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ABSTRACT

We presentanautomaticproduceID system(ªVeggieVisionº), in-
tendedto easetheproducecheckoutprocess.Thesystemconsists
of anintegratedscaleandimagingsystemwith auser-friendly inter-
face.Whenaproduceitemis placedonthescale,animageis taken.
A variety of features,color, texture(shape,density),arethenex-
tracted.Thesefeaturesarecomparedto storedªsignaturesºwhich
wereobtainedby prior systemtraining(eitheron-lineor off-line).
Dependingonthecertaintyof theclassi®cation,the®naldecisionis
madeeitherby thesystemor by ahumanfrom anumberof choices
selectedby thesystem.Over95%of thetime, thecorrectproduce
classi®cationis in thetop four choices.

1 Intr oduction

In thispaper, wepresentatrainableproducerecognitionsystemfor
supermarketsandgrocerystores.Thesystem,whichis inexpensive
andfast, is a vision systemwith a singlecolor camerathat is built
on topof ascalethatweighstheproduce.Fromtheproduceimage,
multiple recognitionclues: color, texture,size,shape,anddensity
(weight/area)areextracted,andintegratedto classifytheproduce.
If its identity cannotbe uniquely determinedby the system,the
producerecognitionsystemdisplaysthe top recognitionchoices,
from which the humanoperatormakesthe ®naldecision. The
prototyperecognitionsystemisdesignedwith standardoff-the-shelf
hardwarethat canbe addedto existing(PC-based)cashregisters.
Next generationsystemswill operatewith a card cameraand a
customdesignedimageprocessingboard.

Thesystemhasbeenextensivelytestedonproducefrom several
supermarkets.It achievesaclassi®cationsuccessrateof about84%
for the top choiceandabout95% for the top four choices. Intra-
storeand inter-store testingwas performed,and experimentson
alternativestrategiesfor prototypelearningweredone.

Supermarketsandgrocerystoresarehostile imagingenviron-
mentsandrobust,ruggedsystemsareneeded.Further, thereare
systemrequirementsregardingspace,speed,priceandperformance.
Thefollowing issuesareimportant:
Segmentation:The produceitem will haveto be imagedagainst
somebackground,whichwill varyovertimeandbetweencheckout
stationsboth within and acrossstores. Therefore,reliable fore-
ground/backgroundsegmentationis required. The useof plastic
bagsto packageproducemakesthismoredif®cult.
Color constancy: The color of an object in an image critically
dependsonthecolorof theilluminatinglight, which is highly vari-
able in stores. A controlledillumination systemthereforeseems
unavoidablefor achievingcolorconstancy.
Specularre¯ection: Althoughspecularre¯ectionmayprovideuse-
ful shapeinformation, it doesnot re¯ect the naturalcolor of the

produce. It shouldthereforebe ®lteredout ± especiallywhenthe
specularre¯ection is dueto thebag.
Recognitionspeed:Recognitionshouldbeachievedin timescom-
parableto thoseof currentbarcodereading.Thatis,about1 second
peritem(includingimageacquisition)shouldbeachieved.Because
supermarketoperateonsmallpro®tmargins,thehardwaremustbe
cheap.
Recognitionperformance:Systemaccuracyshouldbe at leastas
goodas that of the averagechecker. Performancecomparableto
bar codescanning(very nearly100 %) is desirable(but probably
notachievable).Therefore,asmanycuesaspossiblemustbeused,
to achievethebestpossiblerecognitionperformance.
Easeof use:TheproduceID systemshouldbesimpleandintuitive
to operate,requiringminimal operatortraining. The produceID
systemshouldbe integratedwith the bar codereaderin a single
enclosure.
Systemtraining: In the store,the systemshouldbe able to adapt
automaticallyto changesin produceappearance(due to season,
freshness,supplier, etc)throughincrementallearning.
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

Figure1: Numberof produceitemsavailablein stores

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

bersvary by store,region,andseason;thehighestis on theorder
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Figure3: Parallelpolarization(a),perpendicularpolarization(b).

