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Abstract

Raynaud's phenomenon(RP) is a common complaint that manifests as
hypersensitivityto cold in the hands,associatedvith changesn colour as the

blood supplyis disrupted.In many peoplethe conditionis idiopathic (primary),

but in some individuals, RP is associatedwith connectivetissue disorders,
especially systemic sclerosis.

Thermographys onemodeof investigationof this disorder,andpreviousstudies
haveidentified someparametersvhich havesomeability to distinguishbetween
primary RP andsystemicsclerosisusingmeasurementsetweerspecificpartsof

the hand.

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

challenge,measuredover fifteen minutesto generatea discriminant between
primary RP and systemic sclerosis,using a two-stage linear model of its

appearance over time.

The modelidentified significant differencesbetweenthe primary RP, systemic
sclerosis, and control groups. Several classifiers were used to produce
discriminatorsbasedon the resultsof the models.The bestclassifierfound was
the supportvector machine,but this was only able demonstratex sensitivity of

78% and a specificity of 54% in identifying patientswith systemicsclerosis.
Discriminationbetweensubjectswith RP (of anytype) andhealthycontrolswas
better with a sensitivity of 67% and a specificity of 93%.

Possiblereasongor the poor performancet diagnosingsystemicsclerosisgiven
the good apparent separation early in the analysis are discussed.
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1 Introduction

1.1 Raynaud's phenomenon

Raynaud'sphenomenonRP) is a commonclinical finding, first describedby
Maurice Raynaudin 18641]. It is estimatedthat 4-15% of the populationhas
evidenceof RP. RP consistsof a feeling of extremecold and pain in the
extremitiesfollowing exposureto low temperaturesywhich lastsfor 10 to 15
minutes, associatedvith changesin colour. The classicalsequenceof colour
changeis initial pallor, causedby the obliteration of the blood supply. A blue
phasefollows, as the blood returns, but is deoxygenatediue to the tissue's
ischaemiaA final red phaseoccursoncethetissue'soxygendeficit is resolved,
but a reactive hyperaemia remains.

The majority of casesoccurin women(female:maleatio is approximately4:1),
and usually start in the second decade of life.

RP canbe afeatureof manydiseasesalthoughthe mostcommonmanifestation
is as an idiopathic condition (Primary Raynaud's?PhenomenonPRP).The next
mostcommoncauseof RP is systemicsclerosis(SSc),which is alsoknown as
sclerodermaCREST syndrome(Calcinosiscuti, RP, Esophageabysmaotility,
Sclerodactyly,Telangiectasia)s also comparativelycommon. Other causesof
RParecoldinjury, vibrationinjury, arteriosclerosisatrogeniccausegespecially
vasoactive medication), and cryoglobinaemia.

PRPrarely causesany serioussequelagalthoughit can be a very unpleasant
condition. RP associatedwith sclerodermahowever, can lead to ischaemic
ulceration of the fingers and toes, and also gangrene.

1.2 Systemic Sclerosis

SScis a connectivetissuediseasecharacterisedy a generalisedprogressive
fibrosing process.This processaffects severaltarget organs;the skin, lungs,

heart,gastrointestinatract,andkidneysare mostfrequentlyinvolved. Thereis a

significantmortality - thereis only a 55% ten year survivalin patientswith the

diffuse cutaneous fori2]

In the skin, the fibrosis leadsto RP, skin thickening, skin tightening over the

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

reductionin the oral aperture) Changesn skin pigmentatiorarecommon,asare
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flexion deformities,especiallyin the hands.Vascularinsufficiency predisposes
to the formation of ischaemic ulcers and gangrene.

Involvementof the lungsis usuallydueto interstitial fibrosis or pulmonaryartery
vasculadiseasePulmonaryfeaturesareoftenclinically silentuntil they arewell
advanced, making treatment difficult.

Cardiacfeaturesusually occur late in the disease,and consistof pericarditis
congestivecardiacfailure, or arrhythmias.A cardiomyopathyis often foundin
conjunction with musculo-skeletal involvement.

Gastrointestinafeaturesare typified by poor motility. In the oesophagysthis
presentsasdysphagiaand dyspepsialn the small bowel, poor motility typically
leadsto diarrhoeamild abdominalpain,andweightloss.It can,however leadto
chronic pseudo-obstructionwith 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.

The sclerodermaenalcrisis is a seriouscomplicationof sclerodermalt consists
of the usualsignsand symptomsof malignanthypertension(headachealtered
vision, heartfailure, andneurologicalsignsandsymptoms)jn the presencef an
abnormallyhigh blood pressurelLaboratorytestswill usually show a uraemic
picture, with proteinuria and/or microscopic haematuria.
Sclerodermatypically presentswithin two yearsof the developmentof RP;
indeedRP is usuallythefirst sign of the diseaseThe major diagnosticchallenge
in sclerodermas to identify thosepatientsnewly presentingwith RP, who have
PRP,andsoneedlittle furtherinvestigationandthosewho aregoingto goonto
develop scleroderma.

1.3 CREST syndrome

CREST syndrome(Calcinosiscuti, RP, Esophageatlysmotilty, Sclerodactyly
Telangiectasia)alsoknown aslimited cutaneousystemicsclerosis(LCSSc),is
a distinct clinical subset of scleroderma.lt is characterisedby the five
componentgpresentin the acronym,and hasa much morelimited and indolent
coursethanthe non-limitedfrom, which is known asdiffuse cutaneousystemic
sclerosidDCSSc).The RPis presenfor a muchlongertime beforedevelopment
of the rest of the diseasg(typically greaterthan ten years,comparedwith two
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years for DCSSc).

1.4 Pathophysiology

Humanbody temperaturas regulatedvery closely, with a set point of around
36.9°C.Heatis mostly generatedavithin the body core,from metabolicprocesses
andmuscleactivity, andthe bloodis maintainedat a constantemperatureThere
areseveralmechanismshatthe bodyusesfor thermoregulationandoneof these
is the capillary networkwithin the skin. In healthyhumanswhenanareaof body
is exposedto cold, the arteriolessupplying the superficial capillary network
constrict,reducingthe blood supplyto the dermis.This allows the surfaceof the
skin to cool, reducingthe rate of heatloss. When the core temperaturerises
abovethe setpoint, thesesamearteriolesdilate, increasingthe blood supplyto
the dermis, and increasing the rate of heat loss.
Hence, the temperature of the skinlé&pendentipon several factors.

Ambient temperature

Blood supply

Blood temperature

Localthermogenesis
Blood temperatureis not normally a significant factor as it is very tightly
controlled.Local thermogenesisanbe a significantfactor in the temperaturef
theskin, especiallyoverlargemusclemassesvhich areactively working (thighs,
arms etc.). The hand contains comparativelylittle muscle,and has a fairly
constantrate of thermogenesisHence, if the ambient temperaturecan be
controlled,the local blood supply canbe estimatedrom the temperatureof the
skin.

Therateof blood flow througha vesselcanbe describedoy Equation1.1 Here
Q is the volumeof fluid passinga point in unit time, DP is the pressuregradient

acrossthetube,R is theinsideradiusof the tube,h is the viscosity co-efficient,
andL is the lengthof the tube.This assumedamellarflow, andis accuratefor
large and medium size blood vessels but doesnot hold for capillaries,as the
presenceof red blood cells alter the flow characteristicsleadingto an apparent
reductionin viscosity for vesselsof small diameter.lt is importantto note that

the flow varies with the fourth power of the internal radius of the vessel, meaning
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thatevensmall changesn thediameterof the vesselcausesubstantiathangesn
flow rates.Fromthis equationwe canseethatthe factorsaffectingthe supply of
blood to the superficialdermalcapillary network dependsiponthe diameterof
the supplyingarterioles,and also on the blood pressurewithin the deeparterial
plexusFigure 1.).

SUPERFICIAL
HORIZONTAL
DERMAL PLEXUS
PAPILLARY
LooP
v
DEEP PERFORATING
HORIZONTAL ARTERIOLE
PLEXUS

Figure1.1: Local skin blood vessels and anatomy
PR’
8 L

Equationl.1 The Poiseuille Equation for lamellar flow in a tube

RP is known to be dueto a local fault, which causesobliterationof the blood
supplyto theextremitieson exposureo cold; thereis botharteriolarconstriction,
and also constriction to the point of total obstruction of the digital arteries.
Theexactpathologicalprocessn PRPis unknown,butit is widely believedthat
thereis somedisorderof the small arteriessupplyingthe fingersthat increases
their sensitivity to cold, and prolongsthat responsealthoughthe biomolecular
causefor this has not beenfound. There is also someevidencethat thereis
structuralalterationto the small arteriesof the hand3]. Thereis alsoa question
as to whether there is a change in plasma vis¢égBy[6].

