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Abstract

This technical reportprovidesa brief overview of howhumanhandgesturescan
beusedin wearableHumanComputerInterfaces(HCI).
This report is dividedinto two parts,onedealingwith thedifferent technologies
that canbeusedto detect/recognisehandgesturesin wearableHCI systemsand
anotherpart focusingon oneparticular technology, namelythecomputervision-
basedtechnology.
Thefirstpart describesa numberof wearableHCI systemsthatusedifferenttech-
nologies in order to include gestures into their interface. Furthermore, it also
comparesthedifferenttechnologieswith respectto certaingeneral HCI aspects.
Thesecondpart describesa three-classtaxonomyfor thecomputervision-based
technologyandgivesexampleswithin each of theclasses.

1Thisresearchis in partfundedby theARTHUR projectundertheEuropeanCommissionsIST
program(IST-2000-28559).This supportis gratefullyacknowledged.
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Chapter 1

Intr oduction

Thepurposeof this technicalreportis to provide a brief overview of how human
handgesturescanbeusedin wearableHumanComputerInterfaces(HCI).

The context of the report is an EC-projectthat the laboratoryof Computer
Vision andMedia Technology(CVMT) is a part of. The projectis know asthe
”ARTHUR” projectwhichis shortfor: ”AugmentedRoundTablefor Architecture
andUrbanPlanning”. The purposeof this project is to bridgethe gapbetween
realandvirtual worldsby enhancingtheusers’currentworkingenvironmentwith
virtual 3D objects.

In theARTHUR projectCVMT is responsiblefor all computervision-based
algorithms. Theseinclude: trackingandrecognizingplaceholderobjects,head
tracking,andgesturerecognition. All algorithmsarebasedon input from head
mountedcameras.

Duringthefall of 2002andthespringof 2003amasterstudent,LauNørgaard,
wasworking on gesturerecognitionin thecontext of theARTHUR project,i.e.,
via headmountedcameras.His work is documentedin the thesis: ”Probabilis-
tic HandTrackingfor WearableGestureInterfaces”[24]. Themain text for this
technicalreportis takenfrom his thesis.

This reportis dividedinto two parts,onedealingwith thedifferenttechnolo-
giesthatcanbeusedto detect/recognisehandgesturesin wearableHCI systems
andanotherpart focusingon oneparticulartechnology, namelythecomputervi-
sionbasedtechnology.
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Chapter 2

Differ ent Technologiesusedfor
Including Gesturesinto Wearable
HCI

In this chapterwe describea numberof wearableHCI systemsthatusedifferent
technologiesin orderto includegesturesinto their interface.After thisdescription
wecomparethedifferenttechnologieswith respectto certaingeneralHCI aspects.

2.1 Summariesof Differ ent Systems

The“Tinmith-Hand”[29] is aglovebasedgestureinterfacesystemfor augmented
andvirtual reality. The systemprovidestwo typesof interaction. The first is a
menusystemwhereeachmenuitemis assignedto afinger, theitemis selectedby
touchingconductingpadson thematchingfingertipwith apadonthethumb. The
secondmodeof interactionis for manipulationof virtual 3D objects.This is done
by computervision basedtracking of markerson both handsin six degreesof
freedom.Themainapplicationfor theTinmith-handis outdooraugmentedreality
for 3D modelingof architecture.

Severalexisting virtual reality dataglovesareevaluatedin [36] andcriticized
for beingtooexpensiveandbulky for widespreadmobileuse.A lightweightinput
deviceis describedusingonly onebendsensorontheindex finger, anacceleration
sensoron thehandanda micro switchfor activation. Usertestindicatesthat the
developedinterface,with useof simplegesturesfor controllinginformationappli-
ances,is veryintuitiveandeasyto learn.Howeverseveraltestpersonscomplained
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aboutthenecessarycablesandotherphysicalpropertiesof theinput device.
A wirelessfinger tracker is presentedin [7]. An ultrasonicemitter is worn

on index finger andthe receiver, capableof trackingthe positionof the emitter
in 3D, is mountedon theHMD. This providesexcellentheadrelative trackingof
thefingerwith anexpectedresolutionof 0.5mmat adistanceof 400mmfrom the
HMD.