(a) (b)

Figure4: A darkimage(a)anda light image(b) of aproduceitem.

of 350 items. Of course,no two produceitemsof the samekind
look exactlyalikeevenif pickedonthesamefarmatthesametime.
Ratherthanattemptto dealwith thesevariationsby modeling,e.g.,
the ripening process,we havechosento designa systemthat is
easilytrainedon theproduceinventoryof a storeandthenincre-
mentallyadaptsto changesin produceappearance.It alsopermits
easyinclusion/exclusionof seasonalitems.

2 Imaging and Segmentation

2.1 Imaging Setup

To respondto thechallengesdescribedin theprevioussection,we
havedesignedanupward-lookingimagingsystem,with anopaque
enclosurewith a transparenttop surface(a glasswindow, approx.
8º � 9º) integratedwith a scale,for concurrentweighing. The
producerestsontheglasswindow while beingimaged.

Figure2showsacrosssectionof theprototypeimageacquisition
system. In this setup,two circular ¯uorescentbulbs areusedto
illuminatetheproduceitemsasuniformly aspossible.Thesystem
includesalinearpolarizing®ltercoveringtheinternallight sources,
and a secondpolarizing ®lter on the camera,orthogonalto the
®rst[7]. It is well known[9] that if light is normally incidenton a
surface,anyspecularre¯ectionof thislight will preserveitsplaneof

polarization,while anydiffusere¯ectionof it will beunpolarized.
�

So, in our system,the part of the producewhich is visible to the
camerais illuminatedalmostentirelyby polarizedlight which will
be®lteredout if specularlyre¯ected,but not if re¯ecteddiffusely.
The systemobtainsgood color imagesof shiny objects,without
glare.

Figure3 showstheeffect of this ®ltering.Figure3awastaken
with thepolarizing®ltersparallel,while Figure3b wastakenwith
the ®ltersperpendicular. In the latter con®guration,they largely
eliminate,not only the specularre¯ections from the objects,but
alsothere¯ectionof thelight sourcein theglassplate.

2.2 Segmentation

The illumination of eachobject visible to the camerais the sum
of its ambientillumination andtheillumination of thesystemlight
source. The latter is inverselyproportionalto the squareof the
distanceto the light. Becauseof the geometryof the system,the
fraction of incident light re¯ectedto the camerais also inversely
proportionalto thesquareof (approximately)thissamedistance.

To segmenttheproduceimagefrom thebackground,thesystem
®rsttakesapicturewith thelightsoff,andthenonewith thelightson.
(SeeFigure4.) Pixelswhich haveincreasedin brightnessby more

�

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



thansomethreshold
� �

aretentativelyclassi®edasforeground(i.e.,
produce),therestasbackground.Thesystemthenexaminesall the
tentativeforegroundpixels; if, in the original ªdarkº image,they
werebrighterthananotherthreshold,

��� � � �

, they arere-classi®ed
as background. The remainderconstitutethe ªtrueº foreground.
Backgroundpixelsaresetto zero.

The
� �

testeffectivelysegmentsoutdistantobjects,suchasthe
ceiling. But it is notenough,becauseif theproduceshouldhappen
to becontainedin a plasticbag,thebagwould besegmentedin as
foreground.Sothe

� � � � �

testis necessary, andidenti®esthebags,
whichareilluminatedsomewhatby light transmittedthroughthem.

Highly re¯ectiveobjectswill showa greaterincreasein bright-
nessthan lessre¯ective onesequally far away, so in theory, the
formermightbeperceivedascloser. But in practice,thebrightness
variationdueto re¯ectanceis muchlessthanthatdueto distance.
Suitablethresholdscanbechosen,givenknowledgeof theambient
conditions,sothatevendarkvegetableslike eggplantshowenough
brightnessvariation (providedthat it is enclosedby a somewhat
milky bag)to classifyasforeground.Theproblemis thedynamic
rangeof today'saffordablecameras.

