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Abstract

We explore theuseof a shoe-mountedcamera asa sen-
sorysystemfor wearablecomputing. We demonstratetools
useful for gait analysis, obstacledetection,and context
recognition. Using only visual information,we detectpe-
riods of stability andmotionduring walking. In thestable
phase, thefoot canbeassumedto beparallel to theground
plane. In this condition,the�oor dominatesthelower part
of thecamera'sview, andweshowthat it canbesegmented
out fromtheremainderof thescene, leavingwalls andob-
stacles.We also demonstrate �oor surfacerecognition for
context awareness.

1. Intr oduction

Costsfor digital camerasandcomputationcontinueto be
drivenlowerby technologicaladvancesandstrongdemand.
Futurewearablecomputingsystemcanbene�t from these
trendsby applyingcamerasto new, morespecialized,and
lesstraditionalsensingtasks.In this paper, we explore the
useof a shoe-mountedcamerafor gait analysis,obstacle
detection,andcontext recognition.

Wearablecomputingonshoeshasbeenusedfor avariety
of purposes,includinguserinterfaces[4], powerproduction
[7], andgambling[8]. We show thatvisualprocessingcan
alsobene�t from thisprimelocation.Theplantedfoot is 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 throughtheair, then
is pressedagainstthe groundasthe weight of the body is
transferredonto it [5]. During thesekey momentswithin a
person's stride,the plantedfoot tendsto be in a canonical
orientationwith respectto the �oor andrelatively motion-
less,which leadsto simpli�ed visionprocessing.
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Figure 1. The system. A camera and iner tial
sensor are mounted on a sandal.

In this paper, we analyzethewearer's gait andpick out
framescorrespondingwith momentsof stability whenthe
foot is pressedagainstthe�oor . During thesemoments,the
�oor dominatesthelowerpartof thecamera'sview, andwe
show thatthe�oor canbesegmentedoutfrom theremainder
of thescene,leaving walls andobstacles.Next, we demon-
strate�oor surfacerecognitionfor context awareness.We
concludeby speculatingabouttheroleafoot-mountedcam-
eracouldplay in futurewearablesystems.

2. The platform

Our systemconsistsof a cameraandthreeinertial sen-
sors.Thecamerais mountedat thevery front of asandalas
shown in Figure1. It is rigidly attachedto aninertialsensor.
Theremainingtwo inertialsensorsareattachedto theleg as
shown – however they do not play a role in thecomponent
of this projectdescribedhere. Data is loggedon a laptop
carriedin a backpack.Thesystemwastestedon two �oors
of abuilding, oneightdifferentsurfaces(seeFigure6).
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Figure 2. This �gure sho ws a sequence of frames taken during a single step. In that step, the wearer
moves from a lobb y 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-
era is in a �x ed orientation with respectto the ground
plane,and so this is an ideal opportunity for visual pro-
cessing. Figure2 shows imagesrecordedduring a single
step.In theinitial partof theswingphase,the�oor in these
framesbecomesblurred (low spatialderivative � I x ), the
view changesrapidly (high temporalderivative � I t ), and
thefoot turnsdownwardstowardsthe�oor (low averagelu-
minanceI 0). Eachof thesecuescouldbeusedindividually
to identify theswing phaseof walking. We combinethem
for robustnessinto 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 becauseblurring removeshigh-
frequency edges. The spatialderivative is normalizedfor
theoverallaverageluminancesincethischangesasthecam-
eramovesfrom pointing towardsthe �oor to pointing to-
wardstheceiling (andlights). Sincethewearermaymove
betweendifferentsurfaces,theaveragecomponentof � I x

andI 0 is removedusinga runningaverage.
Plots of thesemeasurementsfor the step in Figure 2

are shown in Figure 3. As the stepbegins, the temporal
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Figure 3. Visual and orientation inf ormation
recor ded during a single step (as sho wn in
2). The stride begins as the orientation value
goes negative .

derivative increases(dueto motion), the spatialderivative
decreases(due to blur), and the meanluminancetendsto
fall (due to the cameralooking towardsthe �oor). Pitch
informationfrom the inertial sensorattachedto thecamera
is alsoshown. We usedthis asan independentmeasureto
verify the visual gait analysis. Whetherthe foot is in full
swing, standing,or in an intermediatestateis determined
by analyzings. A transitionbetweenstepsis assumedto
occurwhenever this dropsandrisesagainby at least5% of
its maximumrange.To demonstratethis, a longerwalking
sequenceis shown in Figure4. Periodsof stabilitydetected
from the gait analysisare processedto achieve �oor seg-
mentationandrecognition.



Figure 5. Floor segmentation in action. The top row sho ws original images, the second row sho ws
masks corresponding to the �oor , and the bottom row overlays the two.
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Figure 4. Visual and orientation inf ormation
recor ded while walking down a corridor . The
stride period is visib le in all modalities.

4 Floor segmentation

Dueto thecanonicalorientationof thestableimagesse-
lectedby our gait analysis,we know with high probability
that the bottom quarterof the imageis �oor and that the
top quarterof theimageis not �oor . Thebottomquarterof
thesespecialimagescorrespondswith theareafrom thetoe
out to 3 inchesonthe�oor . Thetopquarterof theseimages
is very far above the horizon line. In this sectionandthe
next, we exploit this propertyto performsegmentationand
recognition.With segmentation,this observationallows us

to collectasigni�cant sampleof theappearanceof the�oor
andnon-�oor partsof the image.With recognition,we are
ableto reliably samplefrom the �oor without theneedfor
any �oor detectionalgorithms.

