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Abstract

Thelstudycompares(variousreal [fime filtersidesigned(to/denoise
eyelmovements/from/low [sampling/devices uising[fourl ¢riteria.
MostlofTthe(filters[ foundlin[literature[ were[ implemented (and
tested [on[ datal gatheredlin[alprevious(study. An[improvement
was[ proposed| forl onel oflthe(filters.[Parameters of each! filter
werelddjusted/folénsure [theirbestperformance. Theloutputfrom
thefiltersWwas ¢ompared[againstfwolidealized [Signals[(the(sig[]
nalsldenoisedloffline). Thelstudy tevealed that[FIR filters[with
triangular(or[Gaussiankernel[(weighting) functions/andparamel]
ters [dependent(on [signal(state[show [thebestperformance.

CR[Categories: H.5.2[[InformationInterfaces andPresental]
tion]:[(UserInterfaces[+Evaluation/methodology; [ Inputldevices
and/strategies

Keywords: eyetracking, (gaze, [filters, smoothing, [dlgorithms
10 Introduction

Eyemovementsmeasuredwith [eye [fracking[systems[commonly
usedforH Cllpurposes(always/dontain [somemoisedue/folimper[]
fectionofTthe[measuringtechnology.It[is[¢common fo[freatleye
movement(as(a[signal[Wwith states:[Saccadic[(ballistic jumps)and
fixational[ (“still”’[eye). However,  fixations  consist ofl microl
movements[and[fremor, Whichhavelamplitudes[oflaboutsame
order[aslhoise.[ Both[hoise and[actual eyel imovements during
fixations[are[the[unwanted! features(of thelsignallused[as[input
for[HCllnterface, therefore the first[step faken [When mapping
gazelontolonscreen [Gbjects(is raw [data(filteringlandSmoothing,

Despitelthis[problem wasldefinesalreadylin [early1980s[e.g.,
Toleland[Y oung[1981], filtering[ofldatalsamples [with Tow (fre[]
quency{(~30100Hz)was notsufficiently studiedyet. [Many
authors(makeMariousrecommendations(about filters[andsuggest
different(algorithms(fo (beised, butmoldeeplanalysislofiéxisting
algorithms(wasperformed(so far.[Quristudylaims [fo fillthis[gap
inlknowledge. In(this[paper welfirst[presenta wide[tange offil[]
ters found(in (literature, then[selected for[ comparisonthose[we
find(suitable(for(thiskind[oflstudy, [proposesuggestions forim[]
provement[ofl somelofl them, definel comparison | criteria, and
finallypresentlthe resultsand(discuss/them.

2(1 Background

Thelsimplest!filtering[ of{ gaze datalconsists[of [Substituting[the
received[ gazel point[bylalsimplelaverageloflthellast N [points
(includingthelonelthatlis(being teplaced by this[average).[This
kindlofTdata’smoothing[wasuised mostlylinlearly [studies({e.g.,
[Jacobl1993]), butimaybefoundlintecentworkslaswell(e.g.,
[Zhangletal.[2010]). Thelstrongest[disadvantagelof this(filter(is
thelintroduced(delaylin updateof the[gaze point[position after
saccade: the(firstfew (usually, [ [3)[gaze[points[of lamew [fixation
havelfoolittle[share[(weight)lintheaveraging/(usually, over4 (7
points)folquicklyrespondfto @lstrongichange of thelinputsignal.

Tolovercome!this issue, [ Various| finite [impulse[tesponse[ (FIR)
filterswerelémployedlin(gaze[datalsmoothing. These(filtersuise
buffer(filled By thelatest[gaze [points,and/each pointhas(its[own
weightl when [ calculating[ outputl as[ al weighted[average. The
function 'that(assignsiweights W;fo each(point(is(called the ker(]
nell function,[although[in[some[ early[works[al manually[set
weights[Wereproposedlinsteadi(e.g.,[in [[Duchowski2003 ). TfTa
kernel[function Cassigns[3°1 ”[toleach [weight, [thenalFIR [filter
outputsldlusualldverage of Nisamples,@ndthekernelfunction[is
calledlinear.[Atlleast[twolotherkernel [functionsused in[FIR
filtersiwereldescribed(in literature: triangulari(e.g.,[Kumar(etlal.
2008])and Gaussian((e.g.,[[Jimenez(ét/al.[2008). Theltriangular
kernelfunction [assigns 1 [fo[the(least[tecentlgazepoint (W [+
1),2”folthemextpoint[(Wy,;[=(2),land[Soon [(W;F N2 G+ ).
ThelGaussian Kernel function iséxpressediasfollows:

