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Abstract

A systemfor the simulation of needleinsertion procedures
under ultrasound guidanceis presented. This is a core
skill in interventional radiology currently acquiredon an
apprenticeshigpasis. The systemis designedo improve the
early stagesof training, and detectpeoplewith poor natural
ability. The simulator is basedon a volumetric data set
whichis non-rigidly alignedto a physicalmannequirsurface.
Magnetic3D positionsensorsallow the generatiorof “virtual
ultrasoundimagesbasedn the positionof amockultrasound
probeandneedle.The calibrationproceduresequiredfor this
arepresentedMetricsfor skill measuremerdrepresenteénd
evaluatedandit is shavn thata setof 10 novice usersncrease
their skill levelsafterstructuredpractice.

1 Intr oduction

Needle placementunder ultrasoundguidanceis a core skill
in interventionalradiology In suchproceduresa needle(or
similardevice)is insertednto a patientwith real-timefeedback
from a 2D ultrasounddisplay Examplesof suchprocedures
include:

Drainageof abscess

Drainageof uid collectionsin theabdomen(ascitesand
chest(pleuraleffusion)

Relief of blockagesffectingthekidneys or theliver

Insertion of cathetertubesinto blood vessels. (NICE
guidelines recommend use of ultrasound whenever
possible)

Biopsyof deeptissuessuchasabdominalbrgans
Treatmenbf cancerdy radiofrequenyg ablation

The spatial reasoningand hand eye co-ordination skills
required to perform such proceduresare non-trivial to
acquire. Interventionalradiologicaltraining is corventionally
performedon the basisof obsenation of mary procedures,
followedby subsequergupervisegractice(known in medical
circlesasthe seeone do ong tead oneparadigm[13]). With
the increasingnumberof traineescomingthroughthe system
this approachis of increasingconcern. Tafra [12] compares
thetrainingof pilotsto suigeons;‘It is frighteningto speculate

the level of mortality that might ensueif pilots receved the
samelevel of training that suigeonsare currently subjectedo
in learningnew sumgical procedures.

One solution to the training problemis training simulators.
Physical ultrasound breast phantoms suitable for biopsy
training exist (e.g. from SIEL Ltd.)). However, these
are insufcient as it is necessaryto train on a range of
abnormalitiesand anatomy even for simple procedureg12].
Suchphantomsalsorequirethe useof anexpensve ultrasound
machine.An alternatie is computerbasedsimulations.These
fall into two generalcategories;i) Virtual reality simulators,
in which the complete ervironment is simulated within a
computerandii) Augmentedreality simulators,in which part
of the simulationis physical, and part computergenerated.
The systempresentedn this paperfalls into the latter class.
Keepingasmuchaspossiblein the physicaldomainimproves
the correspondencdetweenthe simulation and the actual
procedure. Past experiencealso suggestghat therehasbeen
considerablauptale of mannequinbasedsimulatorsfor non-
invasive proceduresn a clinical training setting(for example
commercialproductsfrom METI andLaerdal),while thereis
relatively little useof computer/VVRonly solutions.

Our initial prototype systemis basedaround a physical
(mannequinbased) simulation, augmentedwith computer
generatedvirtual' ultrasoundimagery Imagesare derived
from 3D scansof humansubjectswvhich may be interchanged
to give a wide range of abnormalitiesand anatomiesfor
training. An initial evaluationhasbeenperformedusinga set
of unskilledindividualsanda setof trainedclinicians. Thishas
allowed the developmentof metricsfor the measurementf
skill/skill acquisitionfor theseprocedures.Potentiallysucha
systemcouldbeusedto identify individualswith little aptitude
for thesetasksat an early stage,and redirectthem to other
areaf clinical practice(clinical feedbacksuggestsherearea
signi cant minority of suchindividuals). Thesemetricscould
alsobe usedto measureskill developmentprior to practiceon
live patients.

