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Abstract

We describethe developmentof a vision systemto detectnaturaleventsin

a low-resolutionimagestream. The work involvesthe assessmerdf algo-
rithmic designdecisionsto maximisedetectionreliability. This assessment
is carriedout by comparingmeasureandestimatesnadeby the systemun-
derdevelopmentwith measuresbtainedindependentlyWe shov thateven
whentheseindependenimeasuresrethemselesnoisy, theirindependence
cansene to guide designdecisionsandallow performanceestimatego be
made.Although presentedherefor oneparticularsystemdesign,we believe
thatsuchanapproachwill be applicableto othersituationswhenanimage-
basedystenis to beusedn theanalysisof naturalscenedn situationsvhere
aprecisegroundtruthis not available.

1 Introduction

Performancevalutionis esssentiafor providing a solid scientificbasisfor machinevi-
sion, andyet its importances often understatedCurrentwork in this area[1, 3, 5] has
tendedto emphasis¢he importanceof an objective groundtruth (seefor examplework
in medicalimageregistration[8], facerecognition[7], photogrammetry4] andgraphics
recognition[6]). We presenta casestudy of the evaluationof a machinevision system,
which exhibits two examplesof performancecharacterisatiom theabsenc®f a suitable
groundtruth. We believe that our approachwill be applicableto othersituationswhen
animage-basedystemis to be usedin the analysisof naturalscenespperatingin the
absencef a precisegroundtruth.

The systemdescribechereis a humanfall detectorbasedon a novel infrared sensor
with limited spatialresolution.It wasdevelopedby anindustrial/academicollaboration
betweenRISYS Ltd., British TelecomPIc.,the Universityof Liverpool,andManchester
University. It obsenesa naturalsceneof a personin theirhome typically anelderly per
sonliving alone.Whenleft undetectedalls amongsthe elderly oftenleadto aggraated
injuries, admissiorto hospitalandnotinfrequentlydeath. The purposeof the fall detec-
tor wasto monitor the imagestreamfrom the thermaldetectorfor characteristisignals
associateavith fallsin humansubjectsandto issueafall detectiorwarningwhensucha
motionwasobsened. Fall eventsareratherpoorly definedandoccurinfrequentlyunder
normal circumstancesmaking the systemdesignproblematic. In order for the system

193



to be practically usefulit hadto reliably detectfalls whilst issuinga minimum of false
detectionsmakingperformancevaluationavital partof this work.

The fall detectorsystemwas basedon measuringthe vertical velocity of a human
subject.Measurementsxtractedfrom colourvideo datawereusedasa gold standardo
demonstrate correlationbetweenthe infrared datavelocity estimatesandthe physical
velocitiespresentn the scene ROC curveswereusedto performthis correlationanalysis
in a genericfashion,avoiding the dravbacksof morecommontechniguesuchaslinear
correlationanalysis.Despitethefactthatthe velocity estimatesxtractedfrom the colour
datadid not representn genuinegroundtruth, we show that this form of performance
evaluationcanbe usedto guidealgorithmicdevelopmenin anobjective manner

Thefall detectoritself consistedbf an MLP neuralnetwork trainedto detectthe pat-
ternsof vertical velocitieswhich signifiedfalls in humansubjects.An actressvasem-
ployedto performa wide variety of falls, togetherwith non-fall events(e.g. sitting) that
generatedsignificantvertical velocities. Infrared velocity estimatedrom thesesimual-
tions were usedfor both training andtestingthe network. A wide variety of networks
weretrainedin orderto find the optimumarchitectureandthe best-performingietwork
wasidentifiedusingROC curves. A nearestheighnourclassifieranda classificatiorsys-
tembaseddnsinglevelocity measuremenigereusedo generateipperandlowerbounds
respectiely on the performancef the neuralnetworks. We demonstraté¢hat, usingsen-
sible definitionsof true andfalsedetectionsit is possibleto evaluatethe performancenf
asystemfor identifying eventsin atemporaldatastreamin thismanner

2 Data collection

Datawascollectedto provide realisticvideo dataon bothfall andnon-fall scenarioghat
could then be usedin the constructionof a fall detector A list of typesof fall (e.g.
slips, trips etc.), togetherwith non-fall scenarioghat might generatesignificantvertical
velocities(e.qg.sitting), wasprepared An actressvasemployedto performthe scenarios,
andsequencesf imageswere capturedrom boththe infraredsensotanda colour CCD
video camera. Eachscenariowas performedin six orientationsof the subjectandthe
camerasgiving a total of 84 fall and26 non-fall sequencefor eachcamera.

