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Abstract

MEMORI (MEMory basedObject Recognitionin

digital Images) is a systemfor the detectionand
recognitionof objectsin digital colorimages.The
objectsarestoredin a databasehat representshe
memoryof the system. Eachobjectis described
by severalshotstakenfrom differentpointsof view.

Objectdetectionis achieved by segmentingthein-

putimageusingcolor andtextural information,and
groupingtheobtainedregionsby analyzingheirad-

jaceny relationshipsandtheir visual similarity to

the databas@bjects. Databaseobjectsandregion

groupsare describedby vectorsof low-level fea-

tures likecolor, textureandshape Visualsimilarity

is de ned asthe L *-distanceamongsuchvectors.
Theregion groupingstrateyy is guidedby heuristic
rules mainly relatedto the distanceof the groups
to the databaseobjects. The nal resultis a set
of image portionseachassociatedo one or more
databasebjectsalongwith acon dencescore.

1 Intr oduction

Objectrecognitionplaysacrucialrolein Computer
Vision andin particularin the eld of the seman-
tic descriptionof the contentof visual material[1],

[2]. Theproblemof objectrecognitionhasbeenin-

tenselystudiedin pastdecades.The mostpopular
approachesanbedividedinto two cateories:tree
and graph-basedanethodsand alignmentmethods.
The rst classincludesthe techniquesnvolving a
tree or a graphrepresentatiorof the images: the
objectdetection/recognitionis achiezed by means
of subgraphor graphmatchingalgorithms. Some
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examplesarein [3], [4], [5], [6], [13]. The sec-
ond classcontainsthe methodsbasedon the de -
nition of correspondencmeasurebetweenmage
portionsand the object models. Templatematch-
ing approachesnd recognitionby shapeanalysis
[7], [8] fall in this category. Both thesecateyories
include largely usedapproachegmploying proba-
bilistic modelsof theobjectsandthescenesas[11],
[14], [13].

As Gestalts principlespointedout, [3], [4], the
main procesf the humanperceptionsystemcon-
sistsof the groupingof imageentities,lik e adjacent
regions, consecutie pointson a line or on a path,
groupsof homogeneousegions close one to the
others,etc. Many methodologieselying on group-
ing stratgly have beenusedin the gure-ground
discrimination,shaperecognitionandobjectrecog-
nition, as[4], [12], [13]. MEMORI, the presented
system performsthe detectionandthe recognition
of objectsof a databasewithin digital imagesby
meansof a region grouping algorithm guided by
heuristicrules. Unlike othersystemg3], [16], that
aretailoredto therecognitionof speci c catgories
of objects(e.g.airplanesor handtools), MEMORI is
independenof the setof objectsto be recognized.
In this framework, the objectsdatabasétself is an
input parametenf the system.The main dif culty
is dueto thefactthatwe ignoreeitherwhich objects
of thedatabasarepossiblypresentn theinputim-
age,or theirnumberandlocation.Moreover, we do
not have a priori information abouttheir appeare-
ance(i.e. theobjectscanberotated rescaleddiffer-
ently illuminated, occluded). For a sgmentation-
basedmethodsuchas ours, a further dif culty is
the partitionof anobjectin multiple parts.

In MEMORI, the recognitionof databasebjects
in an input color imageis achieved in two steps:
rst, by segmentingtheinputimageon the basisof
color and textural information; next, by grouping
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Figurel: MEMORI's structure.

the obtainedregions accordingto their adjaceng

relationshipsand visual similarities to the objects
of the databaseRescaledrotated,and ipped ver

sionsof known objectsarerecognizedaswell.

No modelsor hypothesesboutthe background
aremade.

The paperis organized as follows: Section2
presentsan overview of the structureof MEMORI;
Section 3 describesthe databaseacquisitionand
the estimationof someparametersnvolved in the
recognitionprocedurgpre-processinghasg; Sec-
tions 4 and5 explain the objectidenti cation pro-
cessand the region grouping stratgy (processing
phas¢; Section6 describesthe results selection
(post-pocessingphasg, while Section7 shavs the
recognitionperformance®f MEMORI on a set of
syntheticimagescontaining rescaledand rotated
objectsfrom the COIL databas¢21]. Finally Sec-
tion 8 present®ur conclusionsandfuture plans.