(i-)?
2
Wl-=e 20

When [calculating [dveragewith Wweights(Set[by(the [(Gaussian [ker[]
nelfunction, thepointswhich [get WX [0.05areisuallylignored;
inlotherWwords, thellength lofithe bufferfis(selectedSothatléach
pointlin ithas W; >[0.05. Thefollowingformulalisisedfolcalcul]
late[theloutputvaluefrom@FIR filter:

where FPlstheloutput(point, [and RP[is@pointlofthelinput(sig]
nal.[Thelweighted[averaginglalonelstronglyimproves[filter(te[]
sponsel(decreasesdelay) fosudden[changes[in [gazepointlocal]
tion. [However, [@[Signal(state(discrimination and[dther(additional

algorithms(areloften [used in (FIR [filters fo archive virtuallyde[]


mailto:oleg.spakov@uta.fi

layfree[performance. For[example, Kumarlet[al.[[2008]used
outlierland(saccadeldetectorsfolmanagethemumberlofithelgaze
pointsCin[thelaveraging buffer. Saccadeldetector isCalsimple
comparerofithellocation [of [thelcurrentlinput[point[and the Tast
outputpoint/against(apredefined/threshold(distance).[When[the
thresholdliséxceeded, thefilter bufferiscleared. In Somelstudies
this[detector[was improved byl anlalgorithm[that[obtains[the
thresholdldynamicallylaccording to(thelsignal(state[[Tole[1981;
Duchowski2003].

Theloutlier[detector [postpones(the updateof[the output pointlif

thelcurrent[gazepoint lies far[fromUlit.[This[way[single[outliers

can [Beldetected [@ndlignored; however, this[detectorlintroducesd

1 [point[delaywhen[saccade!starts, ‘but(ittmay[bel¢onsideredas

notlaldrucialldisadvantage(ifithe[sampling(frequencylisrelatively

high[(>100Hz).[ More[robust[outlier detectors {2+ outlying

points)maylintroducelgreater(delays:[see,[forléxample,theltwol]
leveledpeak removingalgorithm(described by Stampe [1993].

Anothermethod(tomanage(thellengthlofTbufferlis describedlin
van [de[Kampland[Sundstedt([2011].Thisthethodthakes(a buffer
small[(few [points) immediately [after(alsaccadeldetection, and
graduallylincreases it during[ fixations.[ Similar[approachivas
taken By [Venerilét/al.[[2010]:[thebufferliscleared dfter/saccade
detector, [and[graduallyl growsduring[fixation until[its desired
sizelisireached. Venerilet/al.[2010] usedsimple(averaging.

FIR ffiltersmaybeusing/in ‘chain With [other(filters(Which thaylor
maylnotlaffect[FIR (filter[parameters. [For[éxample, [in [the Work
by[Gulet(al.[[2000]the least[square[optimal(filtersWwere[preced ]
ing(the[FIR filter.[This[works[islinterestinglalsoldue tothe mel’
dian[functionusedin [calculating the outputpoints, Wwhereas
mean [function Wwastised(in(all [6ther(studies.

Thellow [pass(filter ‘designed by Olsson[[2007 ] hadtwofuncl]
tionallstates: [strict[(duringfixations)land(Soft[(during/saccades).
Thelstatedetectionalgorithm, aslin [other(Solutions, iised[d[spal’
tial[threshold[fo separate [slowand[fast ¢yemovements. [How[]
ever,[theldistance[was measured between [2 [Sets[ofl gaze points
ratherfthan Between (latest inputiand previousdutputipoints.

Komogortseviand[Khan[[2007]teportedabout successfullylap]
pliedalKalman [filter[for[smoothing[gaze[path. The(filter[ised
gazelposition @ndfits hovementispeed(astheldstimation [fargets.

Finally, [Sesin et(al. [2008](described an [artificial meural network
trained to(filter noise from [¢ye movements. Themetworkhad12
inputs[(6 [tecent/gaze[points)[and onelhidden [layer[of(24 modes
(neurons). [ Authors[ claimed[ theyl could[ successfullyl train [ the
network (Wwithin [3 iminutes and(archive(filtering[good énough for
thelpurposelofitheir(study.

