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Abstract

A systemis presentedor monitoring the work of a fast-
food employeeusing a single static camen. Skin de-
tection, shadowdetection,and region-growing are used
as low-level techniquesin order to analyzea video of

an employeepreparing a hamhurger or sandwid. At

the end of the video, the systemproducesa descrip-
tion of the sandwit that was prepared, for example:
[bread, turkey, lettuce, bread] . This de-
scriptiongivestheingredientsusedin the sandwid aswell

astheir physicalarrangement. This informationcould be
compaedto companyspeci cationsin order to determine
if the sandwid wasproducedcorrectly,

1. Intr oduction and Moti vation

In the spirit of the generalproblemof understandingideo
sequencesthis paper presentsa systemto analyzese-
guence®f humansubjectgpreparingsandwichesThegoal
for the systemis to determinewhat kind of food is pre-
pared. The systemoperate®n an abstractiorof the sand-
wich preparationsituation; it monitorshow an emplo/ee
interactswith objects(itemsof food) initially storedin pre-
de nedlocations.A videoclip depictingtheseobjectsheing
arrangeds analyzedandthe systemdeterminesvhat this
arrangemens.

An applicationmotivationfor this systemis monitoring
fast-foodproduction.As well asanexperimentn computer
vision, this systemsenesasa prototypefor a systemthat
couldmonitorfast-foodemployeespreparingood. We will
usesometerminologyin this paperre ecting this motiva-
tion, suchas referring to the humansubjectof the video
clipsasan“employee’

2. RelatedWork

Thereis a large body of work on the analysisof human
motion reportedin the literature. Pleaseseetwo excellent
suneys [1] and[3] for a detailedtreatmenbf this subject.

For a sampleof recentwork referto the specialsectionof
IEEEPAMI onVideoSuneillance[2]. In thefollowing, we
brie y describesomesamplework in this areawhichisin
no way exhaustve andcomplete.

BobickandDavis [9] describeamethodo recognizeaer
obic exercisein video sequencesFirst they apply change
detectionto identify moving pixelsin eachimageof a se-
guenceThenMHI (Motion HistorylmagesandMRI (Mo-
tion Receng ImageshregeneratedA MHI is basicallythe
union of all imagesdetectedas changing,representingll
the pixelswhich have changedn a sequenceA MRI is a
scalarvaluedimagewheremore recentmoving pixels are
brighter In their system MHI andMRI templatesareused
to recognizanotionactions(18 aerobicexercises) Several
momentf aregionin theseéemplatesareemployedin the
recognitionprocess. The templatesfor eachexerciseare
generatedisingmultiple views of a personperformingthe
exercisesHowever, it is shavn thatduringrecognitiononly
oneor two views aresufcient to getreasonableesults.

Intille andBobick [5] andIntille, etal. [6] discussthe
useof context to enhance&ComputerVisionapplicationsin
theseaarticles,contet is takenadvantageof primarily to per
form tracking.

The main goal of RosinandEllis's [4] systemwasto
differentiatebetweenhumansand animalsto reducefalse
alarms.This systemis especiallyinterestingbecause®f its
useof context to helpimprove recognition.To improve the
performanceof their intruderdetectionsystemthe authors
includea mapof the scenewhich shavs areassuchassky,
fence,and ground. This helpsto differentiatebetweena
personandan animal (suchasa bird) moving throughthe
scene.

Kojimaetal. [7] proposeanapproacho generataatural
languagedescriptionsof humanbehaior from real video
sequencedsirst,aheadregionof ahumanis extractedrom
eachframe. Then,usinga model-basednethod,3-D pose
andpositionof headare estimated.Next, the trajectoryof
theheads dividedinto sggmentsandthemostsuitableverb
is selected.



Like mary of the systemsabove, the systempresented
hereusesmotion,contet, etc. to detectandclassifyevents
in avideosequenceHowever, the goalin the construction
of this systemis to synthesizehe knowledgeof theactions
performedn thesequencé determinéiow ataskis carried
out.

3. Input

In this sectionwe qualify thekind of sequencethatareap-
propriatefor input to the system.The algorithmemployed
by the systemrelieson somea priori knowledgeaboutthe
sequence.The con guration processis also describedn
detailin this section.

3.1 Input Sequences

The sequencethatthe systemprocesseareof anabstrac-
tion of afast-foodsituation. The mainfeaturef the scene
are an employee, a workspacewhere food items are ar
ranged,and several food bins, representinghe stationary
containersvherefood items are stored. In a typical fast-
foodrestaurantthesefood binsarebuilt into thework area,
anddo not move around(they might beremovedfor clean-
ing).

