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ABSTRACT

We presentanautomaticproducelD system(®VeggieMsion®), in-
tendedto easethe producecheckoutprocess.The systemconsists
of anintegratedscaleandimagingsystenwith auserfriendly inter
face.Whenaproducedtemis placedonthescale animageis taken.
A variety of featurescolor, texture(shape density),arethenex-
tracted. Thesefeaturesarecomparedo stored®signatureshich
were obtainedby prior systemtraining (eitheron-line or off-line).
Dependingnthecertaintyof theclassi®catiorthe®naldecisionis
madeeitherby the systenmor by ahumanfrom anumberof choices
selectedy the system.Over95% of thetime, thecorrectproduce
classi®catiois in thetop four choices.

1 Intr oduction

In thispaperwe presenttrainableproducerecognitionsystenfor
supermarketandgrocerystores.Thesystemwhichisinexpensive
andfast, is a vision systemwith a singlecolor camerathatis built
ontop of ascalethatweighsthe produce.Fromthe produceimage,
multiple recognitionclues: color, texture,size,shape anddensity
(weight/areapreextractedandintegratedo classifythe produce.
If its identity cannotbe uniquely determinedby the system,the
producerecognitionsystemdisplaysthe top recognitionchoices,
from which the humanoperatormakesthe ®naldecision. The
prototyperecognitiorsystems desgnedwith standad off-the-shelf
hardwarethat canbe addedto existing (PC-basedfashregisters.
Next generationsystemswill operatewith a card cameraand a
customdesignedmageprocessindpoard.
Thesystenmhasbeenextensivelytestedonproducerom several
supermarketslt achieves classi®catiosuccessateof about84%
for the top choiceandabout95% for the top four choices. Intra-
store and interstore testing was performed,and experimentson
alternativestrategiegor prototypelearningweredone.
Supermarketand grocerystoresare hostileimaging environ-
mentsand robust, ruggedsystemsare needed. Further thereare

systenrequirementsegardingspace,speedpriceandperformance.

Thefollowing issuesareimportant:

Segmentation:The produceitem will haveto be imagedagainst
somebackgroundwhichwill vary overtime andbetweercheckout
stationsboth within and acrossstores. Therefore,reliable fore-

ground/backgroundegmentatiors required. The use of plastic
bagsto packaggroducemakesthis moredif®cult.

Color constancy: The color of an objectin an image critically

depend®nthecolor of theilluminating light, whichis highly vari-

ablein stores. A controlledillumination systemthereforeseems
unavoidabldor achievingcolor constancy

Speculare ection: Althoughspeculare ection mayprovideuse-
ful shapeinformation, it doesnot re ect the naturalcolor of the

produce. It shouldthereforebe ®lteredout + especiallywhenthe
speculare ectionis dueto thebag.
Recognitiorspeed:Recognitiorshouldbe achievedn timescom-
parableto thoseof currentbarcodereading.Thatis, aboutl second
peritem (includingimageacquisitionshouldbeachieved Because
supermarketperateon smallpro®magins, the hardwaremustbe
cheap.

Recognitionperformance: Systemaccuracyshouldbe at leastas
goodasthat of the averagechecker Performanceomparabldo
bar codescanning(very nearly 100 %) is desirable(but probably
notachievable) Therefore asmanycuesaspossiblemustbeused,
to achievethe bestpossiblerecognitionperformance.
Easeof use: TheproducdD systemshouldbesimpleandintuitive
to operate requiring minimal operatortraining. The producelD
systemshould be integratedwith the bar codereaderin a single
enclosure.