3 Velocity M easurement Evaluation

Algorithmsweredevelopedto calculatethe velocity of the actresfrom boththeinfrared
imagesequenceandthecolourvideo. Theapproachakento extractvelocity information
from the colourvideorelied on the useof coloursegmentation.Theimagesegmentation
algorithmis describedn moredetail elsavhere[2]. During the simulations the actress
wore a shirt of a differentcolourto arny otherobjectin thescene A coloursegmentation
algorithmwasusedto extractthe shirt region from the colourvideoimagesallowing the
centroidof theactressespperbody, andthusits velocity, to be calculated.

The approachtakento extractingvelocity informationfrom the infraredimageswas
quite different,andexploited the basicphysicsof the detectoritself. Theinfraredsensor
usedwasadifferentialsensoii.e. it registeredchangesn temperatureStationaryobjects
in the scenewere thereforeignored. Any moving objectwarmerthanthe background
createdtwo significantregionsin the image. The first was a region of positive values
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coveringthe pixelsthatthatthe objectwas moving into, which were becomingwarmer

This wastrailed by a region of negative valuescovering the pixels that the objectwas
moving outof, whichwerebecomingcolder If theobjectwascolderthanthebackground,
thesignsof thetwo regionswerereversed.n eithercaseazero-crossingxistedbetween
thetwo regionsthatfollowedthetrailing edgeof the moving object. The approacttaken

wasto trackthis zero-crossindo give measurementsf the positionof the actressn the

infrared images,which could in turn be usedto calculatethe velocity. Fig. 1 shawvs

an exampleof this processfor a sequencef IR imagesof one of the simulatedfalls.

Sinceonly theverticalvelocity estimatesvererequired theinfraredimagesveresummed
acrosgasterdo producecolumnvectorseliminatingany horizontalvelocity component.
This alsoled to a compactmethodfor datastorage calledthe “crushed”image,which

containeda temporalsequencef thesecolumnvectors.

The useof two independengstimatorsof motion wasa key part of this work. Al-
thoughbothusedradiationfrom the scenethey wereindependenin thatthey sensedlif-
ferentkindsof information,andprocessed in fundamentallydifferentways. The colour
sgymentationalgorithmwasbasedon the interactionof visible light andreflectanceon
clothingin spatialregions, whereaghe algorithmfor the infrared sensomwas basedon
signalzero-crossingsn thermalradiationusinga completelydifferentlenssystem.Fur-
thermore,it is probablethat the correlationbetweenthe velocitiescalculatedfrom the
infraredimagesandthe physicalvelocitiespresentin the scenewasbetterthanthe cor-
relationbetweenthe velocitiescalculatedirom the infrared and colour video. The two
velocity extractiontechniquesmeasuredslightly differentquantities. In the caseof the
colourvideo,theactresseapperbodywassegmentedrom thesceneandits centroidcal-
culated.Thelimbs andheadwereignored,andsothe calculatedvelocitiescorresponded
closelyto the movementof the centreof gravity. In contrastthe infraredimagesmea-
suredthe movementsof all body parts. As an example,if the actresswaved her arms
whilst otherwisestandingstill this movementwasdetectedn theinfraredimagesbut not
in the colourvideo. We would thereforeexpecttheinformationin the two estimatorgo
suffer from noise biasanddistortionindependently

In orderto examinethe extentto whichtheinfraredvelocity estimatesverecorrelated
with the physicalvelocitiespresenin the scenea correlationanalysisvasperformedon
thecolourandinfraredvelocity estimategrom asub-setf 26 of thefall scenariaatasets.
Initially thecorrelationwassignificantbut poor. Thiswasexpectedyiventheexacerbation
of noisein the positiondataby the differentatiorusedto calculatethevelocity. Therefore
method=of combiningdatawithin thetemporalstreamwerestudied.