Notlallfilters observed here Werelselected for[ comparison,[all]
though hostwerelimplemented/and tested/to[Somelextend.[Some
filters (werefound to(be(slow [in [response [tb[saccades((likefilters
withoutl signall state! detection),  others showed[poorsmoothing
capabilities( (likel thel artificial heural network) [ despite( careful
implementation [dccording(tohow [they[were[described!in (literal |
ture.[On[thelotherhand, all FIR [filters[were[tested Wwith[eéach[of
three kemel functions, although (theyWwereldesigned and tested
usinglonlylonelofl themlin[theloriginal works. Inaddition, a
Savitzky [Golay!filter[uised[ by Nystrém[and Holmqvist[[2010]
for[offline[smoothing was[includedlinto the comparison(as[it[is
possible(toltunelits parameters/tolhavelonly[1 [point'delay.[See
theloriginallpublication forlthedetailed/description [6ficach filter.
Allffilters[selected for/comparison are listedin Table(1.

Table 1 Tested ffilters

Filter Short References
name
Weighted[averaging van [der Kamp land
overldynamicfime TWW Sundstedt[2011],
window Kumarletial.[[2008]
TwolmodeTow [pass Lp2 Olsson [2007]
filter
. NystromandHolm [
tzk 1
SavitzkyGolay SG quist[2010]
Komogortsevland
Kalman Kalman Khan [2007]
. _ ~ Jimenezlet(dl.[2008],
Weight fffilters/]
eightedlon [offfilters Woo Venerietal. [2010]
Alternativeweighted
A hapter(2.1
onloffifilter Woo | Chapter
W, W, Chapter2.1

2.1 Modifiedfilters

Theloriginal (weightedlon [0ffTfilter has[calculation toutinelwith
signalthodeldetection [(i.e., liold[dbuffer with [points/oflan [alter
native(fixation)thatlintroduces(aone’sampleldelay. InSome(case
ittmay[beinwanted, [therefore [an[alternative[(simplified)[ filter
wasltested(aswell.[Thelsimplification (here heanstfemovingthe
alternative[bufferandmeasuring(onlythedistance between [the
previousland mew [Gutputpoints.

Weighted[ Gaussian/ filter(isC another[ $simplified versionofl the
weighted(on [off'filterwith kernel((Gaussian function, Which [does
notlrecognizel fixation [and[ saccade[modes. Thefilter[ simply
returns/the Wweighted(averagelofithe(last[gaze points[Whichhave
weightsgreater(than0.05.

2.2[] Optimization

Wideltangelofiparametersofiéach(filterwas(testedlin(this[study
tolfind[the Bestéstimation [Values[when [appliedtothecollected
data.[Often,(alchangelin a ¢ertain parameter improved onelestil |
mation [ parameter but Wworsened another. In[such(¢ases/thel[sel
lected [parameters were motloptimallifievaluated(each(separately.

30 Evaluationiofffiltering methods

Ideally, [ the(filtered[signall shouldl consist[ of! still[ fixations and
fast(saccades [Stampe[1993].[However, ¢yes[slightlyimove (dur[]
ing(fixation [and/éven [the mostprecise/and dccurate/dyetrackers
willot[producelsuch idealized signal.

3.1 Idealizedisignal

Thel evaluation [and[ comparison [of! filtering[ methods[ require
shaping(thelgiven[signalias/close(to/thelidealized onelas[possible.
This[tasklismottrivial, [andmextweldescribelthe method hised for
“ideal”[signallestimation. First,[thelinitial [Signallshouldbe split
into [anges With telatively smallchanges(inside(éach [range, and
notable/changes/of'signal between [extreme [pointsiofithelddjacent
ranges.[Then ‘the[valuelofléach [pointlinside a fangebecomes/the
average[oflthis(pointiand +N[closest[points. Taking Nvery[large
(N3 oo)willltesultlin [substituting[oflall points[in[arangeWwith
its[average[value.[Welhave(tested thelfilters(against/twolideal]
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FigurelExamplelofitheloriginal, lidealized (N..) land filtered
signalsi(Xdoordinatelplotted dgainstitime).

ized[signals(rather(than [one(fo [decreaselthelimpactofifreelySel]
lectedparametersConthelfinal conclusions. [ The firstlidealized
signal Was[constructed with N=17,landthelsecondwith N[Z[0.