Systentraining: In the store,the systemshouldbe ableto adapt
automaticallyto changesn produceappearancédue to season,
freshnesssupplier etc) throughincrementalearning.
Databasesize: Figure 1 showsthe averagenumberof produce

| Average| Range

Mid-Winter Fruits 53 15+150
Vegetables 85 30+155

Mid-Summer| Fruits 62 6+£180
Vegetables 85 35+170

Figurel: Numberof produceitemsavailablein stores

itemsthatwascarriedin 1992by U.S. grocerystores. Thenum-
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Figure2: Theprototypeimagingsetup.

bersvary by store,region,andseasonthe highestis on the order

Source:ProduceMarketingAssociation.
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Figure3: Parallelpolarization(a), perpendiculapolarization(b).
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Figure4d: A darkimage(a)andalight image(b) of aproduceitem.

of 350items. Of course,no two produceitems of the samekind
look exactlyalike evenif pickedonthesamefarmatthesametime.
Ratherthanattemptto dealwith thesevariationsby modeling.e.g.,
the ripening processwe have chosento designa systemthat is
easilytrainedon the produceinventoryof a storeandthenincre-
mentallyadaptso changesn produceappearancelt alsopermits
easyinclusion/exclusiorof seasonaitems.

2 Imaging and Segmentation

2.1 Imaging Setup

To respondo the challengeslescribedn the previoussection,we
havedesignedanupward-lookingmagingsystemwith anopaque
enclosurewith a transparentop surface(a glasswindow, approx.
8° 99 integratedwith a scale,for concurrentweighing. The
producerestson the glasswindow while beingimaged.

Figure2 showsacrosssectionof theprototypeimageacauisition
system. In this setup,two circular “uorescentbulbs are usedto
illuminatethe produceitemsasuniformly aspossible. The system
includesalinearpolarizing®Itercoveringtheinternallight sources,
and a secondpolarizing ®lter on the camera,orthogonalto the
®rst[7]. It is well known[d thatif light is normallyincidenton a
surfaceanyspeculare ectionof thislight will preservats planeof

polarizationwhile anydiffusere ection of it will beunpolarized.
So, in our system the part of the producewhich is visible to the
camerds illuminatedalmostentirely by polarizedight which will

be ®lteredout if specularlyre ected,butnotif re ecteddiffusely.
The systemobtainsgood color imagesof shiny objects,without
glare.

Figure3 showsthe effect of this ®ltering. Figure3awastaken
with the polarizing®Itersparallel,while Figure3b wastakenwith
the ®ltersperpendicular In the latter con®gurationthey largely
eliminate, not only the specularre ections from the objects, but
alsothere ection of thelight sourcein theglassplate.

2.2 Segmentation

The illumination of eachobjectvisible to the camerais the sum
of its ambientillumination andtheillumination of the systemlight
source. The latter is inversely proportionalto the squareof the
distanceto the light. Becauseof the geometryof the system the
fraction of incidentlight re ectedto the camerais alsoinversely
proportionalto thesquareof (approximately}his samedistance.
To segmentheproducamagefrom thebackgroundthesystem
®rstakesapicturewith thelightsoff, andthenonewith thelightson.
(SeeFigure4.) Pixelswhich haveincreasedn brightnessy more

If the objectis a non-metallic,non-crystallinedielectric, which is the casefor
produce.



thansomethreshold  aretentativelyclassi®edsforeground.e.,
produce)therestasbackground Thesystenthenexaminesll the
tentativeforegroundpixels; if, in the original 2dark® image,they
were brighterthananotherthreshold, , they arere-classi®ed
asbackground. The remainderconstitutethe atrue® foreground.
Backgroundixelsaresetto zero.

The testeffectivelysegmentsutdistantobjects suchasthe
ceiling. Butit is notenoughpecauséf theproduceshouldhappen
to be containedn a plasticbag,the bagwould be segmentedh as
foreground.Sothe testis necessarnandidenti®eghe bags,
whichareilluminatedsomewhaby light transmittedhroughthem.

Highly re"ective objectswill showa greatelincreasen bright-
nessthan lessre ective onesequally far away, soin theory the
formermightbeperceivedascloser Butin practice thebrightness
variationdueto re ectanceis muchlessthanthatdueto distance.
Suitablethresholdsanbe chosengivenknowledgeof theambient
conditions sothatevendarkvegetabledike eggplanshowenough
brightnessvariation (providedthat it is enclosedby a somewhat
milky bag)to classifyasforeground.The problemis the dynamic
rangeof today's affordablecameras.