For goodsegmentation,it is importantthattheproducebesta-
tionary during imaging. This is easily assuredbecausethe scale
will not give a readinguntil its platform hasstabilized. The seg-

Figure5: Thesegmentationof imagein Figure4

mentedimageobtainedfrom the imagesin Figure4 is shownin
Figure5. Notethatsegmentedout of this imageare: thebagthat
surroundstheproduce,the recessed̄uorescentceiling lights, and
the otherwisedark ceiling. A large variety of suchambientlight
sourcecon®gurationscanbetolerated± ceiling spotlightsshining
straightinto thecameracancauseproblems,however.

3 Featuresfor Recognition

For thedesignof theproduceclassi®cationsystem,theissueis not
which featuresto use± color, texture,shape,etc. aretheobvious
choices± buthow to tailor thefeaturesandtheir representationsto
suit theapplication.

Note that the representationfor a produceitem shouldbe in-
variant with respectto rotation and translation,and with respect
to the numberof produceitems presented,but not to their size.
(Orangesshouldbeidenti®edthesame,regardlessof placementor
number, but large orangesaresometimespriceddifferently from
smallones.If a producecountis needed,it is bestto do thiscount
after produceclassi®cationratherthan incorporatingthe countin
the producerepresentation.)Secondly, becauseit will be neces-
sary to (re-)trainat the point of sale,the representationsand the
classi®cationmechanismshouldbesimple.

3.1 Histograms

For thesereasons,extensiveuseis madeof histogramsasproduce
representation.A histogramis a verycompactrepresentationof an
object,manyordersof magnitudesmallerthantherawimage. Color
histogrammingasanidenti®cationtechnologyis a practiceof long
standing;a recentexampleis [10]. The histogramrepresentation
canbeextendedto othervisualcues,aswell. To achieveinvariance
with respectto thenumberof produceitems,ourhistograms,unlike
thosein [10], arenormalizedwith respect totheforeground(produce
portion)of thesegmentedimages.

If histogrammingis to beemployed,certainconditionsmustbe
true,which thedesignof oursystemassuresor stronglypromotes:

� All the training histogramsand the recognitionhistogram
shouldbeobtainedfrom imagesacquiredundersimilar illu-
minationconditions.

� Most of the object is in the image,and is not obscuredby
otherobjects.

� It is necessaryto know which pixels constitutethe object,
or at leastthereshouldbeno distractionsin thebackground
(i.e., theimageis segmented).

3.2 Color

Colorcapturesasalientaspectof theappearanceof produce,andis
not dependenton thepositionor orientationof theproduce.Many
colordescriptions(spaces)canbefoundin theliterature,including:

� theRed/Green/Blue(RGB)space[1],
� theopponentcolorspace[4],
� theMunsell(HVC) space[8],
� theHue/Saturation/Intensity(HSI)[1] space,similar to Mun-

sell.
Oursystembuildsits colorhistogramsin thethree-dimensional

HSI space. Hue is the spectralshade,which variescontinuously
fromredthroughgreentoblue,saturationis theªdepthºorªstrengthº
of thecolor, andintensityis thebrightnessor graylevel. We con-
vert thecameraoutputto HSI, usingthestandardtransformascan
be found in [1]. The histogramsfor eachof H, S and I dimen-
sionsarecomputedasseparate,one-dimensionalhistograms.Then
theyareconcatenatedinto onelong, one-dimensional,ªextended"
histogram.

Figure6 showstwo examplesof segmentedimages: Granny
Smith apples(Fig. 6a) and oranges(Fig. 6b). Figure 7 shows
the correspondinghistograms,producedby accumulatinga count
of the quantizedvaluesof the H, S and I componentsof each
pixel in the segmentedimage's foreground. Note that the most
profounddifferencebetweenthe applesand the orangesis in the
hue component. The peakfor applesis to the right of the peak
for oranges,re¯ecting thefact thatapplehuelies in thegreenpart
of thespectrum.Thesaturationhistogramsshowthattheoranges'
coloris alittle strongerthanthatof theapples.In Section4,wewill
discusshow muchthedifferentcomponentsof color contributeto
overallrecognitionperformance.

3.3 Texture

Texture is important for discriminatingproduce,for thereare a
greatmanygreenvegetableswhich arenot reliably discriminable
by color.