To avoid placingsensorson thehandandfingersthe“GestureWrist”usesca-
pacitivesensorsona wristbandto determinetheconfigurationof thefingers[31].
Thisis doneby measuringthecrosssectionalshapeof thewrist andusethebulges
andcavities madeby thesinewsmoving undertheskin. TheGestureWristis sen-
sitive to thepositioningof thesensorson thewrist andhasonly beenusedto dif-
ferentiatebetweentwo gestures(fist andpoint). On theotherhandall necessary
sensors,includinganaccelerationsensor, canbemountedin anormalwristwatch
andarethereforehighly unobtrusive. Furthermorethe article proposesthe Ges-
tureWristcombinedwith wirelesson-bodynetworking to avoid any cablesgoing
to thewristband.

Active infraredimagingcanbeusedto simplify the taskof separatinghands
andhandheldobjectsfrom thebackground,andis thereforeusedin severalwear-
able gestureinterface systems[33][38]. A sourceof infrared illumination is
mountednearto a camerafitted with aninfrared-passfilter. If thelight from this
sourceis significantlystrongerthantheinfraredpartof theambientillumination,
theimagecapturedby thecamerawill mainlybeproducedby light from thehead
mountedilluminant. As the intensityof the infraredlight decreasewith distance
from thesource,it is relatively simpleto separateobjectscloseto theheadfrom
objectsfartheraway.

In [38] a HMD mountedactive infraredsetupis usedfor fingertip drawing
andrecognitionof objectsheld in thehand.Objectrecognitionis madepossible
by addinga color camerato the infraredcameraon theHMD andusinga beam
splitter to give the two camerasthe exact sameimage. Herebythe object can
beextractedfrom thecolor imageusingthedepthinformationfrom the infrared
image.

The “GesturePendant”demonstratedin [33] is an active infraredcamerain
a necklace.It is a gestureinterfaceprimarily designedfor homeautomationand
asanaid for disabledandelderlypeople.Combiningtheactive infraredprinciple
with a fisheye lens an excellent imageof the wearer’s handsis obtained. The
Gesturerecognitionis performedwith HiddenMarkov Modelsbasedonthework
donein mobileinterpretationof signlanguage[35].

MultimodalinterfacesareproposedcombiningtheGesturePendantwith voice
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recognitionor trackingof thepersonspositionwithin thehome.Apart from con-
trol of the homeand informationappliances,the GesturePendantmonitorsthe
healthof its wearerby observingpathologicaltremorsin the gestures.The per-
formanceof the prototypesystemproved excellent in preliminaryexperiments.
Howeveraswith many othervision basedsystems,processingpower andbattery
life issueshave to besolvedbeforemobileuseis possible.

Wearablecomputervision basedgesturerecognitionand handtracking not
usingactive infrared andnot requiring the handto be marked are presentedin
[14], [10] and[43].

[14] combineshapeandskincolorbasedtrackingto createamouselike inter-
facewith distinctpoint-andclick gestures.Threeapplicationsarepresentedusing
the implementedmouse:A universalremotecontrol for electronicappliancesas
TVs andstereos.Securepasswordinput for augmentedreality. A realworld OCR
translatorcapableof selectingsignsandothertext by pointingandthentranslating
it from Japaneseto English.To provide thenecessarycomputingpower, thesys-
temdistributestheprocessingof thehandtrackingalgorithmbetweena wearable
computeranda remotehostthrougha wirelessLAN. By performingsomeof the
processinglocally thewearablecanprovide fasterresponsetimesandrobustness
to instabilitiesin theLAN dueto roamingor interference.

[43] presentsafingermenusimilar to the“Tinmith-Hand”[29] thoughthein-
terfaceis visionbasedandneedsaclearview of thehandandoutstretchedfingers.
A menuitemis selectedby simplybendingthecorrespondingfinger. Detectionof
thehandandfingersis accomplishedby pixel level color segmentationusingan
adaptivecolormodelto copewith variationsin skincolorandchangesin lighting.

Not specificallyaninterfacemodalityin itself, contextualawarenessis amajor
areaof researchwithin thefield of wearablecomputers[34]. Theideais to make
thecomputerobserve theuserandhis surroundings.This knowledgewill enable
intelligent interfacesthat adaptto the user’s immediateneeds.For examplethe
computerwill know not to interruptwith phonecalls or email in the middle of
a meetingunlessthereis an emergency. On the otherhandwhile driving a car
alonethe systemcannotify the userof incomingemailsby a spoken summary.
A long term goal is to have the computermodel the userandhis surroundings.
Predictionsbasedon this model will enablethe systemto retrieve information
beforeit is neededandhave it ready, whentheuserasksfor it.