The sequenceslescribedn this paperare Imed by a
stationarycamerafacingthe employee. The workspacds
approximatelycenteredn the cameras view, betweenthe
employeeandthe camera. The food bins are arrangecdon
thesideof theworkspacehatis oppositetheemployee.

The systemdescribedn this papermalesuseof some
color techniquesTherefore fwo restrictionsare put on the
colorsof the scene.First, the color of the skin of the em-
ployeeandthe colorsof the workspaceandfood itemsare
disjoint. Secondthe workspacsds a solid color. This last
requirements justi ed in thata typical countertop where
foodis producedvill have aplain, solid, color.

Finally, theemployeeshouldonly useonearmatatime,
andthearmsshouldnotjoin in asequenceAnalyzinginter
actionsbetweerthe two armsbecomesomplex. The sys-
temusesa skin-detectiortechniqueto nd thearmsof the
employeein theimage. If the armsbecomemeged,they
look like oneregion to a systemusing this kind of tech-
nigque. At this time, the authorschoseto work only with
sequencethatavoid the merging problem,to permitwork
in otherareas.

3.2 Con guration

The systemrequiressomecon guration beforeprocessing
asequenceThe rst item of con gurationis a color pred-
icatetrainedfor the skin of the employeein the sequence.
The secondis a copy of the rst imagein the sequence,
with the food bins marked by a sentinelcolor (puregreen,

Figurel: Samplecon gurationimage(for sequenc8).

for instance) Thearmsarealsomarkedby a (different)sen-
tinel color. Thisimageshouldshav theworkspaceawvithout
ary foreign objectsoccludingit, includingthe employee’s
hands.Thisregionis referredto asthetrue workspaceand
the location of a single point in this workspaceregion is
givento the systemascon gurationinformation. The last
partof the con gurationis the namesassignedo the food
itemsof the sequencefood bins.

The systemprocessethe con gurationimageasanini-
tializationstep. Sincethe food bins are stationarythe sys-
temusesthe binsmarkedin the con gurationimageto de-
terminewhenan emplg/eereachesnto one of them. The
trueworkspacas determinedrom the con gurationimage
usingthe suppliedstartingpoint anda region-graving op-
eration(seesection4.1.2). Searchegor food and shadav
arelatercon nedto this trueworkspacaegion. Thenames
assignedo the food bins are usedby the systemto create
appropriateoutput. Knowing thata food item cameout of
certainbin, the systemcanusethe speci ed namewhenre-
ferringto theitem.

4 SystemDescription

Thefundamentahim of the systemis to determinehow the
employeehasarrangedood itemsto createa sandwich.In
doingthis,thesubtaskarepartitionednto two levels. Low-
level vision techniquesareappliedto the framesof the se-
guenceto sggmentout the basicfeatures:the armsof the
employee theworkspaceandshadaevs. Theoutputof these
proceduress usedat a higherlevel to determinewhat is
happeningn aparticularframe.

4.1 Low-Level Module

In orderto seggmentarms,workspace and shadev out of
animage,the systememploys threelow-level color-based
vision techniques.A varianton the color predicatetech-
nigueis usedto detectthe employee’s armsby recognizing
theskincolor. Color-basedegiongrowing is usedto deter
minethefull regionthattheworkspaceoccupiesFinally, a
novel shadev detectiortechniques used.



4.1.1 Skin Detection

Skindetectiorisusedo nd thearmsoftheemployeein the
sequenceThisis basednthecolorpredicataechniqueas
describedn [10].

A slight variation of this techniqueis usedto improve
accurag in thepresencef skin-coloredbjectsn thescene
thatarenot skin. We applya color predicateto eachimage
in asequencehut only considera subsebf theresults.We
take the region detectedasthe armsof the previous frame
(orthearmsselectedn thecon gurationimage for the rst
frame) , andunionthis with theregionsof theimagethat
have changedrom thelastframe . Theresultis a subset

of theimagethat containsthe bestcandidates
for thearmsin theimage.Insidethis subsetthetwo largest
8-connectedomponentsiretakento bethearms. Theleft
armis differentiatedirom the right arm by comparingthe
leftmostpointsof thetwo regions.

4.1.2 RegionGrowing

Sincethe workspaceregion is a solid color, a color-based
regiongrowing techniques appliedto deteciit. Thisregion
growing techniques a depth- rst searchof animage,with
the adjaceng function beinga color comparisorbasedon
nding theanglebetweenvectors.