2 Background

Computer based clinical simulators have been under
development for over ten years. However, the realism
and purposeof these simulators varies from one instance
to another Many simulatorsare entirely basedaround a
conventionalcomputersetup(CPU, keyboard,screenmouse).
Thesedo not aim to recreatethe entire procedure,rather
certainvisual aspect®of the proceduresuchastheradioactve



seedmplantationmodelledby [1]. Suchsimulatorshave quite
awide scopefor usein planningof needleinsertion[14] and
other proceduresput are of limited usefor training beyond
the early stages. More complex setups,basedaroundvirtual
ervironments, haptic feedbackdevices and/or mannequins,
canbe usedto provide morerealistic experiencefor training.
However, the uptake of such systemsin interventional
sumical/radiological training is not generally high. The
principal successof simulation for invasive procedureshas
beenin endoscop relatedprocedurege.g. [8, 6], andvarious
commercialproducts). This is primarily due to the original
procedureusing video display technology as the primary
visual feedback,and the physicalinterface being reasonably
simple. To quote[6]; “The bene ts of endoscopidraining
through computer simulation, rather than the traditionally
performedone-to-oneapprenticeshischemesare now well
acceptedin the community” (although supervisedpractice
is still an essentialpart of training). Similarly simulators
for variousteleoperategroceduressuch as eye procedures
[11], are available. Simulationof more complex procedures
(in terms of the perceptualernvironment) is still an active
researchtopic. Holbrey et al. [10] presenta systembased
on a haptic feedback device, stereo display and Finite
ElementModelsfor vascularsuturing(stitching) training. A
variety of simulatorsexist for a rangeof minimally invasive
proceduresGormanetal. [9] presenta systemincorporating
a mannequinand a haptic feedbackdevice for the simulation
of lumbar (back/spine)punctureprocedure. This procedure
relieson tactile feedbackand of ine CT data,andso hasno
real-timevisual feedback(as part of the realistic part of the
simulation). Simulatorsfor uoroscopy (real-time, or near
real-time, X-ray base®D imaging)guidedprocedure$l3, 4]
(see also PERC Mentor: www.simbionix.com) are closer
in natureto the ultrasoundguided simulation we present.
However, thesediffer fundamentallyin the way the imaging
is steered(or not) physically Direction of imaging is far
lessimportantwith uoroscopy than with ultrasounddue to
the absorbeng/re ection propertiesof ultrasound. However,
ultrasoundis inherently safe, where as exposureto X-ray
should be minimised. The commercial product UltraSim
(www.medsim.comimulateaultrasoundmagingwithoutary
interventionalprocedure. This simpli es the implementation
someavhat. UltraSim is primarily usedfor diagnosistraining
(ratherthaninterventionaltraining). DiMaio andSalcudea5]
presenta fast Finite Elementmodelfor the haptic modelling
of needleinsertion that could be addedto our system(see
discussion).We do not know of ary simulatorfor ultrasound
guided needle insertion other than the 2D computer only
simulation mentionedpreviously [1], which doesnot model
probemotionor ary 3D aspecbf thetask.

3 Simulator Implementation

Our simulator ( gure 1) is basedarounda relatively simple,
low cost, hardware setupconsistingof a standardPC (Dual
P3 3GHz, 2GB ram, running Microsoft Windows XP™), a

full size plastic torso mannequin,and a pair of Ascension
PCIBirdsMmagnetic3D position/orientatiorsensors.One of
the sensorsis rigidly attachedto a mock ultrasoundprobe,
and the other attachedto a woodenneedlevia. a sliding
mechanism.Softwareis implementedn C++ usingopenGL
Figure2 shavsthesystemin use.

Needle
Ultrasound Robe (With sliding 3D position
(With 3D position Sensor) Sensor)

Mannequin

Standard PC

Figurel: Overview of hardwaresetup

Figure2: Thesimulatorin use

The software producesa ‘virtual' ultrasound image on
a dedicated screen reconstructedfrom volumetric data
obtained from a human subject (registeredto the surface
of the mannequin,section3.1). The imageis producedby
rasterscanningthrougheachpixel in the ultrasoundportion
of the image (gure 3), and projecting each point to the
correspondingointin 3D spacebasedon the positionsensor
output. The 2D image formed from the correspondingB3D
positiongreylevels,andabackgroundmage,is renderedising
openGL

Theprojectionof thex; y imagepixel locationinto 3D spaceas
givenby equationl.