A varietyof smoothingechniquesveretestedjncludingafive-pointmoving window
average afive point medianfilter, anda combinationof the two, termeda medianrolling
average(MRA) filter, which took a five-pointwindow and averagedthe medianthree
points. Eachtechniquehad advantages.The medianfilter tendedto be more robust to
outliers,whereaghe moving window averagewasvery susceptibldgo outliers,but hada
strongersmoothingeffect. The MRA filter combinedthe advantage®f each,providing
strongersmoothingwhilst retainingresistancéo outliers. Thekey designquestionvasto
determinethe bestmethodandthe mostappropriatemetricfor their comparison.

Fig. 3 shaws the result of plotting one of the post-processedstimatesfrom the
thermalsensoragainstthe velocity estimatesderived from the colour processing. The
smootheddataproducedtighter distributionsthanthe unsmoothedlata,but noneof the
threesmoothingmethodshadanobviousadvantagdrom simplevisualinspectiorof their

195



plots. The plotsfor the threesmoothingmethodshadthe sametypical shape:the veloc-
ity estimategrom theinfraredimagesweredirectly proportionalto thosefrom thecolour
videoupto velocitiesof approximatel\2 pixelsperframeonthex-axisof theplots(corre-
spondingo thecolourvideovelocity estimates)andthenthey flattenedoutandappeared
to saturateTheinfraredvelocity atwhich this occuredwasaround0.19pixelsperframe,
approximatelythe valuethat would be expectedfrom the ratio of pixel sizesin the two
imagetypes. Above this point, the infrared velocity estimatesio longerincreasedvith
colourvideo velocity estimate. This wasdueto the basicphysicsof the detectorrather
thanthevelocity extractionmethods.Thethermalsensotook severalsecondgo saturate,
andthis placedanupperlimit ontherateof temperaturehangeit coulddetect.

Of the standardsimple techniquesusedfor correlationanalysis,none were found
suitablefor thisdata.Linearcorrelationcoeficientsassumeéothlinearity anda Gaussian
noisedistribution, neitherof which werevalid, and are sensite to outliers. Gaussian
fitting to the saturatedegion of the data(afteroutlier rejection),wherethe only variation
in the datawasdueto noise,wasalsoattemptedbut againthis madethe assumptiorof
a Gaussiardistribution. The inliers and outliers of the outlier rejectionwere counted,
but this wasfoundto be uninformative. Eachtechniquendicatedthatthe smoothedlata
shaveda strongercorrelationthantheunsmoothedlata,but nonewasableto distinguish
betweerthevarioussmoothingechniques.

In orderto overcomethesedravbacks,a superiormethodbasedon ROC curveswas
used. Suchcurvesare usually appliedto classificationsystems,and so a simple clas-
sification decisionwas madeby placing thresholdson the colour andinfrared velocity
estimatedo divide the datainto “fast” and“slow” velocities,asshowvn in Fig. 2a. The
colour thresholdwas setat 2 pixels per frame, the point at which the infrared velocity
estimatessaturatedand the thresholdwhich gave the maximumability to differentiate
high velocitiesfrom noise. Thena secondyaryingthresholdwasappliedto the infrared
velocity estimatesandwasusedto make a fast/slav decisionbasedon theinfrareddata.
The pointsabove this secondthresholdthereforefell into two groups. Firstly, thosede-
finedasfastusingthe colourdata,i.e. thosewith x valueshigherthan2 pixelsperframe,
representedorrectdecisiondbasedn theinfrareddata. Secondlythosedefinedasslon
usingthe colour datarepresentecéhcorrectdecisions.The numberof datapointsin each
of thesecatgyorieswascounted anda percentagavascalculatedoy dividing by thetotal
numberof pointseitherabove or below thethresholdappliedto the colourdata. Thetwo
probabilitiescalculatedn thisway producedapointontheROC curve,andby varyingthe
infraredvelocity thresholdthewhole ROC curve wasplottedfor eachsmoothingoption.