Patientswith systemicsclerosishavebeenshownto haveseverantimal fibrosis,
that is, thickening of the inner lining of the arterie$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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1.5 Investigative techniques for peripheral vascular disease

Thereareseveraltechniquedor the investigationof peripheralvasculardisease,
which have different costs, accuracy, and reliap8ity

1.5.1 Clinical tests

The simplestmeasureof the adequacyof peripheralblood flow is the capillary
refill time. This is assesseBy pressingon a nail in the areain question,so that
the colourbecomeawhite. The time takenfor the normal pink colourto recuris
measuredollowing releaseof pressureA time of undertwo secondss takento
indicatea normalblood supplyto the partin question.This testis very quick and
easyto perform, but is rather subjective,and not particularly sensitive.lt is
primarily usedin 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
ConnectivetissuediseasesespeciallySSc,can producedistinct changedo the
appearanceof capillary beds. These changesconsist primarily of capillary
dilatation and loop drop out. The surfacecapillarieswithin the nailfold canbe
easily visualisedunder light microscopy,and the imagesproducedcan be fed
into analytical softwarewith the appropriatehardware.The structuralchanges
aredifficult to assessn a quantitativefashion,but attemptshavebeenmadg9].
Anotherline of approachis using image analysissoftwarecoupledwith video
micrscopy to identify individual erythrocytes,and measuretheir velocities
through the capillary network. As the nailfold is cooled, the velocity of the
erythrocytess reduced,and the "flow stop"time may be usedto differentiate
patietnswith PRP,SScandnormalcontrolg10]. The maindisadvantagesf this
techniqueare thatit canonly look at the nailfold, and alsothat therehasto be
physicalcontactbetweenthe patientand the microscopeo 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, and measureshe
frequencieandamountof reflectedlight. The amountof reflectedlight depends
uponthe componentswithin the skin, suchas haemoglobinproteins,and other
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cellularmaterial. The Dopplereffect causesa changein the frequencieseturned
dueto themovemenbf any particles Light reflectedfrom blood (primarily from
the red blood cells) will be doppler shifted proportionallyto the blood cells©
velocity parallel to the light, producea spreadof frequenciesin the returned
light. Thesefrequencyrangeandintensityof returnedight canbe combinedand
calibratedto producethe flux (densitymultiplied by velocity). As blood is the
only componentwhich movessubstantially this is a good approximationto the
blood flow. Thereare problemshoweverwith significant site-to-sitevariation,
and there are numerous contradictory studies present in the litErajjir2).

1.5.4 Finger systolic blood pressure measurement

As it is hypothesisedhat reductionof the radiusof the digital arteriesis part of
the causativechainleadingto the symptomsassociatedvith RP, it makessense
to measurethe degreeof occlusion present.One measureof the degreeof
occlusionof the arteryis the decreasen systolicblood pressurealongits length.
This can be measureddy inflating a cuff aroundthe proximal phalanxof the
finger to abovesystolic pressureThe cuff is thendeflateduntil the blood starts
to flow into the finger, known asthe openingpressureThe temperatureof the
finger canbe alteredby meansof heatedor cooledwaterflowing througha cuff
placed around the middle phalanx. Several methodshave been describedto
assesshe point at which flow recurs;photoelectrictransducerslaserDoppler,
andstrain gaugeshaveall beenused13][14][15].It hasbeendemonstratedhat
finger systolic pressureresponseshave high sensitivity and specificity for
distinguishingbetwenSSc and PRP, and also betweenpatientswith PRP,and
thosewho are simply cold sensitivg¢13]. Thereis, however,somequestionasto
thereproducibility of theseresults,aspatientsseemto demonstrat@an adapative
response to the cold challendé]

1.5.5 Ultrasound

Ultrasoundcan be usedto directly measurethe internal radius of the digital

arteries,andthis techniquehasbeenusedto differentiatebetweenpatientswith

RP andhealthycontrol417]. Dopplerultrasounchasalsobeenusedto assesshe
rate of flow in digital arteries,and this has also beenusedto differentiate
between PRP and SSc, although there were a small number of patients
involved18].
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1.5.6 Plethysmography

Plethysmographysesvolume changeto asses$lood flow. Onetechniqueused
is digital venousocclusionstraingaugeplethysmographyiHere a blood pressure
cuff is placedaroundthe proximal phalanx, and inflated to betweenvenous
pressureand diastolic pressure.This preventsblood from flowing out of the

digit, but allows blood to flow in, leadingto anincreasein volume.The rate of

this increasecanbe measuredndgivesan indicationof the blood supplyto the

finger. Whilst thereare differencesbetweenhealthycontrols, patientswith PRP
and SSc, these are not statistically signifig8it

1.5.7 Thermography

As the changesn RP indirectly affectthe temperaturef the skin, thermography
is one of the tools available for its investigation.

The investigationscan be static, looking at skin temperaturewith a constant
ambienttemperaturegr dynamic,wherethe ambienttemperatures changedn a
controlledfashion. The most commondynamictestis the cold challengetest,
wherethe handis exposedo a shortperiodof cold temperatureghenallowedto
rewarm, while the skin temperatureis measuredthermographically.Several
thermographic parameters have been proposelsati@cteris&P.
Thedistal-dorsatifferenceis the differencein temperaturdetweerthe skin just
proximal to the nail and the dorsumof the hand. Using a cut off of 1° C to
separatd®’RPand SScgivesa sensitivityof 12/20(60%) anda specificity of 8/9
(89%)19][20].

Using the lag time to temperaturerecovery, maximum rate of change,and
maximumrecoveryindex in a logistic regressiont 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 theseparametersisesmall areasof the handin their
assessmengnd this meansthat much of the data availableis discarded.It is
hypothesisedhat PRP and SScmay causethe rewarmingto occurin different
patternsThisthesisattemptgo assesshathypothesisusingdatafrom the whole
visible areaof the hand, from thermographicimagesacquiredduring a cold
challenge test, as described189].
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1.6 Object Recognition

To assesghe rewarmingcurvesof the hand from thermographiamages,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
thermographiamage.A significant problemwith the handlocation problemis
that patientshavedifferent size and shapehands,which are placedin different
placeswithin the imageat varying angles.The handis a complexstructurewith
21 individual jointg22], someof which can movein severaldirections,and so
may be placedin numerousposes.All of this meansthat any heuristicwhich
relieson a fixed templateto locatethe handwill fail. For this reasona heuristic
which accounts for the variation in shapes available must be used.

There are also some special problems and advantagesassociatedwith the
thermographiemagesavailable. The contrastbetweerhandandbackgroundcan
bepoor,wherethe handis atthe sametemperatur@asthe backgroundThereare
advantageshoweverin that the hand position does not changesubstantially
during the image sequenceand towards the end, the hand is usually well
demarcatedlt shouldthereforebe possibleto usethe laterimagesasa starting
point for locating the hand in the earlier images.

The model basedapproachis likely to be the bestapproachfor identifying and
locatingthe hand.With this approacha modelis generatedrom sometraining
data,andthe locationof bestfit of the imagedatato the modelis 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
decompositiorfEquationl.2). The higherordertermscanbe discardedprovided
that the shapedescribedis fairly smooth, as thesegenerally refer to small,
insignificantfeaturesThe modelcanalsobe madeinvariantto scale,translation
and rotation fairly easily. Searchingis performedas an optimisationroutine,
following Gaussiarsmoothingof the original imageand extractionof the local
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gradient vectors. Whilst this techniqueis quite good at identifying the left
ventricle from ultrasoundimage$23], it would have problemslocating hands;
handsare not particularly smooth,and so a large numberof termsneedto be
retained. The result of changinga single term is generally a squashingor
stretchingmovementin the resultantshape which would not readily model the
rotational and translational movements found in the hand.

x(t)| |a 3, B |[ coskt | rore
y(t) d | «1fc d || sinkt

1
a — x(t)dt
2 0
2
d ! y(t)dt
0
2 0
1° 1° _
a —— Xx(t)cosktdt b — x(t)sinktdt
“ 2 < 2
0 0
1° 1° _
c —— y(t)cosktdt d — y(t)sinktdt
k 2 k 2
0 0

Equationl.2 Fourier decomposition of a closed boundary
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1.6.2 Active Contour Models

Active Contour Models 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 Equation 1.3, with the total
energyfor theimagebeingEsnae Eint representshe internalenergyof the spline;

theweightingfactorsa andb canbe modifiedto vary theflexibility of the curve

atany point. If b is madeO at any point, thenthe splinemay havea sharpangle
at that point. Eimage representenergyderivedfrom the interactionbetweenthe
spline and the image. E;,. Simply actsto attractthe spline towardslighter or
darkerareasof theimage.E.qs attractsthe splineto areasof theimagewith high
local gradient,and E.m attractsthe imageto terminationsof linesandotherareas

wherethereis a high degreeof curvaturepresent.The w terms are weighting
factorsto determinethe relative contributionof these“energies”.E.., represents
energyinput from a user,and canbe representedby manyforms, allowing the
userto pushand pull the splinesfrom one stableconditionto another.In fully
automatedheuristics this components setto zero.This approactonly integrates
a limited amountof prior knowledge;the flexibility of the spline canbe varied
alongits length, and the various weighting factors optimisedfor the particular
problem.This approachwould probablyhaveproblemswith the highly concave
natureof the handoutline in the areaof the fingers,which mayleadto the gaps
betweenthe fingersbeing“skipped”. A further problemis thatit is not possible
to determinddirectly from the resultingsplinethe locationof specificpartsof the
hands. As such, it is not particularly useful for this specific application.