X3d = Spos + Kp2d(x Ox)Sdir + Kp2d(y oy)Sor 1



Figure3: Themainultrasoundvindow

Where Sy0s is the sensorpositionin 3D space, Sy is the
sensordirection (unit) vectotr S, is the sensororientation
(unit) vector Kpog is a constantrelating pixels to inches,
andOy; Oy is theimagepoint relatingto the sensorposition.
Spos, Sdir and Sy, arethe outputfrom a calibrationfunction
appliedto thesensoputputs ratherthantheraw sensooutputs
(seesection 3.2). The greylevel value at the image pixel
correspondindo x; y is calculatedby projectingX 34 into the
volumespacegsection3.1),andperforminglinearinterpolation
from the 8 neighbouringvoxel greylevels.

Theneedleis renderedlirectly into (a copy of) the volumetric
data. Voxels relating to the needleare identi ed by rst
de ning aline in 3D spacebasedon the outputof the second
positionsensorasde ned asin equation?.

X = Sposz2 + dSyir 2 2)

Where0 < d <needlelength. As with equationl, Spes2 and
Sqir 2 arethe outputfrom a calibrationfunction appliedto the
sensomutputs,ratherthanthe raw sensomutputs(seesection
3.2). Theline is projectedinto the volume space(section3.1)

and the greylevel of voxels within R (the needleradius) of

the line (measuredn a direction normal to the line) are set
to maximum(i.e. white). Renderinginto the volume (rather
thanthe 2D image)hastwo advantagesi) Renderingneednot

be at the sameupdaterate as the image update,andii) The
calculationof the 2D projectionis trivial, asit is doneaspart
of the projectionof the volume(i.e. no additionaleffort). The
truebene t of ii) would be obsenedif amorecomplex shape,
suchas a biopsy needle(ratherthan simply a cylinder) was
renderedaswe planin thefuture.

3.1 Registration of Volumetric Data to Mannequin
Surface

As statedpreviously, the simulatorrenders virtual ultrasound'
imagesbasedon volumetricdataacquiredfrom real humans.
We currentlyuseCT datafrom the Visible Humandatasef2],

althoughary volumetric data (CT, MRI or 3D Ultrasound)
could be used. This datais registeredto the surface of the
mannequirin a 3 stageprocess Firstly, surfacesareextracted
from the volumetric data and mannequinas point clouds.
The surface on the volumetric datais extractedby 2D hand
annotatiorof slices( gure 4), andthesurfaceof themannequin
is extractedby passinga (calibrated)motion sensorover the
surfaceof themannequir( gure 5).

Figure4: Handannotatiorof surfacein CT volume

Figure5: A Pointcloudsurfaceof themannequirin formedby
motionof the 3D sensooverthesurface

The secondstageof registrationis a rigid alignmentof the
two datasets. To do this we usethe Iterative ClosestPoint
Algorithm (ICP) [3]. This is an iterative local optimisation
algorithm,the succes®f which dependn theinitial starting
alignment. ICP locally minimises mean-squaredistance
betweentwo point sets. To ensuresuccesgin practice),it is

usualto use multiple startingcon gurations[3], to obtaina
globally optimal registration. We take this approach. Firstly

we align the meanof the volumetric datasetto the meanof

the mannequirdatasetandscalethe volumetricdatasetasin

equation3.
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WhereX ynew; is thetransformatiorof the volumepoint X, ,
N is thenumberof pointsmakingup the mannequirsurface,
Ny is thenumberof pointsmakingupthevolumesurface X p;
is a point on the mannequirsurface,and X ,, andX, arethe
meansof the mannequirandvolumesurfacesrespectiely. K
is aconstan{around2.5) thatensureshetransformedrolume
surfaceis largerthanthe mannequirsurface. This (in general)
preventsthe ICP algorithmshrinkingthe volumetricsurfaceto
t justasubsebf themannequirsurface. ThelCP algorithmis
appliedmultiple timeswith thetransformedsolumetricsurface
data, further transformedby a randomrotation, displacement
and scaling, as a startingpoint. Of the multiple registration
solutions the solutionwith the lowestscalenormalisednean-
squarecerroris selected Scalenormalisednean-squaredrror
(Esnmse ) is calculatedasin equatiord.

AN
s N, %
Vi=l

WhereS is the scalecalculatedby the ICP algorithm, X, isa
pointon thevolumesurfacetransformedy thetransformation
calculatedby the ICP algorithm,and C, (X;,) is the closest
point on the mannequinsurfaceto X,,. The use of this
(scalenormalised)metric rejectsary solutionswherethe ICP
algorithmhassigni cantly shrunkthe volumetricsurface(we
alsoexplicitly rejectsolutionswith a scalebelow athreshold).
A typical registrationresultof this algorithmis givenin gure
6. In our experiences0 randomstartingpointsis sufcient to
robustly give resultsof this quality.