In [34] computervision is usedto obtaincontextual awareness.Two cameras
aremountedon theusershead,onepointingforwardat thesurroundingsandone
lookingdown at thehandsandbodyof thewearer. Estimatesof theuserslocation
andcurrentactionsaremadeusingHiddenMarkov Models.
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Anotherexampleof contextualawarenessis DyPERS(DynamicPersonalEn-
hancedRealitySystem)[12], whereaudioandvideomessagescanbeassociated
with imagesof real world objects. Whenever the headmountedcameraseesa
known objectthecomputerplaysbacktheassociatedmedia. Many possibleap-
plicationsarelistedrangingfrom notetakingat a visualartsgalleryto anaid for
personswith poorvision.

2.2 Comparing the Differ ent Technologies

As canbe seenfrom the previous sectionmany different interfacetechnologies
andmodalitieshave beentried for wearablecomputers.The importanceof dif-
ferent characteristicsvary greatly with the application,and what is seenas an
advantageto someis a disadvantageto others.The generaladvantagesanddis-
advantagesof the mostcommoninterfacetechnologiesaresummarizedin table
2.1.

The interfacetechnologiescanbe divided into two groups:Devicesfor data
entryanddevicesfor selectionandfree form input. In thedesktopenvironment
theseareexemplifiedby thekeyboardandmouserespectively.

The datainput technologiesin table2.1 areall in a maturestateof develop-
ment,anddo not needresearchat thetechnicallevel. Thevision basedsolutions,
on theotherhand,still needmuchwork, but couldultimatelybecomevery intu-
itive interfacemodalities.

The free form input technologiesin table2.1 all have significantdrawbacks.
Systemsbasedonactiveinfraredposethesmallestproblemswith regardsto image
processing.But as they do not work in direct sunlight, they arenot applicable
for wearablecomputersfor both in- an outdooruse. Glove basedsolutionsare
consideredunfit for generalusein wearablecomputers,asthey prevent the user
from unrestricteduseof thehands.Consequentlyvision basedgestureinterfaces
notrelyingonactiveinfraredarethemostgenerallyapplicablesolutions.However
thesealsoposethelargesttechnicalchallenges.

6



In
te

rfa
ce

m
od

al
ity

H
an

ds
fr

ee
O

n
bo

dy
at

ta
ch

m
en

ts
Te

xt
in

pu
t

F
re

ef
or

m
in

pu
t

E
as

eo
fu

se
P

ow
er

co
ns

um
pt

io
n

P
ro

ce
ss

in
g

re
qu

ire
m

en
ts

Te
ch

no
lo

gi
ca

l
M

at
ur

ity

V
oi

ce
re

co
gn

iti
on

Y
E

S
-

P
os

si
bl

e
N

O
V

er
ry

go
od

Lo
w

H
ig

h
P

ro
du

ct
io

n

C
ho

rd
in

g
ke

yb
oa

rd
N

O
-

G
oo

d
N

O

�

H
ar

d
to

le
ar

n
V

er
y

lo
w

N
on

e
P

ro
du

ct
io

n

H
al

f
Q

W
E

RT
Y

N
O

Fo
re

ar
m

G
oo

d
N

O
G

oo
d

V
er

y
lo

w
N

on
e

P
ro

du
ct

io
n

G
lo

ve
ba

se
d

ge
st

ur
e�

N
O

S
en

so
rs

an
d

ca
bl

es
P

oo
r

Y
E

S
G

oo
d

Lo
w

Lo
w

U
sa

bl
e

V
is

io
n

ba
se

d
ge

st
ur

e
N

O

�

-
P

oo
r

Y
E

S
G

oo
d

H
ig

h
V

er
y

hi
gh

E
xp

er
im

en
ta

l

A
ct

iv
e

IR
ge

st
ur

e
N

O

�

-
P

oo
r

Y
E

S
G

oo
d

V
er

y
hi

gh
V

er
y

hi
gh

E
xp

er
im

en
ta

l

Table2.1: Strengthsandweaknessesof commoninterfacetechnologies.