1

nake E..(v(s) E__.(v(s) E_ (v(s)ds

E,. ( GOMe] sl o7 2
Eimage line line edge edge term term
E,._ 1(x.y)

E.. | 1w

term

n

~

Equationl.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 been previously trained with an example sef25]. The model
underlyingthe ASM approachis this — thereare only a small numberof ways
thata limited objectcanvary (oncerotation, scaling,andtranslationhavebeen
accountedor) —in the contextof a hand,the main degreef freedomlie in the

spreadof the fingers, and the thumb can also bend separately(There are also
differencesbetweenpeoplein termsof digit size, hand width, and so on, but

thesehavecomparativelyesseffecton the overall point realtions.)If therearem

degree®f freedom eachindependentywe canthink of eachpossibleshapebeing
representedy a point within an m-dimensionalspacewith orthogonalaxes.
Furthermorejf eachdegreeof freedomis normally distributed,and hasa mean
valueof 0, theneachpossibleshapewill lie within anellipsoidin 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 setis first aligned so that all of the marked shapeshave similar
posesand scales.This is done using an iterative approach that weights each
point, accordingto its reliability asa landmark.If Ry is the euclideandistance

betweentwo pointsin a shapeand Vg is the variancein this distanceover the

setof shapesthenwe canassigna weightingto eachpoint asin Equationl.4, to
generatehe diagonalmatrix W. This resultsin a high weighting beinggivento
pointswhich remainin afixed positionrelativeto the otherpoints(andcanthus
beregardedasa stablepoint), andalow valueto thosepointswhich havehighly
variable locationsrelative to the other points. Once the weighting matrix has
beencreated a least-squaresolution canbe createdto find valuesof s (scaling
factor), g (rotation) and t(translationvector). This is usedto align all of the
shapesn the setwith thefirst shape Fromthis alignedset,a meanshapecanbe
generatedAll of the shapesare then re-alignedto the meanshape,and this
process is repeated until the results converge.
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X (scos )xjk (ssin )yjk

y. (ssn )xjk (scos )yjk

Equationl.4: Scaling and rotation for ASMs

Onceall of the shapesavebeenaligned, we canview eachshapeof n pointsas
a single pointin 2n-dimensionalspace A setof N shapewwill thereforeform a
cloud of N pointsin this 2n-dimensionalspace ,which is the point distribution
model. The centroid of this cloud is the meanshape, x . The ASM approach
assumeshatthe pointsall lie in anellipsoidwithin the 2n-dimensionakpace If
we assumehatthe underlyingdegree®f freedomactlinearly andindependently
uponthe coordinatesof eachpoint, it can be shownthat the point distribution
model should consist of an

m-dimensional ellipsoid in an n-dimensionalspace. The primary axes can
therefore be determined using principal componentanalysis as shown in

Equationl.5 wherex; is a vector of the coordinatesof the ith shape,S is the
covariancematrix, px (k=1,2 ...,2n)are the unit eigenvectorof S, | is the kth

eigenvalue of,and(l « > | x.1).

T
pk pk 1
Equationl.5: Principal component analysis used to create ASM

The eigenvectorsof a covariancematrix describethe primary axesof an
ellipsoid, with the eigenvaluebeing equalto the variancealong that axis. This
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also implies that the squareroot of an eigenvalueis equal to the standard
deviationof pointsalongthataxis. Also, asthe eigenvectorgorm an orthogonal
basisin the 2n-dimensionakpaceany pointwithin the spacecanbe describedas
a linear combination of eigenvectorsaddedto the mean. If the previously
mentionedconditionson the original sourcesof variation (hormal distribution,
independenceand linearity) are met, and thereis a sufficently small level of
noise,thenthe original degreesf variationshouldbe representedy the first m
eigenvectorsit shouldalso be noted that we do not needto know what the
original degreesof freedomare, or indeedhow many of them thereare. Each
degreeof freedom can be investigatedby looking at shapescorrespondingo
points along each axis + these are termed modes of variation.

To producea morecompactdescriptionof a shapethe higherordereigenvectors
are discarded as thesecontributevery little to the varianceof the shape.This
thenapproximatesur 2n-dimensionakllipsoid by at-dimensionakllipsoid. The
numberof eigenvectorghat are discardedcan be adjusted dependingupon the
need for accuracy compared with speed and space. Typically, enough
eigenvectorareretainedsuchthatthey canaccountfor a certainproportionof
the variance in the model. Any of the allowable shapescan therefore be
approximated as iBquation 1.6wherePs is the firstt eigenvectors gbx.

X XS PsbS

3, b, 3,

Equationl.6. Approximating a shape using a limited number of eigenvectors

Now that a compactpoint distributionmodelhasbeencreated this canbe used
to searchan imagefor shapesFor eachpointin the model,a model of a small

areaaroundit is createdusing PCA, againbaseduponthe training data. These
local modelsare thenusedto assesshe goodnesf fit of a particularposefor

that model,and to suggesta directionin which the model shoulddeform to fit

better. If this deformationis consistentwith the shapemodel, the processis

repeateduntil the pose convergesonto a stablevalue, or a fixed number of

iterations is completed.

A furtherrefinementof the searchalgorithmis the useof multiple resolutionsin

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 setof good matchesidentified. Theseare then
usedas the starting points for searchingusingthe next level of resolution,and
againa setof good matchess identified, and the processis repeateduntil the
best match is found at the highest level of resolution.

1.6.4 Active Appearance Models

Active AppearanceModelsPAAMs) are a modification of the ASM approach.
AAMs usenot just shapeto locatemodels,but alsotextureaswell[26]. A point
distribution model is generatedor the shapesasin the ASM approach.The
training setof alignedimagesare morphedso 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 resulting shapeis subdividedinto triangles,with each
markedpointforming thevertexto at leastonetriangle.An affine transformation
is thenusedto moveall of the pixels within eachtriangle to the corresponding
point in the meanshape.This meansthat a particular elementin the vector
always corresponds to the same part of the object to be modelled.

This grey-level vectoris normalisedusingan iterativetechniqueover the whole
training set, leaving us with vector g. Principal componentanalysisis then
performedon the setof thesevectors,which createsa texturemodel,whereany
examplecan be synthesisecds Equationl.7, whereP, is a setof eigenvectors,
andb, is a setof parameterdlt hasbeenfound that this approactoften extracts
significantfeaturesfrom the grey-levelimage.For example asappliedto faces,
varying the first few parameters produces changes in expression and identity.
9 g Pb

Equationl.7: Grey-level model

It is then possibleto concatenatethe shapeparametersand the grey-level
parametersto give Equation1.8 whereW; is a set of weightsfor the shape
model, to accountfor the differencein units betweenthe shapeand grey-level
model.
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Equationl1.8 Concatenated model

As there may be correlationsbetweenthe shapeand grey-level variations, a
further principal componentnalysisis applied,to achievethe appearancenodel
(Equation1.9), where Q are the eigenvectorsand c is a vector of appearance
parameters, controlling both shape and grey-level.

b Qc
X X PSWSQSC

9 3 PQC

Q s
Q

g

Equationl.9 The appearance model

For eachtrainingimage,the setof parameterslescribingthe shapeandthe grey-
levelimageare extracted andconcatenatedindthenusedin a further principal
componentnalysis.This resultsin an appearancenodel,whereeachparameter
controls both shape and appearance.

To searchanimagefor an object,a setof possibleimagesare generatedusing
different parametergand also posesand positions).Thesecandidatemagesare
then comparedwith the actual image, and assessedor goodnessof fit. A
proportionof the best-fitting candidatesare usedto producefurther candidates,
andthe processs iteratedseveraltimes. The appropriateparameteshifts have
alreadybeencalculatedoff-line for any given differnce betweena candidateand
the actualimage data, so the iteration processs mademuch more efficient. A
multi-resolutionapproachcan also be used,similar to that usedin ASMs. A
down-sideis thatif thereareno candidatamagescloseto the actualimage,then
the model can fail to 2home in°

ASMs and AAMs are implementedn a softwaresuite,isbe apm producedby
the Departmentof Imaging Scienceand Biomedical Engineerin¢R7]. Several
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toolsareprovidedin isbe_apmincludingbuild_asmandbuild_aam which build
ASMs and AAMs respectively.isbe _apmrequires VXL [28], a set of C++
libraries designedio assistin the implementationof computervision heuristics
and algorithms.

1.7 Texture Analysis

Using the grey-levelmodelasdescribedn the appearancenodelallows oneto
extractthe significantfeaturesof animage,andthe morphingprocessmeanghat
changesn shapearenot relevant.As thethermographyrocessloesnotrely on
reflectedlight, changesn posedo not substantiallyalter the appearancef 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 study aimsto
observe and assess as a means of diagnosis.

1.8 Classifiers

The result of the texture analysisis a set of parameterswhich hopefully
represensignificant featuresof the image, and could be usedto discriminate
betweendifferent diseasetypes. If thereis a single variable to representan
image,thenconstructinga testis quite trivial; a suitablethresholdjust needsto
be set.

1.8.1 k-nearest-neighbour classifier

The k-nearest-neighbouclassifieris one of the simplestmultivariateclassifiers
available.It requiresa training set, which is storedin memory.To classify a
novel point, the nearesk pointsto the novel point are found, and the point is

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

numbersarechoserfor k, sothatthereis alwaysa majority whendiscriminating
two class€29].

