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Abstract

We explore the useof a shoe-mountedamen as a sen-
sorysystenfor wearmble computing We demonstatetools
useful for gait analysis, obstacle detection,and context
recaynition. Using only visual information, we detectpe-
riods of stability and motionduring walking In the stable
phasethefoot canbeassumedo beparallel to the ground
plane In this condition,the oor dominateshelower part
of thecamenr'sview, andwe showthatit canbe sggmented
out fromthe remainderof the sceneleavingwalls and ob-
stacles.We alsodemonstate oor surfacerecanition for
context awareness.

1. Intr oduction

Costsfor digital cameragndcomputatiorcontinueto be
drivenlower by technologicabhdvancesandstrongdemand.
Futurewearablecomputingsystemcanbene t from these
trendsby applying camerago new, more specializedand
lesstraditionalsensingtasks. In this paper we explore the
useof a shoe-mounteadtamerafor gait analysis,obstacle
detectionandcontext recognition.

Wearablecomputingonshoeshasbeenusedfor avariety
of purposesincludinguserinterfaceq4], power production
[7], andgambling[8]. We shaw thatvisual processingan
alsobene tfromthis primelocation. Theplantedfootis the
only partof thebodythatis reliably stationarywith respect
to theworld duringwalking andstanding.Whenwe walk,
our feet comeinto contactwith the groundin an alternat-
ing pattern. Eachfoot swingsswiftly throughthe air, then
is pressedhgainstthe groundasthe weight of the body is
transferrecbntoit [5]. During thesekey momentswithin a
persons stride, the plantedfoot tendsto be in a canonical
orientationwith respecto the oor andrelatively motion-
less,which leadsto simpli ed vision processing.
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Figure 1. The system. A camera and iner tial
sensor are mounted on a sandal.

In this paper we analyzethe wearers gait and pick out
framescorrespondingvith momentsof stability whenthe
footis pressedigainsthe oor. Duringthesemomentsthe
oor dominateghelower partof the cameras view, andwe
shaw thatthe oor canbesegmentedutfrom theremainder
of thesceneeaving walls andobstaclesNext, we demon-
strate oor surfacerecognitionfor context avareness.We
concludeby speculatingabouttherole afoot-mounteccam-
eracouldplayin futurewearablesystems.

2. The platform

Our systemconsistsof a cameraandthreeinertial sen-
sors.Thecamerds mountedattheveryfront of asandaks
shavnin Figurel. It isrigidly attachedo aninertial sensor
Theremainingtwo inertial sensorareattachedo theleg as
shavn — however they do not play arole in the component
of this projectdescribedhere. Datais loggedon a laptop
carriedin abackpack.The systemwastestedontwo oors
of abuilding, on eightdifferentsurfaceqseeFigure6).



Figure 2. This gure shows asequence of frames taken during a single step. In that step, the wearer
moves from alobby area into a corridor , and from a blue to red carpet. The main swing phase of the

step occur s in frames ve to nine.

3. Gait analysis

Whenthe foot is pressedagainstthe ground,the cam-
erais in a x ed orientationwith respectto the ground
plane, and so this is an ideal opportunityfor visual pro-
cessing. Figure 2 shavs imagesrecordedduring a single
step.In theinitial partof theswingphasethe oor in these
framesbecomesblurred (low spatialderivative 1), the
view changegapidly (high temporalderivative 1), and
thefoot turnsdownwardstowardsthe oor (low averagdu-
minancel o). Eachof thesecuescould be usedindividually
to identify the swing phaseof walking. We combinethem
for robustnessnto asinglemeasures.
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Typically, during the swing phase,the summedmag-
nitude of the temporalderivative of the pixels in the im-
ageincreasedramatically and the summedmagnitudeof
the spatialderivative falls becauselurring removeshigh-
frequeng edges. The spatialderivative is normalizedfor
theoverallaveragduminancesincethis changessthecam-
eramovesfrom pointing towardsthe oor to pointing to-
wardsthe ceiling (andlights). Sincethe wearermay move
betweerdifferentsurfaces the averagecomponenpf 1
andl is removedusingarunningaverage.

Plots of thesemeasurementfor the stepin Figure 2
are shavn in Figure 3. As the stepbegins, the temporal
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Figure 3. Visual and orientation information
recorded during a single step (as shown in
2). The stride begins as the orientation value
goes negative .

derivative increasegdue to motion), the spatialderivative
decreasegdueto blur), and the meanluminancetendsto
fall (dueto the cameralooking towardsthe oor). Pitch
informationfrom the inertial sensomttachedo the camera
is alsoshavn. We usedthis asanindependentneasurdo
verify the visual gait analysis. Whetherthe foot is in full
swing, standing,or in anintermediatestateis determined
by analyzings. A transitionbetweenstepsis assumedo
occurwhenererthis dropsandrisesagainby atleast5% of
its maximumrange.To demonstratehis, alongerwalking
sequencés shavn in Figure4. Periodsof stability detected
from the gait analysisare processedo achieve oor seg-
mentationandrecognition.