Textureisavisualfeaturethatismuchmoredif®cultto describe
andto capturecomputationallythancolor; also,it is a featurethat
cannotbe attributedto a single pixel, but ratherto a patchof an
image. It is a descriptionof thespatialbrightnessvariationin that
patch.Texturecanbearepetitivepatternof acommonunit(atexel),
ason artichokesandpineapples,or it canbemorerandom,aswith
the leavesof parsley± compareto the structural and statistical
texturedescriptionsin [3]. Muchresearchhasbeendoneontexture



(a) (b)

Figure6: Apples(a) andoranges(b).

(a1) (b1)

(a2) (b2)

(a3) (b3)

Figure7: Histograms:hue(1), saturation(2), intensity(3).

in thepastthirty years,andmanycomputationaltexturemeasures
havebeendeveloped[3, 12].

We haveexperimentedwith manytexturesmeasuresthathave
beenproposed,rangingfrom Tamura[11] to Laws [6]. Though
theymayperformquitewell ontheBrodatztexturedatabase,sadly,
noneof themperformswell for distinguishingproduce,and they
requirefar morecomputationthanthis applicationcanafford. We
havedevelopedtwo texturemeasures(measures

�

and � ), eachof
whichcanbecomputedextremelyquicklyandoutperformsall other
measureswe haveexperimentedwith in discriminatingbetween
producetextures. Each texture measureis computedusing the
segmentedimagefrom thegreenchanneloutputonly.

Texture measure A: This measureconvolvesthe imagewith
two crossedbar masks,with the barsparallel to the image � and
� directions. Thearmsareof equallengths,onepixel wide. The
horizontalandverticalconvolutionof theimagewith thesebarsis
denotedby ��� � � �

� 	 and ��
 � � �

� 	 , respectively, with pixel � � �

� 	

thecenterpoint. Fromthis,a texturemagnitude�
� � �

� 	

�
� � �

� 	����

��� � � �

� 	

���

��
 � � �

� 	

�

(1)

is computed.
Thebarmasksareof theform [ �����
��� ], [ ���
�������
�

����� ], etc. The convolutionsareperformedfor a few different
sizesof mask,againstthefull-resolutionimage.A histogramof the
magnitudevaluesfor all pixelsis computedandconcatenatedwith
thecolorhistograms.

Figure8showssegmentedimagesof stringbeansandwatercress
andgivestheirMeasureA histograms.

Texture measure B: MeasureB is a ªcenter-surround"oper-
ator, a kind of ®rst-orderstatistic. It consistsof computingand
histogrammingthedeviationof theimageintensityof a pixel from
theaverageof its neighborsin a moderate-sizedblock centeredon
thatpixel. (Forreasonsof speed,it isperformedonareducedimage,
obtainedby subsamplingthe full-resolutionone.) The deviations
arehistogrammed.



(a1) (b1)

(a2) (b2)

Figure8: TextureMeasureA histogramson (a) StringBeansand(b) Watercress:(� ) SegmentedImage,( � ) Magnitude.

As with thecolor histograms,this histogramis normalizedfor
foregroundpixel count, i.e., object size. Since this measureis
roughlyradiallysymmetric,it is approximatelyrotation-invariant.

Figure9 givestheMeasureB histogramsfor thesameitemsas
Figure8.

Thesystemcanalsouseotherclues,see[2] for moredetails.

4 Classi®cationand Training

Thesystemusesnearest-neighbortechniques(e.g.,[5]) for classi®-
cation. It thusavoidscomplicateddynamicupdatingof its database
andclassi®cationrules that would be requiredfor possiblymore
ef®cientandmoresophisticateddataclassi®cationschemes,yet it
is still fast enoughthat the DSPhardwarecanscan���
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prototypes[ � (400)classes���

� � �

	 prototypesperclass]in under
1 second(400 produceitems is the high-endof what is found in
supermarkets;seeFigure1). Detailsof the classi®cationprocess
follow.

Let ��� �
	

�

� � � � � � � denotetheN prototypehistograms,and
let 
 denotethe histogramof a produceitem to be recognized.
Each (extended)histogramis a concatenationof its component
featurehistograms. ���

� and 


� refer to thesecomponents;���
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	 � . (Each
is normalizedasappropriatefor thatfeature.)With eachprototype

��� , a produceclassidenti®er� � ���

	 (for instance,ªArugulaº) is
associated.