For goodsegmentationit is importantthatthe producebe sta-
tionary during imaging. This is easily assuredbecausehe scale
will not give areadinguntil its platform hasstabilized. The seg-

Figure5: The segmentationf imagein Figure4

mentedimage obtainedfrom the imagesin Figure4 is shownin
Figure5. Notethatsegmenteaut of this imageare: the bagthat
surroundghe produce the recesseduorescentceiling lights, and
the otherwisedark ceiling. A large variety of suchambientlight
sourcecon®gurationsan betoleratedt ceiling spotlightsshining
straightinto the cameracancauseproblemshowever

3 Featuresfor Recognition

Forthedesignof the produceclassi®catiosystemtheissueis not
which featureso usez color, texture,shape.etc. arethe obvious
choicest buthowto tailor thefeaturesandtheir representationt®
suittheapplication.

Note that the representatioffior a produceitem shouldbe in-
variantwith respectto rotation and translation,and with respect
to the numberof produceitems presentedbut not to their size.
(Orangesshouldbe identi®edhe same regardles®f placemenbr
number but large orangesare sometimesriced differently from
smallones.|If aproducecountis neededit is bestto do this count
after produceclassi®catiomatherthanincorporatingthe countin
the producerepresentation.)Secondly becauset will be neces-
saryto (re-)trainat the point of sale,the representationandthe
classi®catiomechanisnshouldbe simple.

3.1 Histograms

Forthesereasonsextensiveuseis madeof histogramsasproduce
representationA histogramis avery compactrepresentatioof an
object,manyordersof magnitudesmallerthantherawimage Color
histogrammingasanidenti®catiortechnologyis a practiceof long
standing;a recentexampleis [10]. The histogramrepresentation
canbeextendedo othervisualcuesaswell. To achievenvariance
with respecto thenumberof producdatems,our histogramsynlike
thosein [10], arenormalizedwith respettotheforegrour (produce
portion) of the segmentedmages.
If histogrammingds to beemployedcertainconditionsmustbe

true,whichthedesignof our systemassure®r stronglypromotes:

All the training histogramsand the recognitionhistogram

shouldbe obtainedfrom imagesacquiredundersimilar illu-

minationconditions.

Most of the objectis in the image,andis not obscuredby

otherobjects.

It is necessaryo know which pixels constitutethe object,

or atleastthereshouldbe no distractionsn the background

(i.e.,theimageis segmented).

3.2 Color

Color capturesa salientaspecof theappearancef produce andis
not dependenon the positionor orientationof the produce.Many
colordescriptiongspacesganbefoundin theliterature,including:
theRed/Green/BluéRGB) space[],
theopponentolor spacd4],
theMunsell(HVC) spac€8],
theHue/Saturation/IntensifHSI)[1] spacesimilarto Mun-
sell.

Oursystenbuildsits color histogramsn thethree-dimensional
HSI space. Hue is the spectralshade which variescontinuously
fromredthroughgreeno blue,saturations the2depth® orastrength®
of the color, andintensityis the brightnessor graylevel. We con-
vertthe cameraoutputto HSI, usingthe standardransformascan
be found in [1]. The histogramsfor eachof H, S and| dimen-
sionsarecomputedasseparategne-dimensiondhistograms.Then
they are concatenateéhto onelong, one-dimensionaPextended"
histogram.

Figure 6 showstwo examplesof segmentedmages: Granny
Smith apples(Fig. 6a) and oranges(Fig. 6b). Figure 7 shows
the correspondindhistograms producedby accumulatinga count
of the quantizedvaluesof the H, S and| componentsf each
pixel in the segmentedmages foreground. Note that the most
profounddifferencebetweenthe applesandthe orangess in the
hue component. The peakfor applesis to the right of the peak
for orangesre ecting the fact thatapplehueliesin the greenpart
of the spectrum.The saturatiorhistogramshowthatthe oranges'
coloris alittle strongethanthatof theapples.In Sectiord, we will
discusshow muchthe differentcomponent®f color contributeto
overallrecognitionperformance.

3.3 Texture

Textureis importantfor discriminatingproduce,for thereare a
greatmany greenvegetablesvhich arenot reliably discriminable
by color.