Chapter 3

Computer Vision-basedGesture
Recognition

In thischapterwebriefly describehow computervision-basedgesturerecognition
canbe appliedin gesturerecognition. We structurethis descriptionvia a three
classtaxonomy. Formoreinsightinto thisresearchfield pleasereferto thesurveys
[16, 42,13, 27,40].

Gesturerecognitionsystemsin generalcanbe divided into threemain com-
ponents:Imagepreprocessing,tracking,andgesturerecognition. In individual
systemssomeof thesecomponentsmay be merged or missing,but their basic
functionalitywill normallybepresent:

1. Image preprocessing:The taskof preparingthe video framesfor further
analysisby suppressingnoise,extractingimportantcluesabouttheposition
of thehandsandbringingtheseonsymbolicform. Thisstepis oftenreferred
to asfeatureextraction.

2. Tracking: Onthebasisof thepreprocessing,thepositionandpossiblyother
attributesof thehandsmustbetrackedfrom frameto frame.This is doneto
distinguisha moving handfrom thebackgroundandothermoving objects,
andto extractmotioninformationfor recognitionof dynamicgestures.

3. Gesture recognition: Basedon the collectedposition, motion and pose
clues,it mustbedecidedif theuseris performingameaningfulgesture.

Theknowledgeaboutthehandsusedfor thetrackingandrecognitioncanexist
on differentlevelsof abstraction.Two main approachesexist in this regarddif-
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ferentiatedby whetherthesystemis basedonanabstractmodelof thehandor on
knowledgeof theappearanceof thehandin theimage:

1. Model basedapproach: A modelof the handis created.This model is
matchedto the resultsof the preprocessingto determinethe stateof the
trackedhand.Themodelcanbemoreor lesselaborate,from the3D model
with 27 degreesof freedom(DOF) usedin theDigitEyessystem[30] over
the cardboardmodel usedin [18] to a contourmodel of the hand seen
straighton [21]. In addition to the model of the handa model, of how
featuresin the imagecorrespondingto the real handareproduced,is re-
quired. This measurementmodelis neededin orderto determinethestate
of thehandmodelfrom theappearanceof thehandin theimage.

Continuouslyfitting themodelto thehandin thevideoframes,is a process
of trackingthecompletestateof thehandnot just its position.Thisprocess
isconsequentlycalledstatebasedtracking.If themodelcontainsasufficient
numberof internaldegreesof freedom,recognitionof staticgesturescanbe
reducedto inspectionof thestate.

2. Appearancebasedapproach: The tracking is basedon a representation
learnedfrom alargenumberof trainingimages.As noexplicit modelof the
handexistsall the internaldegreesof freedomwill not have to bespecifi-
cally modeled.

Whenonly the appearanceof the handin the video framesis known, dif-
ferentiatingbetweengesturesis not asstraightforward aswith the model
basedapproach. The gesturerecognitionwill thereforetypically involve
somesortof statisticalclassifierbasedonasetof featuresthatrepresentthe
hand,seee.g.,[1].

3.1 Gesturebasedinterfaces

A largepartof theliteratureongesturerecognitiondealswith recognizingsetsof
dynamicgestureseitherasindividual commandsto a computeror with the ulti-
mategoalof understandingsignlanguage.An exampleof thelatteris [35] which
proposesto recognisesign languagefor both desktopandwearablecomputers.
The obtainedresultswereactuallybetterwith a headmounteddownward look-
ing camerathanwith a staticdeskbasedcamera,astheheadmountedcamerais
insensitive to bodyposture.Therecognitionis basedon skin color segmentation
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to extracttheposition,shape,motionandorientationof thehands.Thehandsare
modeledasellipses,andthe systemis ableto obtaingoodperformancewithout
modelingindividual fingers. Using HiddenMarkov Models(HMM) continuous
recognitionof full sentencesof sign languageis accomplished,althoughthevo-
cabulary is limited to forty words.

Appearancebasedrecognitionof staticgesturesis presentedin [1], wherelet-
tersfromthehandalphabetarerecognizedbyprincipalcomponentanalysis(PCA)
and a Bayessianclassifier. The appearanceof the individual signsare learned
from a largenumberof trainingimages.ThePCA is usedto createa low dimen-
sionalfeaturespacein which handslocatedin thevideoframescanbecompared
with classesrepresentingthe definedgestures.The classesandthe correspond-
ing classifierarecreatedin an off line learningprocess.This is the principle of
”eigen-hands”inspiredby ”eigen-faces”,which areusedin facerecognition(see
e.g.,[37]). Themainproblemwith theseappearancebasedmodelsis thatthey are
view-dependentandthereforerequiremultipleviews in thetraining,seee.g.,[6].