Comparisonbetween
 andthe � 's is performedusinga dis-
tancemeasure.Thedistancebetweentwohistogramsistheweighted
sumof thedistancesbetweenthehistogramcomponents,wherethe
componentfeaturehistogramshaveweights 
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and the componentdistancesare (

� (ªManhattanº)distancesbe-
tween the histogramvectors. This provides a straightforward
methodof integratingthe various features,it is computationally
simple,andhasbeenvalidatedby experimentation.
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The recognizerreportsa decisionquali®erin the form of ªsure,º
ªokay,º or ªunreliable,ºand

� theuniqueidenti®cation,if thequali®eris ªsure,ºor
� multiplechoices,if thetopchoiceis ªokayº or ªunreliable.º
This incorporatesdistances(uncertainties)and the prototype

distribution in featurespaceinto the classi®cation,and takesad-
vantageof the fact that a humanoperatoris (or canbe askedto
be) in thedecisionloop. Thethreesituationsdescribedbelow are
depictedin Figure10. With respectto a distancethreshold
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a: If
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�-� � � � , and � � �

/

	 �
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	 , 0
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�
� � � � ,
then 
 lies in a portion of featurespacepopulatedonly by
prototypesof a singleclass,andtheclassi®cationis judged
to beªsure.º

b: If
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, 0
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�-� � � � , and � � �
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	21 �
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�

	 , for some 0

�

�
� � � � , theclassi®cationis labeledªokay.º
c: If

!

�

*

�

, the classi®cationis ªuncertain,ºbecause
 is too
dissimilarfrom thenearestprototype.

ªSureº classi®cationsalescould be rung up without human
operatorintervention. For ªuncertainºandªokayº classi®cations,
the classidentities � � �

/

	

��03� � � � � � � � , choicesarecomputed
anddisplayed(in orderof closestmatch)to theoperator, who can
endorsethetopclassi®cation,selecta choicefrom multiple choice
menu,or overridetheclassi®cation.

If theoperatorindicatesthattheclassi®cationmadeby thesys-
tem waswrong, the systemretrains,using 
 asa new prototype
of theclassindicatedby theoperator. If, instead,theclassi®cation
wascorrectbut the systemwasnot sure,it alsoincrementallyre-
trains,using 
 asa prototypeof the classit selected.Finally, if
thematchergeneratesthecorrectanswerandis sureof its choice,
it checkswhetheror not it needsto ªbeefupº thechosenclass'oc-
cupancyof 
 's neighborhood.For a threshold4 anda top match
count5 , if

! /

)

4 for all 06� � �
� � ��� 5 , theregionis judgedsuf-
®cientlypopulated,andnoadditionaltrainingis needed;otherwise,
it is underpopulated,and 
 is addedasa prototype.
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Figure9: TexturemeasureB onstringbeans(a) andwatercress(b).
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Figure10: Classi®cationquali®ersbasedon featurespace.

As trainingresultsin storingnewprototypes,old onesmustbe
discardedtoavoidaccumulatinglargenumbersof them.Thesystem
thereforehasalimit onthenumberof prototypesit will storefor any
oneclass,andhasaschemefor determiningwhichprototypeit will
discardif it hasto learn(store)a new one. The schemeinvolves
keepinga usagecount of how many times eachprototypewas
matched,aged(decayed)accordingto howfar in thepastthematch
was(andtherefore,how ªstaleº (no pun intended)that prototype
is). The parameterscanbe tunedto a store's checkoutratesand
volumes,so that retrainingfollows closely produceripeningand
replenishmentcycles.For full details,see[2].

5 RecognitionPerformance

Thesystemhasbeenextensivelytestedon a databasethatcon-
tainsapproximately5,000imagesof some150 different produce
types. Theseimageswere obtainedfrom purchasesin four dif-
ferentstores;from two otherstores,at leastoneof eachavailable
produceitem waspurchased.