Cm (Xr,)j? (4)

Esnmse =

Figure6: Resultof rigid registrationusingmultiple startiICP

The ICP basedrigid registration algorithm describedaligns
the volumetric and mannequin surfaces reasonablywell.
However, for the surfacesto be completelyaligneda non-rigid
registration processis also necessarydue to differencesin
the shapeof the surfaces(particularly aroundthe belly). We
formulate this non-rigid registration as the estimationof a
guadraticmappingfunction that mapsthe volumetric surface
onto themannequirsurfaceasin equations.

0 1 01 0 ) 1 0 1
Xnew X X Xy

@YHeW A = K o] + K X C@y,A + K XX @yZA + K Xy @XZA (5)
Znew z z? yz

Where K. is a 3 1 matrix, and Ky, Kyx and Ky are
3 3 matrices. Equation5 de nes a 3D warp that may be
appliedto volumetricdata. If a setof point correspondences
(>> 10 correspondencesre known, the valuesin K., Ky,
K andK,, maybeestimatedisingaleast-squareapproach
(appliedseparatelyffor eachdimension(x,y,z)). However, we
desirea smoothmappingfrom a (relatively) small numberof
correspondencedo to achiese this we addsomesmoothness
constraintsto the leastsquaresset of equations. For the x
dimensionmapping:

dXnew _ .. AXnew — dXpew _
x b =0 =0 ©)
andfor they dimensionmapping:
dYnew — A dynew — 1. dYnew _
dx O &=L dz 0 (7)
andfor the z dimensionrmapping:
dZpew _ - dZnew — (- dZpew _
R i I el ®)

Theseconstraintsare selectedto force the transformto be
as close as possibleto an unrotatedrigid mapping. The
constraintsare implementedas soft constraintsby including
3 equationgelatingto eacheachvolumetricdatapointin the
setof equationspresentedo the least-squaresolver (i.e. 4
simultaneougquationgerpointareused,onefor themapping
anda3 for the constraints).

To obtainthe pairs of correspondence®quiredfor the non-
rigid estimatiomprocesslescribedve useanapproactbasecn
the RanSaCalgorithm([7]. This commonlyusedalgorithmin
model tting and3D geometnyis basedn athreepartsample,
estimateandverify approach A smallsetof correspondences
is sampledfrom the setof possiblecorrespondencdsasedon
someprobabilisticmatchingcriteria. This setis thenusedto
estimatethe model parametergthe quadraticfunction in our
case). The modelis thenveri ed by applicationto the entire
datasetusinga“Consensugunction”. The processs repeated
mary times, and the model with the highest “consensus”
selected. The model may then be re-estimatedbasedon a
larger set of correspondencesalculatedusing the selected
model. Our RanSaCcorrespondencasampling probability
densityis basedon the euclideandistancebetweenpotential
correspondance®rmalisedy theminimumdistancebetween
thevolumepointandary pointonthe mannequirsurface,asin
equatiord.

Eq(v;m)
Ea(V;Cm (V)

Where E4(x;y) is the euclideandistancebetweenpoints x
andy. A Ny, Ny, surfacepoint similarity matrix is formed
basedon equation9, which is binarisedusinga threshold(Tq,
typically 1.3),asin equationl0.

©)
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This excludesa large proportionof possiblepoorly matching
correspondencedround 20-30correspondencgertrial are
selectedrandomly from the non-excluded (true) matches,in
orderto calculatethe mapping(equation5). Typically 100
trials areperformedn orderto selectthe bestmapping.

The consensusgunction (C) usedto selectthe nal mapping
from the setof candidatemappingss basedon the proportion
of transformedvolume surface points that are within a x ed
thresholdof a mannequimpoint (P;).

_ # pointswherejX p,
= N

Cm(xnri)j < T

C (11)

Where X, is thei'th non-rigidly registeredvolume point,
and T, is a threshold(typically 0.05timesthe meandistance
of the mannequinpoints from the mannequincentroid). The
solution with the highestvalue for C is selected,and the

mappingre-calculatedasedn alargersetof correspondences

made up of the closestmannequinsurface matchesto the
transformedrolumesurfacepointswherethedistancebetween
correspondenceis belown the thresholdT.. In practicethis
(generally) has the effect of increasingthe consensuwalue
(C) for the nal solution(if notthe original mappingis used).
Typicalresultsof this procedurearegivenin gure 7.