Changeslinsignal(between tanges occuraboutlasiquicklylaslin
theloriginallsignal. Gaze[points(belongingfolsaccadesthaycom[]
poserangesoflalsinglepoint.[Thelsplitiforangesoccursin recur]
sion:(after(thelinitial[split[is'done, thelalgorithm[¢alculatesnew
datalpoints,then[amew [Splitloccur(basedon new [data[points),
and[ifinew [fanges!differ from(initial, (another(tound(ofl¢alculal]
tion takes[place, intilnolchanges(detected between[the [previous
andnew [setslof ranges.

3.2(] Comparisonicriteria

Thelcdomparison [oflfilters/is[based on [three criteria:(a) introduced

delay D,b)smoothness S,andlc) closeness tolthelidealized(sig[]
nal C.[Theldelay Dland(closeness Clareléxpressedas RMS (dfithe

distances between [pointsoflidealizedand filtered(signalslocated

further(for[D)lor ¢loser[(for C)than Somelthreshold.[Smooth[]
ness Sloflthe(filteredlsignallisléxpressedlas[RMS[ofldistances

between [dctualdndpredicted/datapoints[ofTthe filtered signal, [if

theylarel¢lose. Thelpredicted ‘pointsiarelestimated byladdingla

difference (between twolprevious(points(tothellatestpoint.

Thelideallylsmoothed(signallisiallinelon a time(signallplot(see
Figure(1),landlits S[>[0[(on [the[X[Y [plot(the[gaze point/moves
withlal¢onstant(speedanddirection). [Alternatively, [Smoothness
can Belestimated(as(the@veragedistance (betweencloseladjacent
points(ofithefiltered(signall(S,). However, S, lis(alstricter(indical’
torloflsmoothness:(itsvaluelis[équalto(0 ifthelsignallismot/sim[]
plylinear, but(is/also constant: S, = 0lonlywhen thelgazelis/still.

4[] Datalcollection

Eleven[volunteers from[students or[stafflmembers at/the local
university[fookpartlinthe(test. [All(hadlexperiencelin isingleyel
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tracking(technology. T obiiT60eye fracking[sSystem [(60Hz) Wwas

used[fomeasureléye movements. [Thelproprietary [softwarewith

embedded ETU Driverwas(developed (C#,.LNET2.0)(fo[display

targetsland[¢ollect data.[ The chair[Wwas[set[so that[the[particil]
pant’s(éyesWerelatiapproximately60(cm from the17 linch honil]
tor((screen resolution was[1280x1024 [pixels).

Thelexperimentallsoftware displayed[grey([full[Screen [ Wwindow
thatlwas[dividedlogicallylinto 25 [¢ells[(5 by[5),[and targets (6
byl6[pixelsiblack(squares)werepresentedlin [thel¢enterofléach
celllin ‘tandom [order.[Onelblockofltheléxperiment¢onsistedof
presentation [ ofl 25 [ targets.[ [Each [participant[_completed( two
blockslof'trials((i.e.,50 frials [per[participant).

Thel experiment[Wwas[ starting[ with [ eyeltracker( calibration Land
calibration [verification.[After(thelcalibration Wwas[tecognized(as
successful, [the(first block started byl displaying alhomebox[at
thelscreen [¢enter[for(2 [Seconds. Theléxperiment[¢ontinued dis[]
playing[25 itargets[one by [one. [Each target remained visiblefor2
second;[theywere shown [andhidden [automatically. [In [order to
escapel visuall search [for[targets[ appearing! farl from[thelprevil |
ouslylshown [farget,[a[bigWhite[rectangleWwas[displayed(for[150
mslat/the(new target(appearance(location tomake a fblink’ ¢l
fect.[ AfterlalblocklWwasl finished, participants'had al ¢hancel to
rest,[iflneeded, [and/thenpress/alkey[tol¢ontinue[Wwith [thelhext
block.[Gazelpoints/ (timestampand location)landtheldisplayed
target [properties (location [andsize) were Togged|into @ [file.