Textureis avisualfeaturethatis muchmoredif®cultto describe
andto capturecomputationallythancolor; also, it is a featurethat
cannotbe attributedto a single pixel, but ratherto a patchof an
image. It is a descriptionof the spatialbrightnessvariationin that
patch.Texturecanbearepetitivepatterrof acommonunit (atexe),
ason artichokesandpineapplesor it canbe morerandom.aswith
the leavesof parsley+ compareto the structural and statistical
texturedescriptionsn [3]. Muchresearchhasbeendoneontexture
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Figure7: Histograms:hue(1), saturation(2), intensity(3).

in the pastthirty years,andmanycomputationatexturemeasures

havebeendeveloped3, 12].

We haveexperimentedvith manytexturesmeasureshathave
beenproposed rangingfrom Tamura[11] to Laws [6]. Though
theymayperformquitewell onthe Brodatztexturedatabasesadly,
noneof them performswell for distinguishingproduce,andthey
requirefar more computatiorthanthis applicationcanafford. We
havedevelopedwo texturemeasuregmeasures and ), eachof
whichcanbecomputedextremelyquickly andoutperformsall other
measuresve have experimentedvith in discriminatingbetween
producetextures. Eachtexture measureis computedusing the
segmentedmagefrom thegreenchanneloutputonly.

Texture measure A: This measureconvolvesthe imagewith
two crossedbar masks,with the barsparallelto theimage and

directions. Thearmsareof equallengths,one pixel wide. The
horizontalandvertical convolutionof theimagewith thesebarsis
denotedby and , respectivelywith pixel

the centerpoint. Fromthis, a texturemagnitude

@)

is computed.
The bar masksareof theform [ LI
], etc. The convolutionsare performedfor a few different
sizesof mask,againsthefull-resolutionimage. A histogranmof the
magnitudevaluesfor all pixelsis computedandconcatenatedith
the color histograms.

Figure8 showssegmeriedimagesof stringbeansard watercress
andgivestheirMeasureA histograms.

Texture measure B: MeasureB is a 2centersurround”oper
ator, a kind of ®rst-orderstatistic. It consistsof computingand
histogramminghedeviationof theimageintensityof a pixel from
the averageof its neighbordan amoderate-sizetilock centerecbn
thatpixel. (Forreason®f speedit is performednareducedmage,
obtainedby subsamplinghe full-resolutionone.) The deviations
arehistogrammed.
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Figure8: TextureMeasureA histogram®n (a) StringBeansand(b) Watercress:() Segmentedimage,( ) Magnitude.

As with the color histogramsthis histogramis normalizedfor
foregroundpixel count,i.e., objectsize. Sincethis measureis
roughlyradially symmetric,it is approximatelyrotation-invariant.

Figure9 givesthe MeasureB histogramdor the sameitemsas
Figure8.

The systemcanalsouseotherclues,see[2] for moredetails.

4 Classi®cationand Training

Thesystermusesearest-neighbdechniquege.g.,[5]) for classi®-
cation. It thusavoidscomplicateddynamicupdatingof its database
and classi®cationmules that would be requiredfor possiblymore
ef®cientandmore sophisticatedlataclassi®catiorschemesyet it
is still fast enoughthat the DSP hardwarecan scan

prototypeg (400)classes prototypesperclass]in under
1 second(400 produceitemsis the high-endof whatis foundin
supermarketsseeFigure1). Detailsof the classi®catiomprocess
follow.

Let denotethe N prototypehistogramsand
let  denotethe histogramof a produceitem to be recognized.
Each (extended)histogramis a concatenatiorof its component
featurehistograms.  and refer to thesecomponents;

h S i t . (Each

is normalizedasappropriatdor thatfeature.)With eachprototype

, a produceclassidenti®er (for instance 2Arugula®) is
associated.