Figure7: Resultsof non-rigidregistration

The quadraticfunction is usedto warp the volumetric data
of ine to a new volume (with arbitrarily sizedcubic voxels).
The warp is performed by calculating the corresponding
position in the original volume to eachvoxel in the new
volume using i) a x ed scaling and offset derived from
the choice of voxel size/rangein the newv volume, ii) The
inverseof the quadraticfunction, and iii) the inverserigid
mapping. To calculateii) we initially calculatea quadratic
approximatenverseby swappingthe (rigidly-aligned)volume

and mannequinsurface point setsin the last stage of the

non-rigid estimationprocess. The output of this function is

thenusedasaninitial valuefor the calculationof anaccurate
inverse of the forward function using Newtons method
(typically only 2 or 3 iterationsarerequired).Oncethewarped
volumehasheenformedon-linecalibrationis simply matterof

arigid scaleandoffsetbetweerthevolumeco-ordinatesystem
andtheworld co-ordinatesystem.

3.2 Calibration of Probeand Needle

The motion sensorausedoutput3D position, orientationand
rotationinformation.Dueto the practicalconstraintoon sensor
placementit is not alwayspossibleto placethe sensorat the
positionthat we want to measurge.g. the centreof the end
of the probe),or orientit in the directionwe wantto measure.
However, it is possibleo rigidly attachthesensorandestimate
a calibrationfunctionto mapthe sensorvaluesto the desired
values. The raw outputof the sensorsnay be visualisedasa
pointandtwo vectorsasshavnin gure 8.

S

Figure8: Raw sensomwoutputasa pointandtwo vectors

Probepositioncalibrationis performedasthe estimationof an
offsetfrom S, in the frame of referencede ned by Sy and
S,. Thisis in facta 3 degreeof freedomestimationproblem,
thuswe introducethevariable , anangleusedto rotatethe S,
vectoraboutSy (thusallowing the calibrationpoint to be off
theplanede nedby S, andSy). Equationl2 relateghesensor
outputsto the calibrationpoint (Cy).

WhereR () is arotationof aboutSy , asin equation13
(effectively de ning athird axisusingthe crossproduct).

01 1
X XCOS + (Sg,z  Sg,Y)sin
R @A = @ycos + (Sg,x Sg, z)sin A (13)
z zcos + (Sgq,y Sy, X)sin

Substitutingl3into 12 andrearrangingives:
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S,
Equationl4is in aform wheretheunknavns(Cg, d;, d> cos
andd; sin ) maybeestimatedrom multiple uniqueexamples
usinga standardeast-squaresolver (e.g. the dgelsroutinein
the LAPACK library). To obtaina setof valuesfor the least
squaresolver a setof (around30) samplesaretakenwith the
calibrationpointrestingona x edpoint, asillustratedin gure
9.

/

Figure 9: Sensorcalibration data obtained by xing the
calibrationpointandmoving the sensor

Thetwo probedirectionsCq andC, (analogougo Sy andS,)
areestimatedby moving the probein thesedirections,taking
samplesat approximatelyuniform spatialintervals. Eachpair
of samplesgives an estimateof Cq4 (or C,) in world co-
ordinates(V;,, a unit directionvector). This may be projected
into the co-ordinatesystemde ned by S4,S, andS; (thecross
productof Sy andS,) for the rst of thesesamplesWe perform
this projectionusingtheleast-squaresolutionto the systemof
equationgivenby:

Vi = (Kg; Kp;K3)(Sq, ; So, ; S, ) (15)

WhereK ¢4, K, andK 3 arescalarunknovnsthatde ne Cq4 or
Co w.r.t. the co-ordinatesystemde ned by vectorsSy, , So,
andSs, .

Needlecalibrationis initially basedon the samemathematical
approachas for the probe position calibration. Figure 10
illustratesthe dataacquisitionin this case.