50 ResultsiandDiscussion

Thelrelationsbetween D, C, Sland S, [foreach filter(are shownlin
Figure2 [When [fested[againstthe N;[(left)[and N, [(right)(ideal ]
ized[signals.[The sizeloflaldatapointlon(this[figure teflects the
general smoothness S[)(outer(lighted circle)land [ horizontal
smoothness S, [(inner(darker(circle). [Smallervalues[of'éach[éstil]
mation [parameter hean Better(évaluation [of filtering[capabilities.
Thelestimation Values/for(€ach filterare/shownlinTable[2.

Despitesome differencesbetween both[graphs, thelperformance
ofimost [oflthe filterscanbe [described linambiguously. [Savytzki
GolaylandKalman(filtershave poor[smoothnessand[¢loseness
estimations[ comparing[ to others! filters thereforel thesel filters
wereltecognizedlas(the Wworst(in thislcomparison. Thelweighted
Gaussian filter (W) hashigh Dland Swithaverage C,landltherel]
foreldan [Be ranked(as(relatively (poor!filterlamong/the/dompared.
Theltwomodelow [pass(filter (L P2)Hasshown moderatelygood
filtering:(it(has(high C,butllow [tolaverage D(and S.[Other(stud]
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Figure2 [Filtersiperformanceléstimation Whendomparedlagainst N (left)land N, (right) idealized signal: [Closeness|(C) to (thelidealized
signal,\Delay (D), Smoothness|(Sland|S,, presented lds'diameters of outerlandlinner(circles). Loweralueslindicate betterlévaluation.



Table2 EstimationNaluesiaficloseness C, delay D, smoothness'S
and alternativelsmoothnessSp [(loweralueslarelbetter)

Filter C D S S,
TWW, 545 69.6 538 2.50
TWW, 5.59 92.8 4.70 2.10
TWW, 5.30 92.6 4.79 237
LP2 7.58 84.1 4.73 1.40
SG 6.90 132.6 8.36 4.69
Kalman 8.15 75.1 10.00 5.54
Woo, 6.67 147.7 3.07 1.01
Woo, 541 147.8 3.78 1.37
Woo, 4.85 152.2 3.14 1.65
AWoo, 522 32.14 3.17 1.79
AWoo, 5.09 32.26 3.72 1.84
AWoo, 5.16 32.14 3.38 2.01
W, 6.16 157.9 541 351

ied[filters[showed[fypical [frade off[between [thelestimation [pal]
rameters:high D,low S,andlow folaverage Cforweightedionl]
off Woo filters,[and[low Cland D,butlaverage Sfor[weighted
averagelover dynamic[timewindow [filters ((7WW). These filter
families[arelclearly[performing better(thanaverage, butnoone
can berecognized(as/significantly outperforminganother.

Alllthreel estimation [ parameterscalculated for[the alternative
weightedlon [oftfilters[(4 Woo)larelamong(the lowest. Itsvariant
with[friangular(kernel function (has[shown [the[best[relation (be [
tween [delay[and[ closeness atlallittlel expense ofl smoothness
when [tested/againstboth(idealized signals.

Thelresult oflcomparison may(leadfola[conclusion thatthe key
requirement(forl designingfilters is detection [ofl alsignal state,
while thelother toutine[¢an [belquite[simple. Filterswith [Signal
state[detection [Suppress smoothingwhen(a(saccadelstarts, there[]
fore(thelintroduced(delaylis minimal. (If/thelaveraging[routinelis
based[on kernel[functions, then [friangular lor[Gaussian [function
arefecommended. However,allow [passfilter LP2lisalsoldanbe
considered [dueltolits [good smoothing[performance.

6. Conclusions

Several(filters[ofl eye[movement datal foundlin[literature[Were
implemented(andlevaluated usingldelay, ¢loseness/tolan[ideall]
ized(signal, and[twol smoothness[ criteria. "Parameters 0fl each
filter[wereladjustedfo énsureltheirbestperformance. The(filters
with [signal modedetection [ (fixation/saccade)Jand["based[on
weightedlaveragingloverl(static((/4] Woo) drldynamically’¢hang[]
ing[(TWW)ltime window (Were recognized @sthebest. However,
no(strict’¢onclusions/can belmadelabout/dther(filterséxceptthe
clear(outliers((SavytzkilGolay and Kalman ffitters).
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