Comparisorbetween andthe 'sis performedusinga dis-
tancemeasureThedistancéetwea two histogamsistheweighted
sumof thedistancedbetweerthehistogramcomponentsyherethe
componenfeaturehistogramsaveweights

@)

andthe componentistancesare  (3Manhattan®)distancese-
tween the histogramvectors. This providesa straightforward
methodof integratingthe variousfeatures,it is computationally
simple,andhasbeenvalidatedby experimentation.

is classi®eds:
isminimum  (3)

The recognizereportsa decisionquali®erin the form of 2sure,®

aokay,° or 2unreliable,’and
the uniqueidenti®cationif the quali®eiis 2sure,®or
multiple choicesjf thetop choiceis 2okay® or 2unreliable.®

This incorporatesdistances(uncertainties)yand the prototype
distributionin featurespaceinto the classi®cationand takesad-
vantageof the fact that a humanoperatoris (or canbe askedto
be)in thedecisionloop. Thethreesituationsdescribedbelow are
depictedn Figurel0. With respecto adistancehreshold anda
count :

a: If , , and , ,
then liesin aportion of featurespacepopulatedonly by
prototypesof a single class,andthe classi®catioiis judged
to bedsure.°

b: If , , and , for some
, theclassi®catioiis labeledfokay.®
c. If , the classi®cations 2uncertain,’because is too

dissimilarfrom thenearesprototype.

aSure® classi®catiorsalescould be rung up without human
operatorintervention. For 2uncertain®and®okay® classi®cations,
the classidentities , choicesare computed
anddisplayed(in orderof closestmatch)to the operatoywho can
endorsehetop classi®catiorselecta choicefrom multiple choice
menu,or overridethe classi®cation.

If the operatorindicatesthatthe classi®catiomadeby the sys-
tem waswrong, the systemretrains,using asa new prototype
of the classindicatedby the operator If, insteadthe classi®cation
wascorrectbut the systemwasnot sure, it alsoincrementallyre-
trains,using  asa prototypeof the classit selected.Finally, if
the matchergenerateshe correctanswerandis sureof its choice,
it checkswhetheror notit needgo 2beefup® thechoserclass'oc-
cupancyof 'sneighborhoodForathreshold andatopmatch
count ,if forall , theregionis judgedsuf-
®cientlypopulatedandno additionaltrainingis neededptherwise,
it isunderpopulatecand is addedasa prototype.
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Figure9: TexturemeasureB onstringbeanga) andwatercresgb).
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Figure10: Classi®catioguali®erdasedn featurespace.

As trainingresultsin storingnew prototypespld onesmustbe
discardedo avoidaccumuatinglargenumbesof them.Thesystem
thereforehasalimit onthenumberof prototypest will storefor any
oneclass.andhasaschemdor determiningvhich prototypeit will
discardif it hasto learn(store)a newone. The schemenvolves
keepinga usagecount of how many times each prototypewas
matchedaged(decayedpccordingo howfar in thepastthematch
was (andtherefore,how astale® (no pun intended)that prototype
is). The parameterganbe tunedto a stores checkoutratesand
volumes, so that retrainingfollows closely produceripening and
replenishmentycles.For full details,see[2].

5 RecognitionPerformance

The systemhasbeenextensivelytestedon a databasé¢hatcon-
tains approximately5,000imagesof some150 different produce
types. Theseimageswere obtainedfrom purchasesn four dif-
ferentstores;from two otherstoresat leastoneof eachavailable
produceitem waspurchased.

The tablein Figure 11 gives an indication of the recognition
powerof someimagefeatures.Thistestis performedonadatabase
of 48 producdtems,with ®veimagesof each.In all theimagesthe
itemsarein thetransparenagscommonlyfoundin grocerystores.
The systemwastrainedon all imagesyesultingin atrainingset
of 240( ) histograms Testingwasperformedoy matchingthe
imagehistogramgo thesetraining histogramsyvhile not allowing
animageto be classi®edby matchingagainsttself. Thatis, atest
histogram is classi®eds suchthat , is
minimal andnot zero.