Figure 5. Floor segmentation

in action. The top row shows original images, the second row shows

masks corresponding to the oor , and the bottom row overlays the two.
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Figure 4. Visual and orientation information
recor ded while walking down a corridor . The
stride period is visib le in all modalities.

4 Floor segmentation

Dueto the canonicabrientationof the stableimagesse-
lectedby our gait analysiswe know with high probability
that the bottom quarterof the imageis oor andthatthe
top quarterof theimageis not oor. The bottomquarterof
thesespeciaimagescorrespondsvith theareafrom thetoe
outto 3inchesonthe oor. Thetop quarterof theseéimages
is very far above the horizonline. In this sectionandthe
next, we exploit this propertyto performsegmentatiorand
recognition.With sggmentationthis obsenationallows us

to collectasigni cant sampleof theappearancef the oor

andnon- oor partsof theimage. With recognition,we are
ableto reliably samplefrom the oor without the needfor
ary oor detectionalgorithms.

Theseimagesarewell suitedto wearablecomputingap-
plicationsthatbene t from detailedsensingof thewearers
nearbyervironment(for example detectiorof walking haz-
ards[3, 6]). Sgmentingthe oor in theimagecanseneasa

rst stepto analyzingthefree spacepbjects,andobstacles
closeto thewearer outto about6 feetwith our wide angle
lens.We shav exampleresultsfrom our oor segmentation
algorithmin Figure5. If weassumeat oors, we cancon-
structafunctionthatfor eachpixel givesthe distancefrom
the toe to the correspondingpoint on the oor [2], which
couldbeusefulfor objectavoidance.

Thetop quarterandbottomquarterof theimageareused
to initialize two probabilisticappearancenodels,one for
the oor andonefor thenon- oor partsof theimage.These
two appearancenodelsandthe resultingsegmentationare
iteratively optimizedusingEM (expectatiormaximization)
to nd amaximumlikelihoodsegmentatiorof the oor and
non- oor. The seggmentationis constrainedo be a set of
radialdistancegmanatingrom the centerof the bottomof
theimage.

5. Recognition

Areaswith differentfunctionsoften have distinct oor
surfaces(seeFigure 6). For example,a washroom oor
is unlikely to be carpetedso thatit canbe easilymopped.
Floorrecognitionis thereforeavaluablecuefor localization
andcontext avarenes$l].

We have usedcamergplacemento essentiallysolve the
problemof oor detectionasdetailedn Sections8 and4. If



Figure 6. Floors encountered. Four are car-
peted, four are not. The oor s are drawn from
corridor s, an of ce , lab space, a kitc hen area
and a wash room. There is considerab le vari-
ety in color and texture .

classi cationfrequenciegor oor samples

oor 1 2 3 4 5 6 7 8
1 194 0 28 14 2 13 0 O
2 0 30 0 0 O 0O 0 O
3 0O 0 4 0 O 0O 0 O
4 2 0 3 37 O 0O 0 O
5 0O 0 0O 0 31 0O 0 O
6 0O 0 O O 0 149 0 O
7 0O 0 0O o0 O 0 36 15
8 0O 0 0O 0 O 0O 0O 6
Table 1. Confusion matrix for oor recogni-

tion.

wemodeltheappearancef thelower partof theimage this
will be dominatedby the oor. As a proof of conceptwe
simply computethe averagecolor of this partof theimage
(normalizedfor luminance)anduseit to representhe oor.
We took training samplesrom eightqualitatively different
oors in ourbuilding. Wetestedalargesetof othersamples,
comparingthemwith the modelsusinga simple Euclidean
distancemetric. The confusionmatrix is shovn in Table1.
A total of 86.3%o0f theclassi cationsarecorrect.A classi-
er thatalwaysguessed oor numberl” (themostfrequent
casein the data)would have a 44% successate. The num-
berof sampleof each oor aredifferentsincethedatawas
collectedby simply walking around,andthe areascovered
by the different oor typesareof differentsizes.Thegreat-
estconfusionpresentis betweentwo similar reddish-hued
carpetq oors number7 and8).

6. Discussionand conclusions

We have shown that a foot-mountedcamerais well
placedfor a numberof sensorytasksrelevantto wearable

computingapplications. Speci cally, we have presented
methodsand resultsfor gait analysis, oor segmentation,
and oor recognitionbasedsolelyonimagesrom thecam-
era.

In general,as camerasand computationbecomeless
costlywe expectfor morespecializeccamerasensingsuch
asthis, to becomepracticalfor wearablecomputing. Is-
suesof privagy and misusecould be mitigatedby making
a closedsensorysystem. A cameraon eachfoot would
male severalapplicationseasierby allowing for nearlyun-
interruptedacquisitionof stableimages.Severalinteresting
future applicationsmight be built on top of the resultswe
have presentedncluding automatectartographylocaliza-
tion, detectionof nearbypeopleby their feetandlegs, and
recognizingcommonnearbyobjectssuchaschairs,tables,
wallsandtrashcans extensiongo outdoorterrain,andmore
powerful oor recognitionsystems.
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