1.8.2 Binary hyperplane classifier

The binary hyperplaneclassifieris anothercomparativelysimple multivariate
classifier. This classifiertakesa set of training data,and searchedor the best
hyperplanghat would separateéhe two classesA novel pointis comparedwith
the hyperplane,and classified dependingupon which side of the planeit is

23



locatedi29].

1.8.3 Support vector machine

Thesupportvectormachineg(SVM) is afairly recentlydevelopectlassifierusing
statisticallearningtheory,althoughits originsgo backto 1979.At its simplest,a
SVM determinesthe hyperplanewhich separatedwo classesby the greatest
margin = this in practiceis the hyperplanethat is normal to, and bisectsthe
shortesttonnectingdine of the convexhulls of the two training sets. Non-linear
boundariescan be generated,by mapping the input points into a higher
dimensionalfeature space,where a linear hyperplanewould map back into a
non-linear boundary. The computationallyintensive translationto and from
feature space can be avoided by the use of kernels. A SVM also performs a trade-
off betweenmore complexboundariegwhich arelesslikely to generalisevell)
and better matching with the training se{30]. The software used was
clsfy_rbf_svnfrom the Manchester University Libram(l) 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
betweenSScand PRP. To achieve this aim, the following objectives were set.
To producea modelthatwould accuratelyandreliably locatethe handon the
image.
To producea modelof the textureof the backof the hand,andassesshe use
of that model fodiscriminatiorbetween SSc and PRP.
To producea modelof the changdan textureof the handoverthe courseof the
cold challengetest, and againassesst 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 also passednto the object recognitionheuristic.
Theresultsof this wasthenpassednto two stagef analysis producinga setof
30 parameterso describeeachpatient. Therewas a split at this point, asthere
were two potential approachedo analysis;the serial approachand the total
approach;thesewere done in parallel. These parameterswere then usedto
generateseveralclassifiers,which were comparedwith eachother. One of the
most promising discriminantsin the literatureis the distal-dorsaldifferenceat
30°C[19], andthis was calculatedfor the subjectsin the PRPand SScgroups,
and compared with the results from the classifiers.

2.1 Subject Population

The subjectsfor this study were taken from those patientsreferredto Hope
HospitalRheumatologyDepartmentfor investigationof possiblesecondanRP.
Membersof the control group were takenfrom staff and acquaintancesf the
author.No age matchingwas 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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2.3 Inclusion criteria for the SSc group.
The criteria for diagnosisof SScas specifiedby the American Rheumatology
Association were UsgglL].
Sclerodactyly must be present, as well as one of
Digital pitting
Proximal scleroderma to theetacarpophalangejaint
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

Imageacquisitionwas performedby staff in the Departmenbf Rheumatologyat
Hope Hospital. The patientsinvolved in the study consistedof all patients
referredto the RheumatologyDepartmentfor the investigationof RP in the
period1999-2002Subjectsnvereaskedio abstainfrom tobaccocoffeeandteain
thefour hoursprecedinghe imaging. The imageswere obtainedoy an AGEMA
570 thermographiccamerain a temperaturecontrolled room. Subjectswere
allowedto acclimatisein the room for 20 minutesat 23 1°C. A baselinemage
was thentakenagainsta woodenboardwhich had beenkeptin the freezer,to
provide a good contrast.The subjectthen donnedlatex gloves,and immersed
their handsas far asthe mid-dorsuminto a bucketof waterat 15C. 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 the bucketandthe glovesremoved.The
subjectdsandswerenow attachedo a polystyreneboard(at 23 C) usingdouble-
sidedadhesivetape. Thermalimageswere now takenevery 15 seconddor 15
minutes,resultingin atotal of 61 images.If therewas a temperaturelifference
betweenthe dorsumof the handandthe fingertip of greaterthan1 C, the room
was warmedto 30 C, and the subjectagain allowed to acclimatisefor 20
minutes.The handswere thenimagedagainagainsta woodenboardwhich had
beenkeptin afreezer.All imagesweresavedas.IMG files, a proprietaryformat
of FLIR Systems.

2.6 Initial image processing

Unfortunately,FLIR Systemswere unwilling to releasethe file format. Reverse
engineeringrevealed that the files consistedof a constantlength header,

followed by the pixel data in two byte raster form (image size 327x243),
followed by a variablelengthtail. Extractionof the rasterdatawasachievedby

discardingthe first 1734 bytes.The thermographicamerahasa tendencyfor its

readinggo undergoa certaindegreeof drift, which is periodicallycorrected(as
shownin Figure 2.3). The calibration data requiredis 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,

wherexXa, is the pixel value at (a,b). This resultsin objectsat the background
temperaturénavinga value of 127. Figure 2.4 showsthe samepixel as Figure
2.3 after calibration.

* Thelengthof the headercanactually vary, dependinguponhow much processinghasbeen
doneuponthe file by the proprietarysoftware.However,all of the analysedfiles had the
same processing, so the header length was effectively constant.
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Equation2.1: Calibration of image
2.7 Object Recognition
To analysethe thermaltextureof the hands,the location of the handsmustfirst
be determined An Active ShapeModel was trainedusing 37 training images.
During therewarmingprocedurethe handschangefrom colder(darker)thanthe
backgroundto warmer (lighter) than the background.This changeof contrast
initially causedproblemsfor the objectrecognitionheuristics andso a transform
was appliedto the original data,as describedin Equation2.2 This transform
giveseachpixel a valuethat indicateshow similar to the backgroundt is. The
resulting image was discarded once the object recognition stage was complete.
The sampleimageswere markedup using gmarkup oneof the programsn the
isbe_apnsuite. The handoutline was definedusing 45 pointsat setplaces(for
examplethe tip of indexfinger, web betweenring andlittle fingersetc.) These
points (togetherwith their correspondingmages)were fed into build_aamand
build_asm which producedan active appearancenodel, and an active shape
model, respectively.The reliability of thesemodelswere testedusing a leave-
one-outprocessthis involved building eachmodelwithout a particularsample,
and then running the model with that sample,and calculating the euclidean
distancerom the pointsfound by the modelto thosepreviouslymarkedup. This
process was repeated for each image.
The ASM modelwasthenincorporatednto a newprogramwxview(Figure2.2).
wxviewis an interactive programwritten in C++, using the isbe_apmlibraries
and also wxWindow&8], a multi-platform GUI toolkitwxviewwould read in all
of theIMG files in a directory,converttheminto a calibratedform, andattempt
to locateboththe left andright handsusingthe ASM. The programwould start
with the lastimagein the sequenceasthis was usuallythe one wherethe hand
hadthe most clearly defined borders,so the ASM is mostlikely to be ableto
correctlylocatethehandslf thelocationis incorrect,the usercaneithermoveall
points as a whole, rotate and scale the points, or move individual points,
dependinguponwhich mousebuttonis pressed. Thereare alsotoolbar buttons
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to enablethe userto makethe model performa global searchor simply a local
searchThelocal searchis constrainedo only searchin areasnearthe currently
selectedpoints;thusif the global searchs far from the correctposition,the user
can simply move the outline of the hand until it roughly corresponddo the
image.Thelocal searchwill thenusuallycorrectlyidentify the handoutline. The
operatorcanalsocausea particularhandoutlineto be appliedto the whole stack
of images("drilling" the images),or just to those which have not yet been
marked.Once a hand outline has been obtained,the user typically drills the
outline down through the stack of images,and goesthroughthem in reverse
order. If the hand movesfrom the outline, the user can either pressthe local
searchbutton,or movethe pointsby hand.This new outline canthenbe 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 handsare very nearly symmetrical,it wasdecided
that the simplestway to recogniseboth handswasto havea single model that
matchedhe right hand,andtheimageof the left handwassimply flippedin the
vertical axis before matching. There are imageswhich are either missing, or
badlycorruptedwith randomdata(usuallydueto the cameraecalibratingtself).
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 plaintextfiles. Badimagesaredenotedy the absenc®f apointfile
for that particular image.

2.8 Texture Analysis

Once the object recognition phasehas been completed,eachimage can be

warpedsothateachhandhasthe samepose,andcovers3000pixels. This leaves
us with 3000x 60 x 2 = 360 000 separatedata points per patient. To analyse
thesetheimageswere usedto train an appearancenodel (APM), aninstanceof

vapm mr_app_modelfrom theisbe_apmnsuite. This is simply that portion of an

activeappearancenodel (as previouslydescribed)without the shapedata;that
is, it only modelsthe textureof the image,regardlesof the poseof the hand.
Thereweretwo feasiblestrategieso approactthis. Thefirst, to beknownasthe

total approachusedall of the imagesto createan appearancenodel. This had
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Equation2.2 Calibration and transformation for object recognition

theadvantagehattherewasa very largetraining setfor the model,althoughthe
imageswere not independenbf eachother. It also hasthe advantagethat the
parameters generated for each image could be directly compared.

The otherapproachto be known asthe serialapproachcreatedan appearance
modelfor eachtime point, usingjust the imagesfrom thattime point to train it.

W (waview Eil=1.

gx v o p0 il

mage: 60

Figure 2.2 wxview screenshot, showing the location of boundaries of the left and right hands
This hasthe advantagehat eachimageis only comparedwith imagesfrom a
similar pointon therewarmingtrajectory,andis substantiallyquickerto generate
themodels.However,the parameterslerivedat onetime may not necessaril\be
comparable with those from another time point.