In addition to the work on how to detectand recognizegestures,research
is being doneon designingintuitive andnaturalgesturesets[23], andon how
gesturesandbodylanguageareusedasapartof inter personcommunication[3].

3.1.1 Hand or finger tracking

Below webriefly exemplify our threeclasstaxonomyin moredetail.

ImagePreprocessing

Pixel level segmentation:
Regionsof pixelscorrespondingto thehandareextractedby color segmentation
or backgroundsubtraction.Thenthedetectedregionsareanalyzedto determine
thepositionandorientationof thehand. Thecolor of humanskin variesgreatly
betweenindividualsand underchangingillumination. Advancedsegmentation
algorithms,that canhandlethis, have beenproposed[43][5], however theseare
computationallydemandingandstill sensitiveto quickly changingor mixedlight-
ing conditions.In additioncolor segmentationcanbeconfusedby objectsin the
backgroundwith acolorsimilar to skincolor. Backgroundsubtractiononly works
on a known or at leasta staticbackground,andconsequentlyarenot usablefor
mobileor wearableuse.Alternativesareto usemarkerson thefingers[39] or use
infraredlighting to enhancetheskinobjectsin theimage,seee.g.,[26].
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Motion segmentation:
Moving objectsin thevideostreamcanbedetectedby calculationof inter frame
differencesandopticalflow. In [41] a systemcapableof trackingmoving objects
on a moving backgroundwith a handheld camerais presented.However, such
a systemcannot detecta stationaryhandor determinewhich of severalmoving
objectsis thehand.

Contourdetection:
Much informationcanbe obtainedby just extractingthe contoursof objectsin
the image[11]. Thecontourrepresenttheshapeof thehandandis thereforenot
directly dependenton skin color andlighting conditions.Extractingcontoursby
edgedetectionwill resultin a largenumberof edgesbothfrom thetrackedhand
andfrom thebackground.Thereforesomeform of intelligentpostprocessingis
neededto makea reliablesystem.

Correlation:
A handor fingertipcanbesoughtin aframeby comparingareasof theframewith
a templateimageof thehandor fingertip[4] [25]. To determinewherethetarget
is, thetemplatemustbetranslatedoversomeregionof interestandcorrelatedwith
theneighborhoodof every pixel. Thepixel resultingin thehighestcorrelationis
selectedasthepositionof thetargetobject. Apart from beingvery computation-
ally expensive templatematchingcannot copewith neitherscalingnor rotation
of thetargetobject.This problemcanbeaddressedby continuouslyupdatingthe
template[4], with therisk of endingup trackingsomethingotherthanthehand.

Tracking

On top of mostof thelow level processingmethodsa trackinglayer is neededto
identify handsandfollow thesefrom frameto frame.Dependingon thenatureof
the low level featureextraction,this canbedoneby directly trackingonepromi-
nentfeatureor by inferring the motion andpositionof the handfrom the entire
featureset.

Trackingwith theKalmanfilter:
Onewayof solvingtheproblemof trackingthemovementof anobjectfrom frame
to frame is by useof a Kalman filter. The Kalman filter modelsthe dynamic
propertiesof the tracked objectaswell asthe uncertaintiesof both the dynamic
modelandthe low level measurements.Consequentlythe outputof the filter is
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a probabilitydistribution representingboththeknowledgeanduncertaintyabout
thestateof the object. The estimateof the uncertaintycanbe usedto selectthe
sizeof thesearchareain which to look for theobjectin thenext frame.

The Kalmanfilter is an elegantsolutionandeasilycomputablein real time.
However, theprobabilitydistribution of thestateof theobjectis assumedGaus-
sian.As thisis generallynotthecase,especiallynotin thepresenceof background
clutter, theKalmanfilter in its basicform cannotrobustlyhandlerealworld track-
ing taskson an unknown background[11] [19]. However on a controlledback-
groundgoodresultscanbeobtained[30].