The thresholdappliedto the colour datawas placedat the point which would give
the maximumaubility to distinguishhigh velocitiesin theinfrareddata.At the mostbasic
level thisis preciselythe taskthatthefall detectorsystemhadto perform. It is therefore
justifiableto statethat the smoothingfilter which producecdthe strongestorrelationac-
cordingto the ROC curveswasthe bestfilter to applyin this problem.Fig. 4 shovs the
ROC curwves,andit is clearthatthe MRA filter gave the stongestorrelation.It shouldbe
notedthatthe aim of this analysiswasto rankthefilters, ratherthancalculateanabsolute
valuefor thecorrelation.Themethoddescribegrovidesagenerictechniquéor thistype
of analysighatavoidsassumptionsf eitheralinearcorrelationor a specificnoisedistri-
bution, which areofteninvalid. Furthermoreit is clearthatanindependenmeasurement

IFollowing discussionsvith the sensomanugcturey it seemsgpossiblethatthis arosedueto pre-processing
in the sensarwhich hassincebeenmodified.
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canbeusedin theabsencef a suitablegroundtruth to guidealgorithmicdevelopment.

4 Neural Network Evaluation

To producethe fall detectoritself, an MLP neuralnetwork wastrainedto take tempo-
ral windows of velocity measurementsom the infrared sensorand make a fall/non-fall
decision. The training processallowed the neuralnetwork to automaticallyidentify the
regionsin the input patternspacethat containedthe fall datapointsi.e. the patternsof
velocitiescharacteristiof afall. Thekey designdecisionwaswhich network architec-
tureto usei.e. how closethe network performancevasto optimal. The input datafor
the network representedhigh-dimensionabectorsof velocity measurementfor tempo-
ral windows. Eachtemporalwindow of velocity measurementdefineda point in the
high-dimensionakpacein which the neuralnetwork was operating. The network then
attemptedo definedecisionboundariesvhich encompassethe region of the spacecon-
taining the points correspondingdo falls, thus identifying the characteristiqatternsof
velocitiespresenduringfalls. Thedimensionalityof theinputvectors,andthusthenum-
ber of input nodesin the network, wasselectedn the basisof the timespanof the falls
recordedduringthe simulations.

Trainingdatafor theneuralnetworkswereprovidedby synchronisingheinfraredand
colourimages,dentifying the positionsof falls by visual comparisonandlabelling the
threehighest-elocity points during eachfall eventasfalls. The remainingdatapoints
were labelledas non-falls. This provided approximately50,000classifieddatapoints:
20%wereextractedat randomfor training, leaving 80%for testing.

A total of 120 MLP neuralnetworksweretrained,in anattemptto find the optimum
architecturdor this problem.All availableparametersverevaried,including: thenumber
of hiddennodeg(2-21);the numberof hiddenlayers(1-2); theinitialisationfactorfor the
network weights;the training algorithm- both RPROP (resilientback-propagationand
CGM (conjugategradientminimisation);andthe numberof iterations(200-2000).

The trained neuralnetworks gave outputsin the form of a probabilityi.e. ranging
from 0to 1, with highervaluesindicatingthattheinput dataweremorelik ely to represent
afall. Ratherthanapply a simple thresholdto this output, countingall valuesabove
the thresholdasfalls andall valuesbelow it asnon-falls, a more sophisticatednethod
wasappliedin orderto increasedetectionreliability. The outputfrom the network was
monitoredfor local peaksn the probability, andthenthe heightof the peakwascompared
to athreshold.This ensuredhat, during extendedhigh-velocity eventssuchasfalls, the
network issuedonly onedetectionyatherthana seriesof detections.

ROC curnveswereagainusedto rankthe performancef the variousheuralnetworks
andthusto selectthe bestarchitecturefor this problem. Theissueof which quantitiesto
plot ontheaxesof the ROC curveswasproblematidn this case andwe believe thisto be
acommonproblemin theinterpretatiorof temporalevents.Firstly, falls weremarkedin
theinput dataonly at the threepointsof highestvelocity duringthefall. Thefalls were,
however, extendedeventscovering morethanthreeframes,andso it wasreasonabl¢o
expectthe network to issuedetectionsshortly before or after the marked three-frame
window. It wasthereforeunreasonabléo countascorrectonly thosedetectionswhich
coincidedexactly with the marked positionsof falls. Secondly the network may issue
morethanonedetectionduringthe courseof afall. This providedthe choiceof whether
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to countall of the detectionsoccurringcloseto a marked fall as correctdetections,or
whetherto reversethe problemand look at how mary marked falls had one or more
detectionsn theirtemporalvicinity.