As therewas no compellingreasonto chooseone approachor the other, both
methodswere pursuedn parallel. Oncethe modelsweretrained,the percentage
variance explained by each parameterwas extracted,and the first twenty
parametersfor each image was extractedby a new program, assess_apm
assess_aprakesasits argumentghe filenameof the APM, theimagefilename,
andthe filenameof the pointsfor thatimage.It matcheghe modelto theimage,
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Figure 2.4 The variation of the same pixel after calibration

andoutputsthefirst twenty parameterito the standardutput. This wasapplied
to eachimagefrom a shellfile thatiteratedthrougheachimagein the dataset,
andthe outputpipedinto a file for eachimage.Missing or bad images(which
havebeennotedas suchby wxview)are not processedbut a file containing20
aNaN°s is usedinstead.A limit of 20 parametersvas chosenarbitrarily; the
APMs weresetup to generateenoughparametershat would accountfor 95% of
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the variation in the model; as each model had different inputs, each model

produceda differentnumberof outputs,andalimit of 20 waschosensothatthe

results could be easily processed.

Leave-one-out analysiswas impractible for thesemodels,as constructingthe

modelstook around4 hourson 1.4GHzAthlon Linux system,anda full leave-
one-out analysiswould haverequiredabout 10 daysof continuousprocessing

time.

2.9 Secondary Principal Component Analysis

Following the initial textureanalysestherewere still 20 x 2 x 60 = 2400 data
points per patient;thesewere collatedinto a single file per approachfor each
patient, again using a simple shell script. To reducethis still further to a
manageablenumber of variables,a further principal componentanalysiswas
appliedto theparametedata.A program.create_eigenvasproducedwhichwas
fed with the setof the parameterdor eachpatientasa single vector (including
NaNs to representcorruptedor missingimages),which is usedto producea
vsml_eigen_modglisingthe vsml_eigen_model_buildetass.This missingdata
was recreated using linear interpolation and extrapolation. Two
vsml_eigen_modeistances were produced, one for each approach.

Next, anothernew program, assess-eigencalculatedthe first 20 parameters
(eigenvalues from thesml_eigen_modgfor each patient.

The first parameterthus obtained was comparedwith the patients@ge 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 parameterdor eachpatienthad beendeterminedthesewere
usedto constructseveralclassifiersto discriminateSScfrom PRP,which were
thencomparedvith eachother,andwith the distal-dorsatifferenceasdescribed
in [19]. Classifierswerealsocreatedto discriminatebetweenpatientswith RP,
andhealthycontrols.The classifiersusedwerethek-nearest-neighbowlassifier,
with k=1, k=3, and k=5, the binary hyperplaneclassifier,and a supportvector

33



machine.Thesclassifierswere createdandassessetly do_classifier_testwhich
useda leave-one-outlgorithmto asses®achclassifier;thatis that a classifier
wasproducedusingthe datasetwithouta particulardatapoint, andthenusedto
classifythe omitted datapoint. This wasthenrepeatedvith eachdatapoint, and
so provided a measure of the robustness of the technique.
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3 Results

3.1 Subject group characteristics

Qualitativemeasuresreshownin Table3.1, with the p-valuesbeingdetermined
by Fisher©exacttest 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©ability to causevasoconstrictionThe increasedusageof vasoactive
medicationin the SSc group (while not significant) may be due to the other
symptoms associated with SSc.

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

Table3.1: Qualitative group measures

Quantitativemeasuresare shownin Table 3.2, wherethe p-valueshave been
determinedusing StudentCisvo-tailed, unpairedt-test. It can be seenthat there
are significant differencesbetweenthe populationsin both ageand durationof
RP, which may be a potential confoundingfactor, if our analysisshows a
significant correlation with age.

Age at thermography Duration of Raynaud's Phenomenon

years(s.d.) years(s.d.)
PRP(n=31) 57.1(12.7) 13.312.8)n=26
SSc(n=24) 41.814.1) 4.634.09)
p-value < 0.0001 0.0036

Table3.2 Quantitative group measures
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3.2 Object Recognition

Oncethe ASM andAAM hadbeentrained,a leave-one-outtestwas performed
to comparethe pointsasreturnedby the model,andthosemarkedup manually.
The meanseparatiorof the pointsfor eachtrainingimagewascalculatedor the
ASM, the AAM, andtheresultof following the ASM with alocal AAM search
(local meansthat the AAM is restrictedto searchingthe areanearthe points
identified by the ASM). The mean separationacrossall 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
reliable method,but still had severalcaseswhereit failed to identify the hand
correctly. The distribution of the mean valueswas quite skewed,with most
values being small, but a few caseshaving very high mislocations- these
correspondedo situationswhere the model completelyfailed to identify the
hand.

ASM AAM ASM-AAM
mean 3.05 9.51 6.68
>5 4 13 12
> 10 1 9 7

Table3.3 Leave-one-out assessment of object recognition heuristics

Notethatthe valuesassessedreonly the meandisplacementfrom the "correct”
position. It is thereforelikely that evenwhen the meandisplacements fairly
small,therewill bepointswhich aremoresubstantiallymislocatedAs aresultof
this poor reliability it was decidedthat the object recognition stage should
includehumanquality control and correction,which wasachievedusing wxview

(see sectioR.?).

3.3 Texture analysis

Thefirst threemodesof variationfor the appearancenodelproducedoy thetotal
approachcanbe seenin Figure 3.1 Thefirst modeof variationcanclearly be
seenas a variation in the longitudinal temperaturegradient. The secondmode
seemdo haveits variationin the more proximal partsof the fingers, whilst the
third modeshowsvariationin temperaturdrom the ulnarto radial aspectof the
hand.The first threemodesof variation canalso be seenat different stagesfor
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the serial approach in Figured,3.5& 3.6.

The averagevalue for the first mode for eachpatientgroup can be displayed
againstime, asshownin Figure3.9. A similar graphcanbe drawnfor the serial
approach(Figure3.10, andwhile the valuesarenot strictly comparablethey do
show substantiakonsistencyln both of these,we canseethat all threegroups
aresignificantly distinctat the endof the cold challengetest,whilst the PRPand

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

— 100
Serial ' Total
l 48.34% 48.75%
[, 14.55% 15.42%
l 5 7.51% 6.39%
l, 4.38% 4.80%
| 2.96% 2.77%
| o 2.22% 1.87%
l, 1.80% 1.69%
| 4 1.55% 1.49%
l 1.37% 1.27%
| 10 1.16% 1.02%
| 120 92.24% 91.34%

Table 3.4 Percentagevariance explained by parameterfor appearancemodel from total
approach and averaged from serial approach

The eigenvaluesfor the total model, and the averagedvalues for the serial
modelscanbe seenin Table 3.4, andwe seethat the twenty parameterghosen
describedvirtually all the variancein the model,with mostof thatvariancebeing
in the first three parameters.

3.3.1 Receiver Operator Characteristic (ROC) Curves

For eachsubject,eachimagewasanalysedvith the AAM. For eachsubjectthe
averagevalueof the first modewas calculated Theseaveragevaluesof thefirst
modewereusedto produceROC curves.Using a particularvalue asa threshold
it is possibleto classify each subjectas having SSc or not. Some will be
classifiedincorrectly,eitherfalse positives(FP) (classifiedas SScwhenactually
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PRP),or false negativegFN) (classifiedasPRPwhenactually SSc).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
particularvalueasathreshold.Obviouslythereis atrade-offbetweensensitivity
and specificity, and by adjustingthe level of the threshold,one can generatea
rangeof sensitivitiesandspecificites. The ROC curvesshowshow the sensitivity
and specificity vary with each other when the threshold is changed.

An ideal testwill have specificity and sensitivity equalto 1, and so the point
nearestto (1,1) on the graphsindicatesthe point of best performancefor a
particulartest.In this thesis,the point closesto (1,1) on aROCis amrkedwith a
diamond. Of course, other considerationamay make one choosea different
value; for instancein screeningtestsit is importantto have a high sensitivity,
evenat the expenseof someloss of specificity. An alternatemeasureof the
valueof atestis to measurghe areaunderthe ROC curve,A.. An idealtesthas
an A, of 1, and a test that does not distinguish the two subjects hg, of 0.5.
ROC curveswereconstructedo distinguishSScfrom PRP,from both serialand
total approachegFigures 3.11 & 3.12); As can be seen, neither approach
providesa particularly convincing diagnostictest at this level. Their ability to
distinguish RP from controls is somewhat better, however (Fi3.1: & 3.14).
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3.4 Secondary Principal Component Analysis

Movies displaying the characteristicof the first three modesof variation for
eachapproachare in the CDROM accompanyinghis thesis.Imagestaken at
sevenpointsthroughoutthe imagesequencelemonstratinghe first threemodes
of variation are shown in Figure 3.19 Following the secondaryprincipal
componenanalysis,therearenow only 30 parameters$o describeeachsubject.
Using the value of the first parametesas a discriminant,it is possibleto create
ROC: distinguishingPRP from SSc(Figures 3.1t & 3.1€), and RP from the
healthycontrols (Figures3.17 & 3.1f). It is notablethat the ROCsfrom both
approacheareidentical;thatis the subjectsarerankedin the sameorderby 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 closestto (1,1). For distinguishing patientswith RP from
healthycontrols,the respectivevaluesare 73% and 73%. Theseresultsare very
similar to those shown in Figures3.11 to 3.14. The proportion of variation
between patients explained by each mode of variation is sholiabia 3.5