As canbe seenfrom the ®rsttwo columnsof Figure 11, hue
is the mostpowerful color feature with 59% of the produceitems
classi®eaorrectlybasedon huehistogramsalone;for 87% of the
items, the correctclassi®catiorns in one of the top four choices.
Saturatioralonedoessigni®cantlylesswell, andintensityaloneis
evenworse. Thetexturemeasureperformcomparablyto intensity

The secondtwo columnsof the table of Figure 11 give the
resultswhenhue,saturationandintensityarecombinedandwhen
two texturefeaturegTextureA and TextureB * seeSection3) are
combined. For color (H,S,l) we havethat 72% of produceitems

Type4 LDPE (Low DensityPolyethylene}ransparenbags beingmoretranspar
entthanType 2 bags give betterclassi®catiomesults.

is classi®edorrectlyand90%the correctchoiceis in thetop four
selections.For the combinedtexturemeasureshesenumbersare
33%and63%, respectively Finally, the lasttwo columnsgive the
classi®catiomesultswhen color andtextureare combined. 80%
of the produceitemsis classi®edorrectly; 97% of the time, the
correctansweis in thetop four choices.Thesenumbersretypical
of the performanceve havefoundthroughoutll testing.

Theabovetestis ononly 48 producdtems+ aboutthe number
foundin atypical small producedepartment.A largertestof 145
items, every item on the shelf, was performed,using all produce
itemsavailablen asupermarket. Thecharacteristicef thissample
areasfollows:

Most itemsweresoldin bulk; afew werepre-packagednd
wereunpackedor testingpurposes.
Thetestsetcontainednanyproducetemsthatbelongto the
samevariety, butwereof differenttypeor quality, e.g.,seven
typesof apple,severtomatotypes.

Of the 145items,50 weremainly greenin color (American
parsley ltalian parsley GrannySmith apples,...) while 95
itemswereof adifferentcolor (bananaspotatoes,..).

All the produceitemswere packagedn transparenplastic
bags(similarto bagsin the previoustest).

Tenimagesof eachitem weretaken. Here, efforts weremade
to confusethe system.ltemssuchapplesandlemonswereimaged
with a varying numberof themin the bag. Whenpossible jtems
were photographedn odd positions,including somethat are not
likely to occurat a real checkoutcounter for example,a broccoli
balancenits head.ltemsthathavenon-uniformappearancesuch
ascarrotswith theleavesattachedyereimagedwith thedifferent
(e.g.,orangeand green)partsexposedn differentimages. Such
imagingcouldpossiblyadverselyeffect therecognitionresults.

Testingof this datasetwasdoneusingleave-one-ouf5]. Or, to
bemoreprecisethesystemwastrainedonall 1,450imagesandthen
testedon theimages.Wheneveia classi®cationlistance ,
with  thetesthistogramand a prototypehistogramwaszero,
the seconcbestprototypesdenti®emwasselectedsthe classclass
of . Figure 12 givesthe resultsof usingcolor aloneand color
combinedwith texture. The resultsare very muchin agreement
with, and evena little betterthan,thosegivenin Figure11. For
color andtexturecombined,84% of the time the correctproduce

FoodEmporium,Rye, NY (mid-winter).



|| Numberl | InTop4 || Numberl | In Top4 || Numberl | In Top4

Hue 59% 87%

Saturation 37% 59% 72% 90%

Intensity 22% 55% 80% 97%
TextureA 24% 57% 33% 63%

TextureB 23% 54%

Figurel1l: 48 producdtems,®veimageseach.

classwasselected96% of thetime, the correctclasswaspresent
in the top four choices. The resultsare betterthanthosereported
for the smallertestsetabovebecausehe segmentatiomlgorithms
weremorere®nedat thetime of thetest.

|| Numberl | In Top4

Color 79% 93%
ColorandTexture 84% 96%

Figurel12: Everyitemontheshelf,tenimageseach.

Thetableof Figure 13 givessomeresultsof experimentsvith
differenttraining andlearningtechniques. The database&onsists
of 506 imagesof 51 producetypes(10 imagesof most produce
types). Only color is usedin theseexperiments.The ®rstrow of
Figure13givesthenormalmatcherresults.All imagesareusedfor
trainingandall imagesareclassi®edisingtheseprototypesput if
animageis matchedo itself, the secondchoiceis selected 95.1%
is classi®edtorrectlyin the ®rstfour choices,andfor 80.8%,the
top choiceis thecorrectone.

Thesecondow reportsresultsin which, for eachproduceitem,
the ®rst®veimageswereusedfor trainingandsecond®veimages
wereusedfor testing. Classi®catiodegradedy slightly morethan
1%.