The color comparisoroperationtreatsan RGB triple as
avector andwhencomparingt to anothercolor, computes
theanglebetweerthetwo vectors.A smallangleindicates
similar colors. The magnitude®f thesevectorsarerelated
to intensity We comparethe magnitudesf thesevectors
to determineif the intensitiesare closeenoughto call the
colorssimilar. This comparisoralso makesthe operation
work well whentheworkspaces notlit uniformly.

4.1.3 Shadav Detection

We have developeda novel shadav detectiontechniquen
the contet of this work, which is usedto segment out
shadev from animage. This sgmentationaidsin detec-
tion of food in theemployee's hands.

Our shadev detectiontechniquds usefulwhenoneex-
pectsthatshadevs mayfall in a certainregion of animage,
andoneknows aregionthatis touchingtheseshadavs. For
instancejn this application,we know thatthe shadaevs of
the armsand food will touch the workspaceregion. We
know, basedon the lighting of the scenethattherewill be
shadaevs castby the armsand ary food being carried,in
mary of theimagesn asequence.

To operate the techniquerequiresa region from which
to begin its search.This region is the onethatis expected
to touchthe shadavs. In this case,the potentialregion is
the currentworkspaceregion. At the edgeof this potential
region,thechangen intensityis computedIf thechangen

Figure2: Sampleshadav detectiorresults;shadav regions
shavnin blue(from seq.1 and?2).

intensityis greatenough(determinedy applyinga double-
threshold),a depth- rst searchis initiated from this edge
point. The adjaceng functionacceptshangesn intensity
thataresmallandpositive,or non-positve. Theresultis that
the techniquedetectsintensity “valleys” that are touching
thepotentialregion.

Theresultsof this simpleoperatiorcanbeimprovedby a
simpletechnique.The meanintensityof all pixelsdetected
asshadav is computed As apost-processingtep all pixels
previously markedasshadav thathave anintensitygreater
thanor equalto the meanaremarkedasnot beingshadaev.

The shadev detectiortechniquds utilized in two ways.
First, it is usedin segmentationandsecondt is utilizedin
determiningvhenanemployeeputsdown a pieceof food.

Pleaseseesampleresultsof theshadaev detectioropera-
tionin gure 2. This gure shawvsinputimagesontheleft,
andoutputimageson theright; shadav regionsaremarked
in blue. Theregionmarkedin redis thepotentialregionthat
wasmentioned.In the rst row, a small shadev regionis
castby theleft armasit reache@to afoodbin. Theshadev
detectiorproceduraletectghisregioncompletely Thesec-
ondrow showvs a sampleframefrom anothersequencethis
time underslightly differentlighting conditions.Thistime,
a large shadav region is castby the arm andthe food to-
gether Onceagain,the shadev region thatcanbe seenin
theinputimageontheleft is completelydetected.

4.2 High-Level Module

The high-level partof the systemacceptghe resultsof the
low-levelvisiontechniquessinput,andasoutputproduces
aninterpretatiorof avideoclip in termsof theconstruction
of asandwich.

The high-level moduleof the systemmustsolve a num-
berof problems.It mustbe ableto determinewvhenanem-
ployeeis holding a pieceof food andalsowhensheis not.



It mustbe ableto determinevhenandwhereafooditemis
placedon the workspace Whenfood itemsarestaclked on
top of eachothet this arrangemenshouldbe recordedand
re ectedin the output.

In thissectionwe rst presenasimpli ed outlineof the
algorithm. Then,someimportantfeaturesof the algorithm
arediscussedh detail.

4.2.1 Algorithm Outline

Following is abbreriatedpseudocodéor the high-level al-
gorithm,in outline form. This operationis carriedout for
eachframeof asequence.

Someof theoperationsnentionedn this outlinerequire
adetaileddiscussionThesediscussionareprovidedin the
following sections.

1. Obtain regions representinghe arms, shadev, and
workspacedn the currentframe (the basicfeaturesof
eachimagein thesequence).

2. For eachstackof food itemsthe systemhasrecorded
as being placedon the workspace, nd the region it
currently occupies. This region is a “hole” in the
workspacepr a region thatis not detectedas one of
thethreebasicfeaturesThis“hole” mustbecontained
entirely inside the true workspaceandwill grow or
shrink as a result of occlusionor other food items
merging with it.