Theseimagesarewell suitedto wearablecomputingap-
plicationsthatbene�t from detailedsensingof thewearer's
nearbyenvironment(for example,detectionof walkinghaz-
ards[3, 6]). Segmentingthe�oor in theimagecanserveasa
�rst stepto analyzingthefreespace,objects,andobstacles
closeto thewearer, out to about6 feetwith our wide angle
lens.Weshow exampleresultsfrom our �oor segmentation
algorithmin Figure5. If weassume�at �oors, wecancon-
structa functionthatfor eachpixel givesthedistancefrom
the toe to the correspondingpoint on the �oor [2], which
couldbeusefulfor objectavoidance.

Thetopquarterandbottomquarterof theimageareused
to initialize two probabilisticappearancemodels,one for
the�oor andonefor thenon-�oor partsof theimage.These
two appearancemodelsandthe resultingsegmentationare
iteratively optimizedusingEM (expectationmaximization)
to �nd amaximumlikelihoodsegmentationof the�oor and
non-�oor. The segmentationis constrainedto be a setof
radialdistancesemanatingfrom thecenterof thebottomof
theimage.

5. Recognition

Areaswith different functionsoften have distinct �oor
surfaces(seeFigure 6). For example,a washroom �oor
is unlikely to be carpetedso that it canbe easilymopped.
Floorrecognitionis thereforeavaluablecuefor localization
andcontext awareness[1].

We have usedcameraplacementto essentiallysolve the
problemof �oor detection,asdetailedin Sections3and4. If



Figure 6. Floor s 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�cationfrequenciesfor �oor samples
�oor 1 2 3 4 5 6 7 8
1 194 0 28 14 2 13 0 0
2 0 30 0 0 0 0 0 0
3 0 0 4 0 0 0 0 0
4 2 0 3 37 0 0 0 0
5 0 0 0 0 31 0 0 0
6 0 0 0 0 0 149 0 0
7 0 0 0 0 0 0 36 15
8 0 0 0 0 0 0 0 6

Table 1. Confusion matrix for �oor recogni­
tion.

wemodeltheappearanceof thelowerpartof theimage,this
will be dominatedby the �oor . As a proof of concept,we
simply computetheaveragecolor of this partof the image
(normalizedfor luminance)anduseit to representthe�oor .
We took trainingsamplesfrom eightqualitatively different
�oors in ourbuilding. Wetestedalargesetof othersamples,
comparingthemwith themodelsusinga simpleEuclidean
distancemetric. Theconfusionmatrix is shown in Table1.
A totalof 86.3%of theclassi�cationsarecorrect.A classi-
�er thatalwaysguessed“�oor number1” (themostfrequent
casein thedata)would havea 44%successrate.Thenum-
berof samplesof each�oor aredifferentsincethedatawas
collectedby simply walking around,andtheareascovered
by thedifferent�oor typesareof differentsizes.Thegreat-
estconfusionpresentis betweentwo similar reddish-hued
carpets(�oors number7 and8).

6. Discussionand conclusions

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

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

In general,as camerasand computationbecomeless
costlyweexpectfor morespecializedcamerasensing,such
as this, to becomepractical for wearablecomputing. Is-
suesof privacy andmisusecould be mitigatedby making
a closedsensorysystem. A cameraon eachfoot would
make severalapplicationseasierby allowing for nearlyun-
interruptedacquisitionof stableimages.Severalinteresting
future applicationsmight be built on top of the resultswe
have presentedincluding automatedcartography, localiza-
tion, detectionof nearbypeopleby their feetandlegs,and
recognizingcommonnearbyobjectssuchaschairs,tables,
wallsandtrashcans,extensionsto outdoorterrain,andmore
powerful �oor recognitionsystems.

Acknowledgements

Fundsfor thisprojectwereprovidedby DARPA asunder
contractnumberDABT 63-00-C-10102,and by the Nip-
pon Telegraphand TelephoneCorporationas part of the
NTT/MIT CollaborationAgreement.

References

[1] B. Clarkson,A. Pentland,and K. Mase. Recognizinguser
context via wearablesensors.In Proceedingsof the Fourth
InternationalSymposiumonWearableComputers, pages69–
76,2002.

[2] I. Horswill. Polly: A vision-basedarti�cial agent. In Pro-
ceedingsof the11thNationalConferenceonArti�cial Intelli-
gence, pages824–829,MenloPark,CA, 1993.

[3] C. M. Lee, K. E. Schroder, and E. J. Seibel. Ef�cient im-
agesegmentationof walkinghazardsusingIR illumination in
wearablelow vision aids. In Proceedingsof the SixthInter-
nationalSymposiumonWearableComputers, pages127–128,
2002.

[4] J. A. Paradiso,K. Hsiao,A. Y. Benbasat,andZ.Teegarden.
Designandimplementationof expressive footwear. IBM Sys-
temsJournal, 39(3/4):511–529,October2000.

[5] J. Pratt. Exploiting Inherent Robustnessand Natural Dy-
namicsin the Control of BipedalWalking Robots. PhD the-
sis,ComputerScienceDepartment,MassachusettsInstituteof
Technology, Cambridge,Massachusetts,2000.

[6] S. Shoval, I. Ulrich, and J. Borenstein. NavBelt and the
GuideCane. IEEE Roboticsand Automation, 10(1):9–20,
March2003.

[7] T. Starner. Human-poweredwearablecomputing. IBM Sys-
temsJournal, 35(3/4):618–629,1996.

[8] E. Thorp. The inventionof the �rst wearablecomputer. In
Proceedingsof theSecondInternationalSymposiumonWear-
ableComputers, pages4–8,October1998.