In therow labelec?Automaticselection,%raininginstancesre
automaticallyselectedpasedon distancesn the featurespace.A
new training sample  of a classis only addedas a prototype
of that classif , for all prototypes in that
class. Theresultis that,on averagef.4 prototypesarestoredper
class. Classi®catiomesultsdegradea little, but not enoughto be
consideredtatisticallysigni®cant.

The lastrow simulatesthe row oneexperimentput asthough
thesizeof theenclosuresglassplatehadbeenreducedo
roughly the size of window that is found in today's embedded
barcodereadersOnly thecentralregionof thedatasetimageswas
processedSomedegradatiorof performanceccurs butit cannot
be consideredilarming.

Humanselectiorof thecorrectproduceclassfor everyproduce
itemis consideredindesirablelt is preferrecthatthe systemgive
only onechoiceif the top choiceis in somesensereliable. Such
ahard® or forced classi®catioris achievedby emitting only one
classi®catioif thetwotopmatchingclassesrethesame.Figurel4
givessomeresults.Thesamedatasetasin Figurel3 +506 imagesof
51vegetableéypestis used.The®rstrow givesthenormalmatcher
results: 69.8%of the time, the systems top choiceis the correct
classi®cation11% worsethan the normal matcherof Figure 13.
92.3%of the time, one of the up to four classedisplayedis the
correctone. (Sometimedewer thanfour aredisplayed.) Forcing
asinglechoicehasits drawbacks#.15%o0f thetime this choiceis
wrong(falsepositive),andin about  of thesecase$2.77%of the
time),thecorrectchoicewasamongheotherchoicesvhosedisplay
was suppressed.(Theselatter numbersareindicatedin columns
labeledFalsePositiveand Correctin4d) An 11%dropis indicated
(comparedo row one,Figurel3)in thistable. Notethatthisis due

to thosdatemsthathaveanitemof thesameclassasnearesheighbor
andoneof differentclassasseconchearesheighborwhichwould
havebeenclassi®e@stop choicein Figure13.

The secondrow in the table of Figure 14 givesthe resultsof
the sameexperimentwhen automaticselection(asin Figure 13)
is used. This leadsto a 23.1%drop in the top choiceselection,
which canbe attributedto the fact that fewer prototypesper class
areavailable(6.4 perclass,versus9 per class),andtheyaremore
spreadapart. (Theywill roughly spanthe samevolume of feature
spacethough.)

It isinterestingto examinetherecognitionperformancen pro-
ducewhenthetraining datais completelyunrelatedo thetestset.
This is exactlywhatis displayedin Figure15 (coloronly). Three
setsof produceare used: 145 itemspurchasedrom a Turcossu-
permarketn Januaryl16itemsfrom aFoodEmporium purchased
in Februaryand89 itemsboughtfrom a differentFoodEmporium
in March. Hence theitemswereboughtfrom differentstoresand
in differentmonths(but all in the winter). Two of the storesare
in the samechain;the third storeis independentOtherthanthat,
notmuchis knownaboutthedatasets,.e.,theregionof origin, the
wholesaler the methodsof storage all could be different for the
two sets.

The cells in the table refer to teststhat are performedwith
the systemtrainedon a particularset. The ®rstnumbergivesthe
percentagef correctly classi®edtems,the secondone givesthe
percentagéhatis classi®edn the top four. This rangesroughly
from 25% / 56% to 40% / 68%. Theseare the type of results
that can be expectedvhenthe systemis trainedin oneregionin
oneseasorandthentestedn adifferentregionat a differenttime.
Incrementatrainingasdiscussedh Sectiord will quickly ®ne-tune
theperformance.

The numberin parenthesem Figure 15 indicatesthe number
of itemsthattwo datasetshavein common. Thereis not much
consistencyin the namingconventionsof producein the various
stores(®Indian River Red Grapefruit®/2Pink Grapefruit®). Items
with thesamenamein differentstoresarenot necessarilghe same
item (®baking potato®).