A similar issueappliedto falsedetections.If they canbe causedoy an event such
asthe subjectsitting down, which is not marked asa fall but neverthelessausesa local
periodof high velocities thenseveralfalsefall detectionsnaybeissuedduringtheevent.
Thisraisedheproblemof whethetto counttheseasmultiple falsedetection®r asasingle
falsedetectionwhichin turn raisedthe logical problemof how to specifynon-events. It
shouldbe notedthat ary choiceallowed the network performancedo be comparedas
long asthe sameproceduravasappliedto the outputsof all networks.

The approachchosenfor plotting the ROC curvesfor the neuralnetwork outputsis
shavn in Fig. 2b. The outputsfrom the neuralnetworksweremonitored,andthe heights
of local peakswerecomparedo somethreshold.Peakshigherthanthe thresholdrepre-
sentedall detectionsandthe positionsof thesefall detectiondgn theinput datafile were
recorded.A secondoop scannedhroughthe datalooking for the specifiedpositionsof
falls. Any true fall thathadoneor morefall detectionsy the neuralnetwork within 20
framesin eithertemporaldirectionwascountedasa correctdetection,andary specified
fall thatdid nothave sucha detectiorby the network within thattime periodwascounted
asa real fall not detected. Thereforethe reconstructedignal axis of the ROC curves
shaved the numberof genuinefalls detectedoy the network asa proportionof the total
numberof genuinefalls. This treatmentensuredeaseof comparisorbetweerthe differ-
ent networks, asthe maximumpossiblenumberof eventsrepresentedh the recovered
sighalmeasuremenwaslimited to the numberof labelledfallsin the data.It avoidedthe
potentialproblemsinherentin examiningthe raw numberof detectionsby the network
e.g.if aparticularnetwork producednultiple detectionsgluringa small percentagef the
labelledfalls, but did not detectthe remaininglabelledfalls, looking at the raw number
of detectionsgave that behaiour an unfair advantage whereadooking at the number
of genuinefalls which had one or more detectiongdid not. Finally, the procedurevas
repeatedyaryingthethresholdo plot outthewhole spanof the ROC curve.

Thetreatmenappliedto generatinglatafor the errorrateaxisof theROC curveswas
slightly different. The sameargumentsapplied,in thattherewere underlyingeventsin
the data(e.g. sitting down) which may generateneor morefalsefall detectionsoy the
neuralnetwork. However, in this casetherewasthelogical problemof how to specifya
non-event. Therefore,in the absencef a viable solutionto this problem,the error rate
wascalculatedcasthenumberof falsedetectionglividedby thetotal numberof datapoints
which did notfall within aforty-pointwindow aroundoneof thefalls.

Theresultswerealsocomparedo thoseobtainedfrom a nearesheighbourclassifier
which for unlimited datacanbe shavn to approactthe Bayesoptimal classification.e.
the classificatiorthatwould be obtainedf the underlyingprobability distributionswhich
generatedhe datawereknown andwereusedat eachpointin the input patternspaceto
male the classificatiordecision.A nearesheighbourclassifieroperatedy searchingor
the n nearespointsto eachdatapoint usinge.g. a Euclideandistancemetric, andthen
taking an averageof the labelsassignedo thesepointsi.e. whetherthe point hasbeen
specifiedasbelongingto a fall or not. A thresholdwasthenappliedto this score,and
pointswith highervaluesrepresentedall detectionsy the nearesneighbourclassifier
As with the neuralnetwork, this outputthresholdwasthe parametethat wasvariedto
plot thewholerangeof the ROC curve. Thetreatmenippliedto cornvertthesedetections
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into percentagefor ROC cunve plotting waskept exactly the sameasthat usedwith the
neuralnetwork ROC curves,including scanningfor local peaksin the output,to ensure
thatthe curvescouldbecomparedThe numberof nearesheighboutpointsusedto make
theclassificatiordecisionwasvariedbetweenl 0 and50, andthebest-performingiearest
neighbourclassifierwasselectedusingthe ROC curves.