The table in Figure 11 gives an indicationof the recognition
powerof someimagefeatures.This testis performedonadatabase
of 48produceitems,with ®veimagesof each.In all theimages,the
itemsarein thetransparentbagscommonlyfoundin grocerystores.

�

Thesystemwastrainedon all images,resultingin a trainingset
�

of 240( �

�

� � ) histograms.Testingwasperformedbymatchingthe
imagehistogramsto thesetraininghistograms,while not allowing
an imageto beclassi®edby matchingagainstitself. That is, a test
histogram
 is classi®edas � � �

	 suchthat
!

� 
 � �

	

� ���

�

, is
minimal andnotzero.

As canbe seenfrom the ®rsttwo columnsof Figure11, hue
is themostpowerfulcolor feature,with 59%of theproduceitems
classi®edcorrectlybasedon huehistogramsalone;for 87%of the
items, the correctclassi®cationis in oneof the top four choices.
Saturationalonedoessigni®cantlylesswell, andintensityaloneis
evenworse.Thetexturemeasuresperformcomparablyto intensity.

The secondtwo columnsof the table of Figure 11 give the
resultswhenhue,saturation,andintensityarecombinedandwhen
two texturefeatures(TextureA andTextureB ± seeSection3) are
combined. For color (H,S,I) we havethat 72% of produceitems

�

Type4 LDPE(Low DensityPolyethylene)transparentbags,beingmoretranspar-
entthanType2 bags,givebetterclassi®cationresults.

is classi®edcorrectlyand90%thecorrectchoiceis in thetop four
selections.For thecombinedtexturemeasures,thesenumbersare
33%and63%,respectively. Finally, the last two columnsgive the
classi®cationresultswhencolor and texturearecombined. 80%
of the produceitems is classi®edcorrectly; 97% of the time, the
correctansweris in thetopfour choices.Thesenumbersaretypical
of theperformancewe havefoundthroughoutall testing.

Theabovetestis ononly 48 produceitems± aboutthenumber
found in a typical smallproducedepartment.A larger testof 145
items,every item on the shelf, wasperformed,usingall produce
itemsavailablein asupermarket.� Thecharacteristicsof thissample
areasfollows:

� Most itemsweresoldin bulk; a few werepre-packagedand
wereunpackedfor testingpurposes.

� Thetestsetcontainedmanyproduceitemsthatbelongto the
samevariety, butwereof differenttypeor quality, e.g.,seven
typesof apple,seventomatotypes.

� Of the145 items,50 weremainly greenin color (American
parsley, Italian parsley, GrannySmith apples,...) while 95
itemswereof a differentcolor (bananas,potatoes,...).

� All the produceitemswerepackagedin transparentplastic
bags(similar to bagsin theprevioustest).

Ten imagesof eachitem weretaken. Here,efforts weremade
to confusethesystem.Itemssuchapplesandlemonswereimaged
with a varying numberof themin thebag. Whenpossible,items
werephotographedin odd positions,including somethat arenot
likely to occurat a realcheckoutcounter, for example,a broccoli
balancedonitshead.Itemsthathavenon-uniformappearance,such
ascarrotswith theleavesattached,wereimagedwith thedifferent
(e.g.,orangeandgreen)partsexposedin different images. Such
imagingcouldpossiblyadverselyeffect therecognitionresults.

Testingof thisdatasetwasdoneusingleave-one-out[5]. Or, to
bemoreprecise,thesystemwastrainedonall 1,450imagesandthen
testedon theimages.Whenevera classi®cationdistance

!

� 
 � �

	 ,
with 
 the testhistogramand � a prototypehistogram,waszero,
thesecondbestprototypesidenti®erwasselectedastheclassclass
of 
 . Figure12 gives the resultsof usingcolor aloneandcolor
combinedwith texture. The resultsarevery much in agreement
with, andevena little betterthan,thosegiven in Figure11. For
color andtexturecombined,84% of the time the correctproduce

�

FoodEmporium,Rye,NY (mid-winter).