Thetableof Figurel6 summarizegheresuts. Here theaverage
andstandardieviationof theresultsof Figurel5aregiven. Onthe
left, theaverageof trainingandtestingon same-storelatais given:
82.6%top choice,95.5%in top four. The standarddeviationis
rathersmall, indicatingthatthesetypesof resultscanbe expected
regardlessf thestore. Thetableontherightin Figurel6givesthe
performancenumberghatare obtainedwhenthe systemis trained
onadatasetthatis completelyunrelatedo thedatathatit is tested
on.

6 Discussion

Automatic visual recognitionof producet either at the point of
saleor in the producedepartment is not asunattainablexgoal,as
is commonlybelieved. We havedeveloped producerecognition
systemthat usesa color camerato imagethe items. A special
purposemagingsetupwith controlledlighting allowsvery precise
segmentationf theproducdtemfrom thebackgroundFromthese



Case || Numberl | InTop4
Normalmatcher 80.8% 95.1%
Normalmatcher5-5 || 79.3% | -1.5 | 94.0% | -1.1
Automaticselection || 78.7% | -2.1 | 94.1% | -1.0
5" 5" window 78.7% | -2.1 | 91.5% | -3.6

Figure13: Comparisorio basematchingtechnique.

Case | Correct | InUpTo4 | FalsePositive| Correctin4
Normalmatcher 69.8% | -11.0| 92.3% | -2.8 4.15% 2.77%
Automaticselection|| 57.7% | -23.1| 90.5% | -4.6 4.55% 3.56%

Figure14: Comparisorof techniquego basematchingtechnique.

Reference
Turcos | FoodEmporiuml | FoodEmporium2
Turcos 77.7792.3 (145)| 38.0/68.2 (97) | 33.7/65.6 (75)
Test | FoodEmp.1 || 34.1/62.5 (96) | 85.8/96.7 (116) | 39.9/68.5 (82)
FoodEmp.2 || 24.6/56.1 (73) | 31.4/67.6 (79) | 84.4797.5 (89)
Figurel5: Crossdatasettesting.
recognitiontime, which is currently under secondon special
SamesStore Summary purposehardwareon a PCbasednachine.
[| Mean | Std. Dev.
Top Choice 82.6% 3.5
in Top4 955% | 2.3 REFERENCES
Classedlested| 117 23 [1] D.H.BallardandC.M. Brown.ComputeMsion. PrenticeHall, 1982.
CrosssStore Summary [2] R.M. Bolle, J.H. Connell,N. Haas,R. Mohan,andG. Taubin. Veg-
| Mean | Std. Dev. gievision: A producerecognitionsystem TechnicaReportforthcom-
Top Choice 33.6% 49 ing, IBM, 1996.
In Top4 64.8% 44 [3] R.Haralick. Statisticalandstructuralapproacheto texture. Proc. of
ClassedTested| 84 9 the|EEE, 67(5):786+804May 1979.

Figure16: Summaryof multiple storeclassi®catiomesults.

segmentedmagesrecognitioncluessuchascolor andtextureare

extracted.

Of coursejustasahumancashierour systemdoesnotachieve
100%correctrecognition. From the outset,the userinterfacehas
beendesignedvith thisin mind. Only whenthe classi®cationf a
produceatemis judgedto beveryreliable,onetopselectiorproduce
classsgivenbythesystemijn all othercasesthehumaroperatoiis
askedo makethe®nalclassi®catioby selectingfrom adisplayed
setof produceémages.Whenusingonly colorasclassi®catiogue,
roughlythefollowing classi®catiomesultsareobtained:

60% || sureandgenerateshecorrectanswer

30% || putsup multiple choicesponeof whichis correct
5% || surebutguessesvrong(falsepositive)

5% || putsup multiple choicesnoneof whichis correct

Currently color and textureare the bestdevelopedfeatures,and
the onesthat contributemost to reliable recognition. Of these,
color is by far the more importantfeature. Using color alone,
quiterespectablelassi®catioresultsareachieved Addingtexture
improvesthe results,in the rangeof 5 - 10%. Featuresuchas
shapeandsizecanaugmenthefeaturesetto improveclassi®cation
results. However incorporationof thesefeaturesslowsdownthe
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