Needlecalibrationis performedmultiple times (typically 5)
with differentvaluesof D,. Thesecalibrationsare projected

\

Figure 10: Needle calibration data obtainedby xing the
calibrationpoint (andD ) andmoving the sensor

into the spacede ned by Sy, S, and S3, and Principal
ComponentsAnalysis performedto extract the eigervector
with the highestvariance. This corresponddo the needle
direction(analogougo Cq in theprobecase).Eachcalibration
is projectedonto this principal eigervector (using the dot
productof the calibrationand the vector), and the resulting
vector (projection eigervector) subtracted from each
calibration. The meanof theseresultantcalibrationsis taken
asthe nal needlecalibration.N.B. Therotationof the needle
is notrelevantfor this application.

4 Evaluation of Skill Acquisition

Oneof the principalaimsof the systemdescribedn this paper
is the measuremenof operatorskill. In orderto measure
skill qualitatvely and automaticallywe have developeda set
of metricsfor the evaluationof sessionsepresenting single
attemptat nding andhitting a targetwith a needle.The aim
of thesemetricsis to measureabsoluteskill, for skill level
determination,and relative skill, for learningevaluation. If
it is possibleto differentiate betweenskilled interventional
radiologistsand novice users,this is also a partial validation
of therealismof the simulator

The simulator allows the recording of sessionsfor later
analysis. The rst stageof this analysisis the identi cation
of the time period that representshe needleinsertionevent.
This is performedusing a simple line-surface intersection
algorithm,wherethe skin surfaceis representetly atriangular
mesh( gure 11).

We de ne a setof 34 metricsbasedon a numberof principals
suggestedy skilled clinicians (table 1). 5 sessiondrom 3

consultantradiologistswere taken to give an estimateof the
distribution of thesemetrics for such skilled operators. A

set of 10 novices, with no experienceof real or simulated
needleinsertionprocedureswasrecruited. After brief period
of familiarisationwith the ideasbehindthe proceduregbut no
practice)4 sessionsrom eachnovice (with a differenttarget
position for eachsession)were recorded. The metricswere
calculatedfor eachnovice and expert sessionand evaluated



Figurell: Visualisatiorof arecordedsessiomwith skinsurface
representedsa triangularmesh

basedon their ability to differentiatebetweenthe novice and
expert sessiongusingthe t-test). Table 2 lists the 10 metrics
wheretherewas a statisticallysigni cant difference(P< 0.05)
betweerth expertandnovice sessions.

Metrics

Mean/max/stddev. of needletip distance
from entry/mean/optimdine

Mean/max/stddev. of needleanglefrom
entry/mean/optimdine

% time needletip visible

Mean/max/stddev. of needletip distance
from ultrasoundprobeplaneat needleentry/
meanultrasoundpblane

Mean/max/stddev. of needleanglefrom
ultrasoundprobeplaneat needleentry/
meanultrasoundorobeplane

Mean/max/stddev. of anglebetween
ultrasoundplaneandultrasoundplaneat
needleentry/ meanultrasoundplane

% time targetin view

Mean/max/stddev. of distancebetween

Principal
Theneedleshouldtravel

in astraightline between
its entrypointandthetamget

Theneedleshouldbevisible
in theultrasoundmage

Theultrasoundorobeshould
not move signi®cantlyafter
needlensertion
Thetargetshouldbevisible
in theimagewhile theneedle

isinserted tamgetandultrasoundorobeplane
Table 1: Principals and Metrics for the comparison of
performance

The setof noviceswere allowed a 20 minute practiceperiod

with multiple new targets (as requested),before being re-

testedon 4 new targets. The completesessiontook around
40 minutes per novice (including the two testing periods).
An identical sessiorwas conductedafter a gap of a week, to

simulatea realistictraining schedule.For brevity we present
only an analysisof theimprovementin performancdrom the

beginning of the rst sessiorto the end of the secondsession
w.r.t. themetricsselectedtable3).