Number1 In Top4 Number1 In Top4 Number1 In Top4
Hue 59% 87%
Saturation 37% 59% 72% 90%
Intensity 22% 55% 80% 97%
TextureA 24% 57% 33% 63%
TextureB 23% 54%

Figure11: 48 produceitems,®veimageseach.

classwasselected,96%of the time, thecorrectclasswaspresent
in the top four choices.The resultsarebetterthanthosereported
for thesmallertestsetabovebecausethesegmentationalgorithms
weremorere®nedat thetimeof thetest.

Number1 In Top4
Color 79% 93%
Color andTexture 84% 96%

Figure12: Everyitem on theshelf,tenimageseach.

Thetableof Figure13 givessomeresultsof experimentswith
different training and learningtechniques.The databaseconsists
of 506 imagesof 51 producetypes(10 imagesof most produce
types). Only color is usedin theseexperiments.The ®rstrow of
Figure13givesthenormalmatcherresults.All imagesareusedfor
trainingandall imagesareclassi®edusingtheseprototypes,but if
animageis matchedto itself, thesecondchoiceis selected.95.1%
is classi®edcorrectly in the ®rstfour choices,andfor 80.8%,the
topchoiceis thecorrectone.

Thesecondrow reportsresultsin which,for eachproduceitem,
the®rst®veimageswereusedfor trainingandsecond®veimages
wereusedfor testing.Classi®cationdegradedbyslightly morethan
1%.

In therow labeledªAutomaticselection,ºtraininginstancesare
automaticallyselected,basedon distancesin thefeaturespace.A
new training sample �

�

of a classis only addedas a prototype
of that classif

!

� �

�

� �

	2*

� � � �

, for all prototypes� in that
class. Theresultis that,on average,6.4 prototypesarestoredper
class. Classi®cationresultsdegradea little, but not enoughto be
consideredstatisticallysigni®cant.

The last row simulatestherow oneexperiment,but asthough
thesizeof theenclosure'sglassplatehadbeenreducedto �

�

�

�

�

,
roughly the size of window that is found in today's embedded
barcodereaders.Only thecentralregionof thedatasetimageswas
processed.Somedegradationof performanceoccurs,but it cannot
beconsideredalarming.

Humanselectionof thecorrectproduceclassfor everyproduce
item is consideredundesirable.It is preferredthatthesystemgive
only onechoiceif the top choiceis in somesensereliable. Such
ªhardº or forced classi®cationis achievedby emitting only one
classi®cationif thetwotopmatchingclassesarethesame.Figure14
givessomeresults.ThesamedatasetasinFigure13±506imagesof
51vegetabletypes±isused.The®rstrow givesthenormalmatcher
results: 69.8%of the time, the system's top choiceis the correct
classi®cation,11% worsethan the normalmatcherof Figure13.
92.3%of the time, oneof the up to four classesdisplayedis the
correctone. (Sometimesfewer thanfour aredisplayed.)Forcing
a singlechoicehasits drawbacks;4.15%of thetime this choiceis
wrong(falsepositive),andin about�

� �

of thesecases(2.77%of the
time),thecorrectchoicewasamongtheotherchoiceswhosedisplay
was suppressed.(Theselatter numbersare indicatedin columns
labeledFalsePositiveandCorrectIn4.) An 11%drop is indicated
(comparedto row one,Figure13) in thistable.Notethatthis is due

to thoseitemsthathaveanitemof thesameclassasnearestneighbor
andoneof differentclassassecondnearestneighbor, whichwould
havebeenclassi®edastopchoicein Figure13.

The secondrow in the tableof Figure14 givesthe resultsof
the sameexperimentwhen automaticselection(as in Figure 13)
is used. This leadsto a 23.1%drop in the top choiceselection,
which canbe attributedto the fact that fewer prototypesperclass
areavailable(6.4 perclass,versus9 perclass),andtheyaremore
spreadapart. (Theywill roughlyspanthesamevolumeof feature
space,though.)