3. Foreacharmthatthesystenhasnotmarkedasholding
food:

(a) If thehanddid notleave oneof thefood binsthis
frame,thencontinueon with thenext arm. How-
ever, if botharmshave beenprocessed;ontinue
with the next frameof thesequence.

(b) Otherwisejt is appropriatdo searchfor food in
theframe;applythealgorithmto detectfood.

(c) Screertheresultingfoodregioncandidateso de-
termineif they representood.

(d) If foodis detectedmarkthearmasholdingfood.

4. For eacharm that was holding food in the previous
frame:

(a) SearcHor food heldin the handby applyingthe
algorithmto detectfood.

(b) If theregionthatwasdetectedn previousframes
hasdisappearedr if its areahasdroppedsignif-
icantly:

i. Thefood mighthave memgedwith oneof the
stacksof food ontheworkspaceDetermine
if thisis thecaseandif so,markthearmas
having meigedfood with thatfood stack.

(c) If thearmis markedashaving memgedfood with
afood stack,determinef thisis still the caseby
checkingo seethatthearmis still in contacwith
thefood stack.Otherwiseremove the mark.

(d) Using shadev and arm motion determineif the
armhasput down the pieceof food it wascarry-
ing. If so,keeparecordof this.

i. If the food was memgedwith a food stack,
thenaddthefooditemthatwasbeingcarried
to the end of the list of food itemsin that
stack.

ii. Otherwisecreateanew food stack,occupy-
ing theregion of thefood item.

4.2.2 DetectingFood Items in the Hand

Detectingthat the employee haspicked up food is anim-
portantpart of the high-level module. The food detection
techniquanustbeableto nd theregion of a pieceof food
thatis pickedup, or determinghatno food waspickedup.

Food detectionis appliedat only a few stagesn the al-
gorithm. The ideabehindthis is to restrictsearcheso the
mostappropriateframes. Theseare frameswhenan arm
hasjustleft afoodbin, or whenanarmis markedasalready
carryingfood.

Thefood detectiorprocedurenakesuseof the outputof
all thelow-level visiontechniquesThe rst bit of informa-
tion it makesuseof is thetrue workspaceegion, . Next
is the workspaceregion detectedn the currentframe,
Theregionconsistingof botharmregions, , andtheunion
of all shadav regions , arealsoneeded.In addition,ary
regionsthat are currentlyoccupiedby food stacks(item 2

of theoutline),theunionof theserepresenteddy , arenot
considered.
Theunionof possiblefood regions  is givenby:
1)
where indicatesthecomplemenbf set ,and , rep-

resentset union and intersection,respectiely. It is also
importantto note that any candidatefood region mustbe
touchinganarm.

This techniquewill pick up small error regions at the
interfacebetweerskin,workspaceandshadaev. Theseerror
regions are not recognizedas skin, workspaceor shadev
becausé¢hecolorsblend(asaresultof thequantizatiorof a
camerajpndthusmaynot t into ary of the categories.To
correctfor thisandothererrors,eachcandidatdood region
is screenedor validity. The rst screeningoperationis to
eliminatecandidateshatareextremelysmall.

Sincethe previously mentionederror regions occur at
theinterfacesbetweerthe skin andotherregions,they are
usuallythin slivers. The secondscreeningoperationdeter
mines,for eachpixel thatis a food candidatethe smallest



distanceto a skin pixel. Thisis computedefciently with
a modi ed breadth- rstsearchoperation. If all candidate
food pixels are locatedvery closeto the skin, the region
mustbeanerror.

Thethird screeningperatioreliminatesfood itemsthat
arenot situatednearthe handof anarm. If afood region
touchesanarmat the elbaw, it will not be consideredisa
food candidate To computethis predicatewe rst nd the
vector  from the centroidof anarmto its lowestpoint.
When armsare outstretchedoward the food bins, this is
a goodapproximatiorof the directionthe armis pointing.
For eachpixel in a candidatdfood region, we computethe
anglebetween andthe vectorbetweerthe centroidand
thefood pixel, . By observingthe distribution of angles
overall candidatdood pixels,we candecideif it is touching
thearmin suchaway thatit mightbe graspedy thehand.

4.2.3 Determining When a Food Item is Released

After determiningthata pieceof foodis pickedup, the sys-
tem must be able to determinewhenit is placedon the
workspace. This informationis usedin determininghow
thefood itemsarearrangedntheworkspace.