The value of the first parametelis comparedwith agein Figure 3.20 showing
thatthereis no correlationbetweerthe two (r=0.27),it doesshow,however that

b, is bi-modal
1 1
0.9 — 09
0.8 — 08
0.7 — 07
2 06 2 06
e S
S 05 S 05—
2 2
& 04 & 0.4 —
0.3 — 0.3 |
0.2 — 0.2 -
0.1 — 0.1
0 T T T T T T T T 1 0 T T T T T T T T |
0 01 02 03 04 05 06 07 08 09 1 0 01 02 03 04 05 06 07 08 09 1
Sensitivity Sensitivity

Figure 3.15 ROC using first modefrom final Figure 3.16 ROC using first modefrom final
analysisfrom total approachto distinguishSScanalysis from serial approachto distinguish
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analysis from total approachto distinguish analysisfrom serial approachto distinguish

RP from control. A= 0.79 RP from control. A= 0.79
Eigenvalue i
— 100

Serial Total
|1 65.55% 55.66%
I, 5.19% 7.34%
[ 4.2% 6.31%
[, 2.44% 3.61%
| 5 2.25% 3.08%
l 6 1.91% 2.77%
|, 1.68% 2.2%
| ¢ 1.49% 1.68%
[ 1.04% 1.6%
[ 10 1.01% 1.36%

Table3.5: Eigenvalues for second principal component analysis
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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.

TOptO bottom: b1 = bz = b3 = O, b1 = +O|1, b1 = -Oll, bz = +O|2, bz = -Olz,ba = +O|3b3 =
-Ols.

Contrast has been enhanced and a false colour map applied

45



bl
|

!
\‘

|
X

15 25 35 45 55 65 75
Age at thermography

Figure 3.20 Comparisonof age againstfirst parameterfrom secondaryanalysis of total
approach.Regression line shown (r=0.27)

3.5 Classification

The resultsfor the classificationtestscanbe seenin Table3.6. As canbe seen,
noneof the classifiersmprove particularlyon simply usingthe first 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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Total

Serial

Test
K-nearest neighbour (n=1)
K-nearest neighbour (n=3)
K-nearest neighbour (n=5)
Binary Hyperplane
Support Vector Machine
K-nearest neighbour (n=1)
K-nearest neighbour (n=3)
K-nearest neighbour (n=5)
Binary Hyperplane
Support Vector Machine
Distal-dorsal difference

Sensitivity
72%
78%
75%
69%
78%
75%
75%
78%
59%
69%
63%

Specificity
54%
42%
54%
67%
54%
58%
54%
54%
62%
58%
80%

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

secondary principal component analysis

Total

Serial

Test

K-nearest neighbour (n=1)
K-nearest neighbour (n=3)
K-nearest neighbour (n=5)
Binary Hyperplane
Support Vector Machine
K-nearest neighbour (n=1)
K-nearest neighbour (n=3)
K-nearest neighbour (n=5)
Binary Hyperplane
Support Vector Machine

Sensitivity
58%
25%

8%
67%
59%
67%
25%
17%
75%
67%

Specificity
84%
89%
96%
87%
93%
84%
89%
96%
89%
93%

Table 3.7: Sensitivityand specificityfor diagnosingRP from controls using the resultsof the

secondary principal component analysis
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4 Discussion

It wasnotpossibleto createareliableobjectrecognitionheuristicfor thelocation
of the handimagesproducedby thermographyln generalthoseimageswhere
the handis clearly defined were the oneswhich were locatedwell, and those
wherethere was poor contrastbetweenthe handand the backgroundwere the
oneswhich were poorly located (or not at all). Another causeof mislocation
appearedo be in imageswhere the thumbs of each hand were close to or
touchingeachother;the thumbis the digit with the greatestangeof movement,
and so the model allows a greatdeal of flexibility in locatingit, and may be
attractedby a similar structurenearby.This particularproblemcould possiblybe
fixed by usingmorepointsto definethe thumb,leadingto a reducedikelihood
of disconitinuities.However,becausdahe handsstayin a very similar position
throughoutthe imagesequencemanualmark-upis not very onerous especially
as the ASM usedsuallylocates the hand correctly to start with.

Thereis a possibility that any differencesfound betweenthe groupsfound may
bedueto age-relatedhangesor changeselatedto thelengthof durationof RP.
However,theredoesnot appearto be any correlationbetweenthe first mode of
variationof the final analysisandage,which suggestshatthe featuresextracted
arenot age-relatedWhatcanbe seenfrom figure 3.20 howeveris thatthe first
modeof variation is bimodally distributed. This bimodality, howeverdoesnot
correlateparticularlywell with the clinical stateof the subject,althoughsubjects
with SSctendto havepositive valuesfor the first modeof the secondanalysis,
andthosewith PRPhavenegativevalues.However,the poor resultsof the tests
basedonthis parametemdicatethatthis is not hewhole story..Possibleeasons
for this bimodality are that the two groupsseenrepresensomekind 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.Furtherstudy of this phenomenomvould be useful
to explain this finding.

Thereis a significant differencebetweenall three groupswhen looking at the
first modeof variationof the appearancenodelsof both approachegseefigures
3.9& 3.10; looking at the imagesdemonstratinghesechangesthey certainly
appearto be correlatedwith a generalrewarmingof the hand,andalso in the
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longitudinal gradientin temperatureThe PRPand normal groupstendto have
thefingertipswarmerthanthe dorsalareaof the hand,andthe -SScgroupstend
to have colder fingertips.

Thethird modeis alsointerestingasit appearso demonstrata lateralvariation
in the hand, althoughall three groupshave similar distributionsin this mode.
This doeshowever,demonstratdhat at least someof the parameterausedto
describe the images do have a correlation with qualitative changes in the image.
Theoverallusefor this techniqueasa discriminatorbetweenSScandPRPis not
very promising,asthe poor ROCsand sensitivity/specificitytablesdemonstrate,
although they are comparable with those achieved for the distal-dorsal
difference. This may appearsurprisingin view of the promise suggestedoy
figures 3.9 and 3.1Q but it mustbe rememberederethat the 95% confidence
intervaldisplayedarefor the standarderror of the meanwhich is appropriateor
determiningwhethertwo groupsare different. If the graphswere shownusing
95% confidenceintervalsfor 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
producingthe ROC tables(only the first parameters} this is true, but all of the
classifierdK-nearesneighbourpinary hyperplaneandsupportvectormachines)
usedthe full set of 30 parameterdor their classification,and were equally
unsuccessful.

It is also worth noting, that this study is cross-sectionain naturez it is not
possibleto determineaf thosepatientswith RP who were categoriseds SScdid
notin factgo onto developSSc;to investigatethis, a prospectivestudywould be
required. One possiblecausefor the failure of this techniqueto producean
effective discriminantbetweenthe two groups may be that the inter-patient
variability within groupsis substantiallygreaterthan that betweengroups,and
may not be possibleto distinguish PRP from SSc on the basisof the cold
challengetest.It shouldbe bornein mind that the final setof parametersvere
capableof explainingapproximately80-85%o0f the variancepresenin theinitial
imageswhich suggestshatall of the significantdataavailableis representedh
the final setof parametersHowever,purely linear techniqueswvere used,so a
non-linearapproackmay find correlationsanddiscriminantsthat were missedin
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this analysis.In otherwords, principal componentanalysismay not have been
the right technique to extract the desired data.
Theotherpossibleextensionof thisapproachwould beto combinethe pixel data
from the whole imageseriesinto a singlevector,and performa single principal
component analysis on that data. The size of the covariance matrix
(approximately30-60Gb) and the computing power required to produceand
procesghatin areasonabléengthof time is not currentlyavailable,althoughit
may be possible in the future.

The distal-dorsaldifferenceis a betterdiscriminantbetweenPRP and SScthan
any of the measuresisedin this study* this may well be becausghatapproach
uses thermographiamagestaken at an ambienttemperatureof 30 C, so any
vesselnarrowingdueto low temperaturas eliminated,and simply the structural
change is apparent.

An analogymay be drawn herebetweentheseperipheralvasculardiseasesand
two diseasesof the lung, asthmaand chronic obstructive airways disease
(COAD). Asthmais areactivediseasesimilar to PRPin thatcertainstimuli will
causea narrowingof the vesselqin this caseairways),which will disappeaafter
the stimulushasbeenremoved.n COAD, like SSC,thereis structuralalteration
to the airways,andthereis alsoincreasedensitivityto noxiousstimuli. Thetest
of choiceto distinguishasthmafrom COAD is spirometry which can measure
themaximumflow rateof air out of thelungs.This is performedboth beforeand
after the administrationof bronchodilatorslIf thereis airflow restriction that
diminishesafter administrationof the bronchodilatoy thenthis is diagnosticof
asthma.In COAD, thereis minimal responseto the bronchodilatof32]. The
administrationof bronchodilatorhere could be seenasanalogougo rewarming
theroomto 30 C. It could thereforebe usefulto perform a similar analysisas
that presentedhereon thoseimages.Unfortunately,that wasnot possiblein this
study,as many of the subjectsdid not havethe thermographyperformedat the
requiredtemperatureThoseimageswhich were available,were unfortunately
not easily decipherableasthe processof measuringhe distal dorsaldifference
introduces changes to the length of the header in the file.