CONDENSATION:
An attemptto avoid thelimiting assumptionof normaldistribution inherentin the
Kalmanfilter was introducedin [11] anddenotedthe CONDENSATION algo-
rithm. Theapproachis to modeltheprobabilitydistribution with a setof random
particlesandperformall theinvolvedcalculationson this particleset.Thegroup
of methods,to which the CONDENSATION algorithm belongs,are generally
refereedto as: Randomsamplingmethods,sequentialMonte Carlo methodsor
particlefilters.

Very promisingresultshave beenobtainedusingrandomsamplingin a vari-
ety of applicationson complex backgrounds.[8] and[9] proposea combination
of appearancebasedeigentracking[2] andCONDENSATION for gesturerecog-
nition. SequentialMonte Carlo methodsandadaptive color modelsareusedin
[28] providing robust trackingof objectsundergoingdramaticchangesin shape.
To the taskof faceandhandtracking,motioncluesarecombinedwith thecolor
information,to eliminatestationaryskin coloredobjectslike woodendoorsand
desks.[22] useskin color segmentation,region growing andCONDENSATION
for simultaneoustrackingof bothhands.Solutionsto handleocclusionsarepro-
posedresultingin reliableoperationeven when the blobscorrespondingto the
handsmergefor extendedperiods.

In [15] a handmodelconsistingof blobsandridgesof differentscalesrepre-
sentingthepalm,fingersandfingertipsis usedwith particlefiltering to track the
positionof thehandandtheconfigurationof thefingers.Realtimeperformanceis
obtainedbut themodelandstatespaceis limited to 2D translation,planarrotation,
scalingandthenumberof outstretchedfingers.

[21] proposea method,calledPartitionedSampling,for trackingarticulated
objectswith particle filters without requiring an unreasonableamountof parti-
clesto copewith the resultinghigh dimensionalstatespace.The solutionis to
first locatethebaseof theobjectandthendeterminetheconfigurationof attached
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links in a hierarchicalway. As anexampleof this, a handdrawing applicationis
presented.Thepartitionedsamplingis usedby first locatingthepalmandsubse-
quentlydeterminingtheanglesbetweenthepalmandthethumbandindex finger.
Theseanglesareusedto differentiatebetweena small numberof gesturescor-
respondingto drawing commands.Trackingis basedon a splinedescriptionof
the contourof the handbeing fitted to edgesin the imageand combinedwith
skin color matchingaspresentedin [19] and[20]. Detailedmotion modelsand
backgroundsubtractionis usedto limit theeffectof clutter.

Recognition

Usually theclassicalalgorithmsfrom thefield of patternrecognitionareapplied.
TheseareHiddenMarkov Models,correlation,andNeuralNetworks. Especially
the two first have beenusedwith successwhile theNeuralNetworksoftenhave
the problemof modellingnon-gesturalpatterns[17]. For more insideinto how
HiddenMarkov Modelsandcorrelationcanbeappliedin gesturerecognitionsee,
e.g.,[32][17][35] and[4][1][6], respectively.

13



Chapter 4

Discussion

In this report we have donetwo things. Firstly, we have tried to give a brief
overview over the different technologieswhich areappliedin wearableHCI in
order to includegestures.Secondly, we have tried to give a brief overview of
computervision-basedgesturerecognition.

We weresurprisedto seethe greatvarietyof differenttechnologiesusedfor
includinggesturesinto HCI. Onereasonmightbethefactthatthecurrentstateof
theart in computervision-basedgesturerecognitionis not impressive.

Besidesgettingagoodoverview, readingthroughtheliteraturealsoallowedus
to identify desirablecharacteristicsof a technologyusedin wearableHCI. These
arelistedbelow.

1. Robust initialization and reinitialization: The handcanbe expectedto
enterandexit from theview frequently. Thereforethetracker mustbeable
to quickly reinitializeitself, andareliableestimationof whetherthehandis
presentor notmustbeobtainable.

2. Robustnessto background clutter: Objectsin thebackgroundshouldnot
distractthetracker, notevenif theseobjectsareof skincolor.

3. Independenceof illumination: As the tracker is to be usedin wearable
applications,it mustbeableto copewith changingandmixedlighting con-
ditions.

4. Computationally effective: Mobile processorstendto besignificantlyless
powerful than their desktopcounterparts.Algorithms requiringextensive
computationalresourcesshouldthereforebeavoided.
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