In orderto producea measurementf the performancémprovementgainedthrough
applyinganeuralnetwork to this problem aclassifiebasedn singlevelocity datapoints
was used. The ROC curve for this classificationsystemwas producedand compared
to thosefor the neuralnetworks and nearestneighbourclassifiers. Fig. 5 shows the
ROC curvesfor thebestnetworkstrainedusingRPROP andCGM, the nearestheighbour
classifier andthe singledatapoint classifier Network 89, which had18 hiddennodesin
onelayerandwastrainedwith 2000iterationsof CGM, gavetheoverallbestperformance.
Theperformancapproachethatof thenearesheighbourclassifierandwassignificantly
betterthanthe single datapoint decision,justifying the applicationof a neuralnetwork
to this problem. The inability of any of the networks to achieve optimal performance
was a reflectionof the inherentconfusabilityin the data. Somehigh velocity non-fall
events,suchassitting, caninclude a period of free-fall, and so the underlyingphysics
of theseeventsandgenuinefalls is identical,andthey could not be distinguishecon the
basisof vertical velocity measurementalone. However, the falsedetectionggenerated
by this mechanismwerelimited to the mostviolent sitting events,and sucheventsare
rarein the targetgroupfor this system.In-situ studieswith the targetgroupto quantify
the typical occurrenceate of theseevents,whencombinedwith the ROC curve for the
best-performingetwork, will be necessargandsufficientto calculatethe falsedetection
ratefor this systemin a practicalsituation.

5 Conclusions

Thestudyof performancevaluationis vital in placingmachinevisiononasolid scientific
basis.We have describedh casestudy: thedevelopmenbf avision systemo detectnatu-
ral eventsin alow-resolutionimagestream.Thework hasinvolvedtwo distinctexamples
of theassessmemf algorithmicdesigndecisiondo maximisedetectiorreliability. In the
first examplethis assessmentascarriedout by comparingneasuresndestimatesnade
by the systemunderdevelopmentwith measuresbtainedindependentlyin the absence
of genuinegroundtruth data.We have shovn thatevenwhenthesendependentneasures
arethemselesnoisy, theirindependenceansene to guiderationaldesigndecisionsand
allow performanceestimatego be made.In the secondexamplewe have shavn thatthe
temporalidentificationof eventscanbe subjectedo a similar performancenalysis.and
thatupperandlower boundsplacedon the databy independentlassifierscanguideal-
gorithmicdesignin a differentway, providing anestimateof the proximity of the system
to optimal performance.ln both caseghe analysesvere performedusingROC curves,
shawving that, with suitableconsideratiorof the definitionsof true and false detection
rates,suchcurvescanprovide a unified, genericapproachto performanceevaluationin
awide rangeof machinevision problems.We thereforebelieve that, althoughpresented
herefor one specificsystemdesign,suchan approachwill be applicableto othersitua-
tionswhenanimage-basedystemis to be usedin the analysisof naturalscenesn the
absencef a precisegroundtruth.
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Figures
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(a) Singlein- (b) The“crushed”"image.
fraredframe.

Figurel: A framefrom theinfraredsensor(a) taken during a fall, shoving the positive
(white) and negative (black) regions,andthe “crushed”image(b) for 30 framesduring
thisfall, wherethewhite pointsarethe zero-crossings.
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Figure2: ROC curve generatiormechanismsln the velocity correlationanalysis(a) the
two thresholdglividedthe data(the dark band)into four quadrantsDatapointsin quad-
rant2 wereclassified'f ast” by both IR andcolour measurementsindthosein quadrant
1 wereclassified‘slow” by the IR but “fast” by the colour measurementThusthe true
acceptanceatewas N» /(N> + N,) andthe falseacceptanceatewas Ny /(N1 + N3),
whereN isthenumberof pointsin thequadrantThemethodappliedto theneuralnetwork
outputis representedh (b): pointsabove the thresholdrepresentedietwork detections.
Eventl is agenuinefall notdetected? and3 arebothdetection®f agenuinefall, but lie
in the40-pointwindow aroundafall labelandsoarecountedasa singledetections is a
falsedetectiorsinceit lies outsidea 40-pointwindow aroundafall labelin the data.

Figure3: Thevelocity dataafter5 pointmedian/3 point moving window average shaw-
ing infraredvelocity againstcolourvideovelocity.
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Figure4: ROC curves(showving percentagéalseacceptanceateplottedagainstpercent-
agetrue acceptanceate)for thefour velocity calculationmethods.
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Figure5: ROC curvesfor (readingacrosshe graphfrom left to right) the nearesheigh-
bourclassifierusing30 neighboursnpet89, net33, andfor classificationdasedn single
velocitymeasurement3.hex-axisshovstheerrorrateasaproportionof thetotalnumber
of datapointsandthey-axisshows the proportionof truefalls detected.
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