Finally, the supportvector machineclassifier to distinguish patientswith RP
from healthy controls doesclassify thosetwo groupswell. Its usehowever,is
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probablylimited, as the diagnosisof Raynaud@shenomenoris fairly easyon
purely clinical grounds,althoughthe testmay be of somebenefitin borderline

cases.

51



5 References

1: Raynaud M. On local asphyxia of the extremities. London: The New
Sydenham Society, 1888: pp

2. Medsger TA, Steen VD. Classification, prognosis In: Clements PJ, Furst DE
eds. Systemic Sclerosis. Maryland: Williams & Wilkins

3: Laws JW, El Sallab RA, Scott JT. An arteriographic and histological study of
digital arteries. Br J Radio#0:740-747,1963

4: Pringle R, Walder DN, Weaver JPA. Blood viscosity and Raynaud®©s disease.
Lancet,1:1086-1089,1956

5: Goyle KB, Dormandy JA. Abnormal blood viscosity in Raynaud©s
phenomenon. Lancet;1317-1318,1976

6: Jahnsen T, Nielsen SL, Skovborg F. Blood viscosity and local response to
cold in primary Raynaud©s phenomenon. La2i¢€0)1-1002,1977

7. Rodnan GP, Myerowitz RL, Justh GO. Morphologic changes in the digital
arteries of patients with progress systemic sclerosis (scleroderma) and
Raynaud phenomenon. Medicifa®;393-408,1980

8: Herrick AL, Clark S. Quantifying digital vascular disease in patients with
primary Raynaud©s phenomenon and systemic sclerosis. Ann Rheum Dis,
57:70-78,1998

9: Lefford F, Edwards JCW. Nailfold capillary microscopy in connective tissue
disease: a quantitative morphological analysis. Ann Rheuni®i&}1-
749,1986

10:Mahler F, Saner H, Boss C, Annaheim M. Local cold exposure test for
capillaroscopic examination of patients with Raynaud©s syndrome. Microvasc
Res,33:422-427,1987

11:Toms Sl, Cooke ED. A comparison of the funcitioning of arteriovenous
anastomoses in secondary Raynaud©s phenomenon and control subjects in
response to local hand warming. Int Angib};74-79,1995

12:Geirrson AJ, Jonsson GS, Asgeirsdottir LP. Functional study of the dermal
microcirculation in systemic sclerosis. Scand J Rheuni2@a3-76,1994

13:Maricq HR, Weinrich MC, Valter I, Palesch YY, Maricq JG. Digital vascular
responses to cooling in subjects with cold sensitivity, primary Raynaud®©s
phenomenon, or scleroderma spectrum disorders. J Rheu?32068-
2078,1996

14:Corbin DOC, Wood DA, Housely E. An evaluation of finger systolic-
pressure response to local cooling in the diagnosis of primary Raunaud©s
phenomenon. Clin Physid;383-392,1985

15:Allen JA, Devlin MA, McGrann S, DOhery CC. AN objective test for the
diagnosis and grading of vasospasm in patients with Raynaud©s phenomenon.
Clin Sci,82:529-534,1992

16:Wigley FM, Malamet R, Wise RA. Reprodcibility of cold provocation in
patients with Raynaud©s phenomenon. J Rheufrai@]1-755,

17:Singh S, de Trafford JC, Baskerville PA, Roberts VC. Digital artery calibre
measurement - a new technique of assessing Raynaud©s phenomenon. Eur J
Vasc Surgb:199-203,1991

18:Mcllroy MB, Targett RC, Roussin A, Seitz WS. Doppler ultrasound
investigation of Raynaud©s phenomenon : effect of temperature on blood
velocity. Ultrasound Med Biol11:719-725,1985

52



19:Clark S, Hollis S, Campbell F, Moore T, Jayson M, Herrick A. The "Distal-
Dorsal Difference" as a Possible Predictor of Secondary Raynaud©s
Phenomenon. J Rheumat®§:1125-1128,1999

20: Schufried O, Vacariu G, Lang T, Korpan M, Kiener HP, Fialka-Moser V.
Thermogrpahic parameters in the diagnosis of secondary Raynaud©s
phenomenon. Arch Phys Med Reha8il;495-499,2000

21:O©Reilly D, Taylor L, El-Hadidy K, Jayson MIV. Measurement of cold
challenge respones in primary Raynaud©s phenomenon associated with
systemic sclerosis. Ann Rheum [84;1193-1196,1992

22:Gray H. Gray©s Anatomy. London: Longmans, Green and Company, 1905:
pp 390-397

23: Staib LH, Duncan JS. Left ventricular analysis from cardiac images using
deformable models. Proc. Computers in Cardiology 1988, IEEE Comput.
Soc. Press.1989: pp 427-30

24: Kass M, Witkin A, Terzopoulos D. Snakes: active contour models. Proc. 1st
Int. Conf on Comput. Vision, IEEE Press.1987: pp 259-268

25:Cootes TF, Taylor CJ, Cooper DH, Graham J. Active Shape Models - Their
Training and Application. Computer Vision & Image Understand#ig38-
59,1995

26:Cootes TF, Edwards GJ, Taylor CJ. Active appearance models In: Burkhardt
H, Neumann B eds. 5th European Conference on Computer Vision. Berlin:
Springer

27: Cootes T, isbe_apm: an image recognition toolkit using active models, 2002

28:Smart J, wxWindows, 2000, http://www.wxwindows.org

29:Graham J. Pattern Recognition: Classification of Chromosomes In: Baldock
R, Graham J eds. Image Processing and Analysis: A Practical Approach. :
Oxford University Press

30:Vapnik V. The Nature of Statistical Learning Theory. NY: Springer Verlag,
1995: pp

31: Subcommittee for Scleroderma Criteria of the American Rheumatism
Association Diagnostic and Therapeutic Criteria Committee. Preliminary
criteria for the classification of systemic sclerosis (scleroderma). Arthritis
Rheum23:581-590,1980

32:Hunter CJ, Brightling CE, Woltmann G, Wardlaw AJ, Pavord ID. A
comparison of the validity of different diagnostic tests in adults with asthma.
Chest121:1051-1057,2002

53



6 Glossary

Calcinosiscuti The presencef calcified nodulesunderneattskin. Also
known assubdermactalcinosis.

Carcinoid syndrome Caused by &umourthat secretegascactive 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 Severe acute hypertension, leading to neurological
hypertension effects. Potentially fatal.

Oesophageal Poor peristalsis within the oesophagus,leading to
dysmotility dysphagiaqg.v.). Also known aesophageatlysmotility

Pericarditis Inflammation of the sac surrounding the heart

Phaeochromocytoma A tumour of the neuroendocrine system, that
intermittentlyproducedargequantitiesof adrenalineand
noradrenaline.

Proteinuria The presence of protein in the urine

Pulmonary fibrosis  Seelnterstitial fibrosis

Sclerodactyly Sclerosigg.v.) of the fingers

Sclerosis The depositionof fibrous materialin a tissue,reducing
its flexibility.

Telangiectasia Superficial,dilated capillaries,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,usually of 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; at++) {
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 = Ox7fff - bkgnd,;
temp = fgetc(input) * 256;
temp += fgetc(input);
for (c = 0; ¢ < (327*243); c++) {
temp += bkgnd; /* normalise */
temp -= (256 * 126);
if (temp > (256 * 150)) temp = O; /* 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);



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(]) {

/lload ASM...

if (argc 1= 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);

/I aam.loadFile(".AAM");

/Ivsl_b_read(bfs_in,aam);

aam.set_model(mr_shape_model);

I/l load image ....

mil_image_2d_of<vil_byte> image;
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mil_byte_image_2d_io im_io;
im_io.loadThelmage(image,argv[2],"");

// build pyramid...

mil_image_pyramid_builder *image_builder = mr_shape_model.imagePyrBuilder().clone();
mil_image_pyramid *image_pyr = image_builder->newlmagePyramid();
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 =zimage.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, /I nx
12);
int n_egs = searcher.nInstances();

/I Run some iterations at the coarsest level
searcher.setLevel(2);

I 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);

/l 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,*Ximage_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);
/I copy temporary file to stdout;

vcl_ifstream ifs(nam.c_str(),vcl_ios_out);

char c;
while (ifs.get(c)) vcl_cout.put(c);
/lclosing
vsl_delete_all_loaders();
return O;

}

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(]) {
/lload AAM...
if (argc 1= 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);
[lvaxm_mr_active_model_instance inst;
vaxm_mr_active_model aam;
vsl_b_ifstream bfs_in2(argv[1]);
vsl_b_read(bfs_in2,aam);
IIvsl_b_read(bfs_in,aam);
aam.set_model(app_model);
/linst.set_model(aam);

I/l load image ....
mil_image_2d_of<vil_byte> image;
mil_byte_image_2d_io im_io;
im_io.loadThelmage(image,argv[2],"");

// build pyramid...

mil_image_pyramid_builder *image_builder = app_model.imagePyrBuilder().clone();
mil_image_pyramid *image_pyr = image_builder->newlmagePyramid();
image_builder->build(*image_pyr,image);

delete image_builder;

