighbour (k=5)"] = &knn_5;
clsfy_binary_hyperplane_ls_builder linear;
builders["Linear discriminator"] = &linear;
clsfy_rbf_svm_smo_1_builder svm;
svm.set_rbf_width(6.0);
//svm.set_bound_on_multipliers(10);
builders["Support Vector Machine"] = &svm;
for (vcl_map<vcl_string,clsfy_builder_base*>::iterator it = builders.begin();

 it != builders.end();
 it++) {

vcl_cout << "Testing " << it->first << vcl_endl;
clsfy_leave_one_out leave(*(it->second));
vcl_vector<double> sens;
leave.test(data_wrapper,1,outputs,sens);
vcl_cout << "Results... Class 0: " << sens[0] << "  Class 1: " <<

sens[1] << vcl_endl;
vnl_matrix<double> matrix;
leave.getroc(data_wrapper,outputs,matrix);

  vcl_cout << "ROC:" << vcl_endl << matrix << vcl_endl;
}

// run the leave_one_out thang on each, and print out the results...
} else {

// complain about bad filename...
vcl_cerr << "Need filename of data points..." << vcl_endl;
return 1;

}
}
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