This descriptionrefersto step4(d) in the outline; it
dealswith how the systemdetermineshatanemployeehas
placeda pieceof food ontheworkspace.

After having establishedhat an employeeis holding a
pieceof food, the easiestway to determinethat the food
hasbeenput down is to wait for the armto separatdrom
thatregion in the 2-dimensionalmage. This simplisticap-
proachby itself doesnot give satishctoryresultsin mary
sequences.

Considerthe possibility thatan employeeplacesa food
itemontheworkspacebutinsteacf moving herhandaway
from the food, reachesover it to pick up anotherpieceof
food. In this case the handwill begin to occludethe food
item that hasbeenplacedon the table, insteadof parting
with it. By the time the handregion is detectedasparting
with thefood region (in this casebecause¢he handhasac-
tually occludedthe food), the systemis not ableto record
theareathatthefood occupiesn orderto form a new food
stack.

To handlethis and othercasesthe systemusesa more
sophisticatedood tracking technique. Sincethe system
can sggmentshadavs reliably, the shadaev region that an
arm andthe food it is holding castsis tracked. The area
of the shadev region givesa measureof the heightof the
armabove the workspace Whenthe areais large,thearm
mustbe well above theworkspace Whentheareais small,
it mustbe coveredby thearm,implying thearmis directly
above or touchingthe workspace.The systemalso makes
useof the motion of the arm (in the form of arm region
changeovertime) to performthis trackingtask. In the pro-

Figure3: A plot of shadev andchangeareavs. time; data
wascollectedwhile food wasbeingcarriedto its destination
ontheworkspace.

cesof puttingdown apieceof food, thearmwill rst move
to positionthefood, thenpausewhile thefoodis placedon
theworkspace.

Figure 3 shaws a plot of shadav and changeareawith
respectto time. Shadaev areais representedy the top
line (marked with diamondshapes). This datawas col-
lectedfrom a sequenceavhile the emplo/ee was carrying
afood item backto theworkspace The downward-sloping
trendof this plot is a resultof thearm moving closerto the
workspace.The plot of changeversustime is moreerratic,
but exhibitsthe samegenerabehaior.

Another measurethe systemtakesin orderto x the
food occlusionproblemis to recordcandidateregionsthat
the food occupiesin anticipationthat the food will be re-
leased. Wheneer shadav areareachesa new minimum
duringtracking(thearmhascomecloserto theworkspace),
theregion thatthe food occupiess recorded.Then,if the
armoccludeghefood, this candidateegionis usedin pref-
erenceof the currentoccludedfood region.

5. Results

The accurag of the systemis measuredby comparingthe
fooditem arrangemenbutputto theactualsandwichthatis
createdasdeterminedy the personplayingthe emplo/ee
role). This outputis alist of food stacks.Eachfood stack
is alist of namesof food items. This list of namesgives,
from bottomto top, the food itemsthatmake up a stackon
theworkspace As mentionedabove, the namef thefood
itemscomefrom the food bin labelssuppliedascon gura-
tioninformation. Thesystendetermineshenameof afood
item basedn which bin it comesfrom.

Four sequencearediscussedn this section. Thesese-
guencesvere createdby the authorsspeci cally for input
to the systemdescribechere. All four follow the form dis-
cussedn 3.1. Severaldifferentfooditemsareusedthrough-



Figure4: Sequencd highlights.

outthesequences.
All sequencearedigitizedat 320by 240resolution 24-
bit color, and30 framespersecond.

5.1 Sequencel

The rst sequencas of an employee making an opened-
facesandwichthatconsistf a pieceof breadwith a piece
of turkey ontop. Therearefour food binsin this sequence;
from left to right they areturkey, lettuce tomato,andbread.
Thesecanbeseenn gure 4.

At the beginning of the sequencethe employeereaches
into the breadbin (on the far left) with his left hand,lifts
out a piece of bread, and placesit in the centerof the
workspace.The systemcorrectly determineghat the em-
ployeehaspickedup a pieceof food, andtracksit until it is
putdown. Figure4 shaws framesat the beginningandend
of thetimeinterval thatthe breadis tracked.

Next, the employee placeshis right handin the lettuce
bin. He changeshis mind, and retractshis handwithout
picking up ary food. This eventis correctlyclassi ed by
the system.The pieceof breadthatwaspreviously placed
ontheworkspaceés touchingthearm,but is notdetectedhs
new food sinceit waspreviouslytracked.