/I initialise searcher

vaxm_multi_search searcher;

searcher.set_model(aam);

/I 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> trl1=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, /I nx

12);

int n_egs = searcher.nInstances();
/ Run some iterations at the coarsest level
searcher.setLevel(2);

I 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);

I/ 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,*Ximage_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);
/I copy temporary file to stdout;

vcl_ifstream ifs(nam.c_str(),vcl_ios_out);

char c;
while (ifs.get(c)) vcl_cout.put(c);
/lclosing
vsl_delete_all_loaders();
return O;

}

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(]) {
/lload AAM...
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if (argc !1=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);
IIvsl_b_read(bfs_in,aam);
aam.set_model(app_model);
inst.set_model(aam);

I/l load image ....

mil_image_2d_of<vil_byte> image;
mil_byte_image_2d_io im_io;
im_io.loadThelmage(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->newlmagePyramid();
image_builder->build(*image_pyr,image);
delete image_builder;
/I initialise searcher
vaxm_multi_search searcher;
vaxm_mr_search_params search_params;
search_params.setMaxItsPerLevel(7);
search_params.setNForcedIts(2);
search_params.setNLocallts(3);
search_params.setLevelRange(0,2);
searcher.set_model(aam);
inst.clearPointState();
inst.instance().fitToPoints(pts2d);
inst.setSearchParams(search_params);
// do the search
intits = 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);

/I 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);

/lclosing
vsl_delete_all_loaders();
return O;

}

7.5 leaveoneout.pl

#1/usr/bin/perl

@filenames = “grep tiff therm.SMD | cut -d ":" -f 27;
# count number of entries in file...
$entry_count = $#filenames + 1;
$filelength = “wc -I therm.SMD’;
chomp($entry_count);
# locate first entry
$first_entry = “grep -n tiff therm.SMD | cut -d ;" -f 1 | head -n 17;
chomp($first_entry);
chomp(@filenames);
# trim spare spaces...
foreach (@filenames) {
s/™ ¥lg;
s/ *$//g;
I3
$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
#1/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, $ARGVIO];
open FILEB, $ARGV[1];

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

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

$fileb[1] =~ /(\d*)$/;
die "must have a matching number of points” if ($countl != $1);
$distsum = 0;
for ($i = 0; $i < $countl; $i++) {
# get coords for each point..
($x1,5y1) = split \s+/, $filea[i+3];
($x2,$y2) = split \s+/, $fileb[i+3];
$distsum += sqri((($x1-$x2) * ($x1-$x2)) + (($y1-$y2) - (By1-3y2)));

$distsum = $distsum / $countl;
print ("$distsum\n");

/.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(]) {
/lload ASM...
if (argc !1=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);
I/l load image ....
mil_image_2d_of<vil_byte> image;
mil_byte_image_2d_io im_io;
im_io.loadThelmage(image,argv[2],"");
vsml_points_io_2d pts_io;
pts_io.loadPoints(argv[3]);
vapm_texture_model_instance tm(aam.appModel(0).textureModel());
tm.fitTolmage(image,pts_io.points());
vnl_vector<double> pars = tm.params();
for (vnl_vector<double>::iterator it = pars.begin(); it I= pars.end(); it++) {
vcl_cout << *it << " "
}

vel_cout << vel_endl;
return O;

}

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) {
/I 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();
/I the following could be done much more efficiently, with more code.
/I but this stuff is not time dependent, and | can©t be bothered tonight...
Sxy = inner_product(x,y);
Sx2 = inner_product(x,x);
/I 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());

/I 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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/l interpolate missing data into the vector, and extrapolate at either end if required...
void interpolate(vnl_vector<double> &v) {
/I first extrapolate at ends, so that we know what we®©re dealing with..
/I use simple linear interpolation. Will change if needed....
/I 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])) {
/IOK have to extrapolate out...
inti=1,
while ((i < v.size()) && isnan(V[i])) ++i;// find first real point...
if (i+4 > v.size()) {
/I complain bitterly
throw ("Not enough data points to extrapolate reliably™);

/[ use VI[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());
/I and now extrapolate...

regress(x,y,m,a);

place(v,0,i,m,a);

}
if (isnan(v[v.size()-1])) {
/I need to extrapolate at end...
inti =v.size()-2;
while ((i > 0) && isnan(Vv][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...

inti=1,
while (i < v.size()) {
if (isnan(v[i])) {
/I OK start searching for next real number.
intj=1i

while (isnan(v[i])) ++i; // don©t need to worry about falling off the end

m = (V[i] - vj-1]) / (i- (- 1)) ;
a=vV[i]-m*i
place(v,j,i,m,a);

as dealt with above

++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 (lifs.eof()) {
count++;
vnl_matrix<double> data(60,40,0);
for (inti=0; i< 60; ++i)
for (intj = 0; j < 40; ++)){
vcl_string text;
ifs >> text;
datali][j] = strtod(text.c_str(),0);

[/l interpolate numbers...
if (data.has_nans()) {
vcl_cerr << "Missing data detected. interpolating..." <<

vcl_endl,
for (inti = O; 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);
}
}
/I to use with the eigen model, we now need to flatten the matrix into
a vector...
vnl_vector<double> vec(2400);
for (inti=0; i< 60; ++i) {
for (intj = 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_end];
builder.build(*model,wrapper);
vcl_cerr << "Saving model" << vcl_end|;
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) {
/I 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();
/I the following could be done much more efficiently, with more code.
/I but this stuff is not time dependent, and | can©t be bothered tonight...
Sxy = inner_product(x,y);
Sx2 = inner_product(x,x);
/I 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());

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

}

[l 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;
}

}

/l interpolate missing data into the vector, and extrapolate at either end if required...
void interpolate(vnl_vector<double> &v) {
/I first extrapolate at ends, so that we know what we®©re dealing with..
/I use simple linear interpolation. Will change if needed....
/I 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])) {
/IOK have to extrapolate out...
inti=1,
while ((i < v.size()) && isnan(V[i])) ++i;// find first real point...
if (i+4 > v.size()) {
/I complain bitterly
throw ("Not enough data points to extrapolate reliably™);
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/I use VI[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());
/I and now extrapolate...

regress(x,y,m,a);

place(v,0,i,m,a);

}
if (isnan(v[v.size()-1])) {
/I need to extrapolate at end...
inti =v.size()-2;
while ((i > 0) && isnan(Vv][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...

inti=1,
while (i < v.size()) {
if (isnan(v[i])) {
/I OK start searching for next real number.
intj=1i
while (isnan(v[i])) ++i; // don©t worry about falling off end as dealt
with above
m = (V[i]-v[-1)) /(- (- 1)) ;
a=vV[i]-m*i
place(v,j,i,m,a);
b
++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);

/l'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);

/l'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 (lifs) {
vcl_cerr << "Bad filename" << vcl_endl;
exit (1);
}else {
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vnl_matrix<double> data(60,66,0);
for (inti=0; i< 60; ++i)
for (intj = 0; j < 40; ++)){
if (ifs.eof()) {

vcl_cerr << "premature end of file" << vcl_endl;

exit(1);

vcl_string text;
ifs >> text;
datali][j] = strtod(text.c_str(),0);
}
/I interpolate numbers...
if (data.has_nans()) {

vcl_cerr << "Missing data detected. interpolating..." << vcl_endl;

for (inti = O; i < data.columns(); ++i) {
/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,
[lexit(1);
}

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

for (intj = 0; i < 40; ++i) {

vec[i*40 + j] = data[i][j];

}

}

/I 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);

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

}

}

7.10 do_classifier_test.cxx

/I do_classifier_test

/I run several classifiers as a leave_one_out sequence on data loaded from a file
/I the output vector consists of the first column of file data...

/I classsifiers to use

I

/I k-nearest-neighbour 1,3,5

/' linear-threshold

/I 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_Is_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[]) {
/l'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 (lifs.eof()) {
vnl_vector<double> line(cols-1,0);
ifs >> text;
outputs.push_back(atoi(text.c_str()));
for (inti = 0; i<cols-1; ++i) {
ifs >> text;
/I nans are automatically converted...
line[i] = strtod(text.c_str(),0);
stats[i].obs(line[i]); /feed in statistics
}
data.push_back(line);
}
/I normalise our data, printing out means and stdevs...
#ifdef normalise
vnl_matrix<double> mat(data.size(),cols-1);
/l'load up the matrix...
for (int i=0; i < data.size(); ++i) {
mat.set_row(i,datali]);
}

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;
/lcheck 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;
/I retrieve data from matrix...
for (int i=0; i < data.size(); ++i) {



data[i] = mat.get_row(i);

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

/I 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_Is_builder linear;
builders["Linear discriminator"] = &linear;
clsfy_rbf_svm_smo_1_builder svm;
svm.set_rbf_width(6.0);
/Isvm.set_bound_on_multipliers(10);
builders["Support Vector Machine"] = &svm;
for (vcl_map<vcl_string,clsfy_builder_base*>::iterator it = builders.begin();

it I= 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,

/I run the leave_one_out thang on each, and print out the results...
}else {
/I complain about bad filename...
vcl_cerr << "Need filename of data points..." << vcl_endl;
return 1;
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