8 of the 10 novices showved a statistically signi cant
improvement (P< 0.05) w.r.t. at leasttwo of the metrics.
Table3 shavs betweenl and5 novicesshaved a statistically

Metric P Novice Expert
mean[var] mean[var]
Closestist. of n.tipto target 1:86e 11[0.792[0.247] |0.247[0.00099
Meann.tip dist. from optimalline|2:89e 7 [0.783[0.219] (0.316[0.0042]
Meann.anglefrom US plane 1:11e 6 |0.271[0.054] |0.061[0.00062]
Meann.tipdistfrom USplane |5:21e 6 [0.527[0.123] (0.168[0.0067]
S.D.n.tipdistfrom US plane 2:21e 5 |0.283[0.025] (0.126[0.0018]
Max. n.anglefrom US plane 6:14e 4 |0.451[0.108] |0.238[0.0046]
S.D.n.tipdistfrom optimalline [0.0021 |0.316[0.041] |0.209[0.0010]
Meann.anglefrom optimalline [0.011 0.383[0.104] [0.206[0.011]
Max. n.anglefrom optimalline |0.011 0.509[0.117] |0.337[0.010]
S.D.n.anglefrom US plane 0.019 0.073[0.0054]0.044[0.00020]

Table2: Metrics for the comparisorof performancgordered
by t-test statistical signi cance P). Distancesare in inches,
anglesarein radians.

Metric # Subjectamproved # Subjectsdeteriorate

Closestist. of n.tipto target
Meann.tip dist. from optimalline
Meann.anglefrom US plane
Meann.tip distfrom US plane
S.D.n.tipdistfrom US plane
Max. n.anglefrom US plane
S.D.n.tip distfrom optimalline
Meann.anglefrom optimalline
Max. n.anglefrom optimalline

WEPNWNWAaWWD™
NOOOOOOOOO

S.D.n.anglefrom US plane

Table 3: Statistically signicant (t-test, p<0.05)
improvement/deterioratiorof performancefor 10 subjects
w.r.t. metrics

signi cant improvementimprovementfor eachmetric. For

only one metric (standarddeviation of needleanglefrom the

ultrasoundprobe plane) was there a statistically signi cant

deterioratiorin performancéfor two novicesonly). Thisis the

metric we have leastcon dencein (table2). As otherrelated
metrics shav an improvementin performancethis leadsus

to believe this metric may not be 100% reliable. However,

theresultsof the t-testsdo not give the completepicture. The

variancein theinitial datasetsis high, asthereis a signi cant

randomelementto the novice usersapproachinitially. This,

combinedwith therelatively smallsamplesize (4 pernovice),

meansarelatively largeimprovementis requiredto bedeemed
“signi cant' (at 95% con dence). Table 4 gives statisticsfor

improvementin meanmetric values,and reductionin metric
variancesover the sameexperiment. The distribution of the
t-testP valueis alsogivenfor subjectsvherethe meanmetric
valueimprovedover the experiment.

Every novice shaved an improved metric meanfor at least
6 metrics, with 7 novices shaving an improvementin 9 or
10 metrics. Similar resultswe obtainedfor metric variance
reduction.Theseresultsshov moresubtleimprovementamay
be quanti ed. It shouldbe notedthat, althougha measurable
increasean performancavas madeby the novices,the expert
groupwerestill signi cantly betterthanthe novices.Thisis to
be expectedasmedicaltrainingcompriseof rathermorethan



# Subjects# Subject$P [sd]
Metric Improved | Reduced |wheremean

Mean Variance |improved
Closestist. of n.tipto tamet 10 8 0.125[0.123]
Meann.tip dist. from optimalline | 10 9 0.151[0.139]
Meann.anglefrom US plane 9 9 0.116[0.084]
Meann.tip distfrom USplane |10 7 0.130[0.144]
S.D.n.tipdistfrom US plane 8 8 0.086[0.080]
Max. n.anglefrom US plane 8 9 0.148[0.126]
S.D.n.tipdistfrom optimalline |9 9 0.160[0.150]
Meann.anglefrom optimalline |9 7 0.141[0.103]
Max. n.anglefrom optimalline |6 7 0.162[0.150]
S.D.n.anglefrom US plane 5 7 0.207[0.150]

Table 4: Meansharianceimprovementfor 10 subjectsw.r.t.
metrics

two 40 minutesessions.

5 Discussionand Futur e Work

A systemfor the simulation of needleinsertion procedures
in interventional radiology has beenpresentedand its use
in training discussed. It hasbeenshawn that it is possible
to measureskill levels. However, further evaluation based
aroundreal proceduress still requiredto determineif these
skills transferto real world procedures A numberof realism
improvementsare plannedincluding; deformationmodelling,

haptic feedbackand improved image realism. We plan to

evaluatethe necessityof eachof thesew.r.t. skill acquisition.
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