It is interestingto examinetherecognitionperformanceonpro-
ducewhenthetrainingdatais completelyunrelatedto thetestset.
This is exactlywhat is displayedin Figure15 (color only). Three
setsof produceareused: 145 itemspurchasedfrom a Turcossu-
permarketin January,116itemsfrom aFoodEmporium,purchased
in February, and89 itemsboughtfrom a differentFoodEmporium
in March. Hence,theitemswereboughtfrom differentstoresand
in different months(but all in the winter). Two of the storesare
in thesamechain; the third storeis independent.Otherthanthat,
notmuchis knownaboutthedatasets,i.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
percentageof correctlyclassi®editems,the secondonegives the
percentagethat is classi®edin the top four. This rangesroughly
from 25% / 56% to 40% / 68%. Theseare the type of results
that canbe expectedwhenthe systemis trainedin oneregionin
oneseasonandthentestedin a differentregionat a differenttime.
Incrementaltrainingasdiscussedin Section4 will quickly®ne-tune
theperformance.

The numberin parenthesesin Figure15 indicatesthenumber
of items that two datasetshavein common. Thereis not much
consistencyin the namingconventionsof producein the various
stores(ªIndian River Red Grapefruitº/ªPinkGrapefruitº). Items
with thesamenamein differentstoresarenotnecessarilythesame
item (ªbakingpotatoº).

Thetableof Figure16summarizestheresults. Here,theaverage
andstandarddeviationof theresultsof Figure15aregiven. On the
left, theaverageof trainingandtestingonsame-storedatais given:
82.6%top choice,95.5%in top four. The standarddeviationis
rathersmall, indicatingthat thesetypesof resultscanbe expected
regardlessof thestore.Thetableontheright in Figure16givesthe
performancenumbersthatareobtainedwhenthesystemis trained
ona datasetthatis completelyunrelatedto thedatathatit is tested
on.

6 Discussion

Automatic visual recognitionof produce± either at the point of
saleor in theproducedepartment± is notasunattainableagoal,as
is commonlybelieved.We havedevelopeda producerecognition
systemthat usesa color camerato image the items. A special
purposeimagingsetupwith controlledlighting allowsvery precise
segmentationof theproduceitemfrom thebackground.Fromthese



Case Number1 In Top4
Normalmatcher 80.8% 95.1%
Normalmatcher, 5-5 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: Comparisonto basematchingtechnique.

Case Correct In Up To 4 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: Comparisonof techniquesto basematchingtechnique.

Reference
Turcos FoodEmporium1 FoodEmporium2

Turcos 77.7/ 92.3 (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) 84.4/ 97.5 (89)

Figure15: Crossdatasettesting.

SameStore Summary
Mean Std. Dev.

TopChoice 82.6% 3.5
In Top4 95.5% 2.3
ClassesTested 117 23

CrossStoreSummary
Mean Std. Dev.

TopChoice 33.6% 4.9
In Top4 64.8% 4.4
ClassesTested 84 9

Figure16: Summaryof multiplestoreclassi®cationresults.

segmentedimages,recognitioncluessuchascolor andtextureare
extracted.

Of course,justasahumancashier, oursystemdoesnotachieve
100%correctrecognition. From theoutset,theuserinterfacehas
beendesignedwith this in mind. Only whentheclassi®cationof a
produceitemis judgedtobeveryreliable,onetopselectionproduce
classisgivenby thesystem;in all othercases,thehumanoperatoris
askedto makethe®nalclassi®cationby selectingfrom a displayed
setof produceimages.Whenusingonlycolorasclassi®cationcue,
roughlythefollowing classi®cationresultsareobtained:

60% sureandgeneratesthecorrectanswer
30% putsup multiplechoices,oneof which is correct
5% surebutguesseswrong(falsepositive)
5% putsup multiplechoices,noneof which is correct

Currently, color and textureare the bestdevelopedfeatures,and
the onesthat contributemost to reliable recognition. Of these,
color is by far the more important feature. Using color alone,
quiterespectableclassi®cationresultsareachieved.Addingtexture
improvesthe results,in the rangeof 5 - 10%. Featuressuchas
shapeandsizecanaugmentthefeaturesetto improveclassi®cation
results. However, incorporationof thesefeaturesslowsdown the

recognitiontime, which is currently under � secondon special
purposehardwareon a PCbasedmachine.
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