Finally, theemployeereachednto theturkey bin with his
right hand. He lifts out a pieceof turkey, andplacesit on
top of the pieceof bread.The systemcorrectlydetermines
thatthe pieceof turkey hasmergedwith the pieceof bread.

After completing the sequence, the system pro-
duces the following output describing the sequence:
[bread, turkey] . Thisindicatesthe systemdetected
thatonestackof fooditemswasarrangeantheworkspace,
consistingof a pieceof breadundera pieceof turkey.

5.2 Sequence&

In sequence, anemployeecreatesa sandwichwith lettuce,
followedby a pieceof ham,toppedwith tomato,andbread
ontop andbottom.Exampleimagesfrom thesequencean
beseenin gure 5.

Thesequenceeginswith theemployeereachingnto the
hambin. The employee removes his handwith no food,
which the systemcorrectlydetects. The employee moves
onto removeapieceof breadandplaceit ontheworkspace,

Figure5: Sequence highlights.

thenstacklettuceontop of it. Thesystenfollowstheseac-
tionsandrecordghechangeso theworkspacerrangement
correctly Next, theemployeeputsa pieceof tomatoon top
of thesandwich However, dueto failureof thelow-level vi-
siontechniquesthe systentails to detectthis. Despitethe
factthat the hamusedin the sequencesharessomecolor
with the skin, the systemis ableto correctly detectthata
pieceis placedon top of the sandwich.The sequenceon-
cludeswith theemployeeplacinga pieceof breadontop of
the sandwich.

After completing processing of the sequence,
the system produces the following output:
[bread, lettuce, ham, bread] .

5.3 Sequence8

Sequenca depictsan employee creatinga sandwichwith
tomato,followedby lettuce,toppedwith salami,andbread
onthetop andbottom.Figure6 givesexampleframesfrom
thissequence.

The employeebagins by placinghis handin the salami
bin andthenretractingit with no food, which is correctly
interpretedby the system. Next, he takesa pieceof bread
fromthebreadbin andplacest ontheworkspaceleft-hand
image, gure 6). Then,he placesa pieceof tomatoon top
of the bread. The tomatoregion is incorrectlydetectedas
shadaev, andsoit fails to detectthis event (right-handim-
age, gure 6). The employeemoveson to put lettuceon
top of the forming sandwich,which the systemcorrectly
interprets. The emplgyee nishes by placing a piece of
salamiand nally a secondpieceof breadon the sandwich
; both eventsare correctlydetected.The systemproduces
[bread, lettuce, salami, bread] asits inter
pretationof thesequence.

5.4 Sequencel

Sequencet depictsan emplgyee building an open face
sandwichwith breadon bottom, then cheeseand topped
with turkey. At the beginning of the sequencethe em-
ployeereachesnto the breadandturkey binswithout pick-
ing up food, and the systeminterpretstheseactionscor-
rectly. Thenthe employeeplacesa pieceof turkey on the
workspacestacksa pieceof chees@ntop of it, then nally



Figure6: Sequenca highlights.

Figure7: Sequencd highlights.

addstheturkey. Theinterpretatiorproducedby the system
is[bread, cheese, turkey] ,whichiscorrect.

6 Conclusions

We have presentec systemto determinehow a subjectar-
rangesobjectson aworkspaceandhow this canbeapplied
to understandingequencesf sandwichproduction.Some
well known color vision techniquesareemployed, aswell
as a novel onefor shadev detection. Using information
gleanedfrom theseoperationsthe systemdetermineghe
actionsof the humansubject,as well asthe arrangement
of food items. We presentedesultsfrom four sequences,
which arereasonabl@ndencouraging.

7 Future Work

Therearemary possibilitiesfor extendingthe system.The
systemcould be extendedto have areasof interestin the
imageotherthanthe food bins. Opposingarms,aswell as
foodontheworkspacegouldsenethepurpose®f thefood
bins. In this way, the systemcould recognizevhenafood
itemmovesfrom onehandto theother, or is pickedup from
theworkspaceandis movedaround.

Theauthorsfeel thatin additionto skin detectionsome
meansof determininglocal motion might be employedto
track the arms. Also, somesophisticatechigh-level pro-
cessingcoupledwith edgedetectionmight yield a method
of sggmentingarmsfrom food with betterresults.

To improvethereliability of the high-level portionof the
systemjt couldbe extendedo have somebacktrackingca-
pabilities. Decisionscould be delayedfor several frames,

with multiple possibilitiesconsideredn parallel. Then,at
the endof the sequencethe systemmight determinewhat
thebestpossibilityis.
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