2 MEMORI structure

The structureof MEMORI is illustratedin Fig. 1.
The three colored boxes highlight the main oper
ating phasef the software: pre-processing pro-
cessingandpost-pocessing

The pre-processingtep, that takes place each
time a databaséasbeenselectedis devotedto the
databaselescriptionandto the extractionof some
parametersubsequentlyisedin the region group-
ing processaswell asin theresultselection.MEM-
ORI requiresdatabases which eachobjectis de-
scribedby meansof several imagesrepresenting
differentviews (e. g. the ColumbiaUniversity Im-
age Library (COIL) [21] and the ETH-80 Image

Set[22]). For eachobjectview in the database,
MEMORI computesa featurevector containingin-
formationon color, texture andshape. The result-
ing setof describedbjectviews representhe sys-
temmemory thatwill bescannedy the objectrec-
ognizerto establishthe similarity of the analyzed
imageportionswith the objects.Sincethe usedde-
scriptorsareinvariantby translationrotation,scal-
ing and ip, objectstransformedy thesefunctions
andtheir combinationsarewell recognized.

The pre-processinghasealsoincludesthe estima-
tion of some parameteraisedin the next steps.
Theseparametertiave beenintroducedo speedip
the groupingprocedureandto de ne somecriteria
to establistthereliability of therecognition.

Theprocessinghasds devotedto the objectde-
tection and recognitiontask. The input is a digi-
tal imagepossibly containingsomeobjectsof the
selecteddatabase.The imageundegoesa region
growing sggmentatiorproces$asednacombined
analysisof color and texture [19]. The resulting
segmentedimageis then representedy a region
adjacencygraph (RAG), the structuresupporting
the region groupingmodule. An objectis in fact
searchedhs a set of adjacentimageregions, such
thattheir unionis visually similar to the objectit-
self. This steprepresentshe coreof thesystemand
is realizedby the interactionof the two main com-
ponents: the region grouping moduleand the ob-
jectrecanizer. The rst modulecontrolsthe pro-
cessof generatinghew region groupsstartingfrom
the nodesof the RAG. At eachstepof this process
the mostpromisinggroupis selectecandexpanded
by meming it to its adjacentgraphnodes. Each
new groupis sentto the objectrecognizerwhich
provides a similarity scorewith the objectsin the
databaseThescoreis usedby the region grouping
moduleto control the selectionof the next group
andtheterminationof the expansiornprocessin or-
derto computethe similarity score,the objectrec-
ognizerdescribegheregion groupsusingthe same
featuresutilized for the databasebjects. Feature
vector computationis carried out by meansof a
modi ed version[20] of the content-basedimage
retrieval (CBIR) systemCOMPASS[17].

The outputof the processinghasds typically a
list of region groupseachassociatedo oneor more
objects of the databasewith a con dence score.
Thislist is theinputof thepost-processinghasein
whichtheresultsare Itered usingdifferentcriteria



suchas: grouparea,objectsimilarity andgeomet-
ric relationamongsolutions(seeSection6 for the
precisede nition).

3 Pre-processingphase: databaseac-
quisition and parameter estimation

During the pre-processinghasethe descriptionof
the objectsin the databaseand the computation
of somesystemparametersvhich dependon the
databasareperformed.

3.1 Object Description

The descriptionof the objectsin terms of color,
texture and shape, is performedusing a modi-
ed version of the content-basedmage retrieval
(CBIR) systemCOMPASS[17]. In COMPASSthe
descriptionof imagesuseshistogrambasedtech-
niguesto representintensity hue, saturationand
edgesdistributions of an image, along with two
bi-dimensionakooccurencenatricesof luminance
and hue weightedby saturation. The CBIR sys-
tem [17] hasbeenextendedin [20] with support
of arbitrarily shapedegionsandintegratedwith the
computationof shapedescriptorsthe region based
Li momentsand the contourbasedFourier coef-
cients.More comple texture descriptorsbasedon
wavelets,have alsobeenadded All thefeaturesare
normalizedin orderto be invariantundertransla-
tion, rotation,scale,and ip. Theresultingfeature
vectorv contains208 componentswhosevalues
areintegersin therange[0, 255]. It is alsopossible
to selectonly someof thesefeaturesfor imagere-
gionsdescription.

Let U bethesetof thefeaturesusedto describeéwo
imageportionsl 1; 1, andletvi; v, betheirrespec-
tive featurevectorswith dimensionD (jUj) depen-
dentoncardinalityjUj of U. Thesimilarity between
I1 andl, is measuredy theL® distancebetween
V1 andv, normalizedby 255D (jUj):

1 DY@ i)

L L i
d(vi;va) = 255D (U] ) vii vajir o (1)

3.2 Automatic Parameter Estimation

The parameterestimationis addressedn the fol-
lowing sections.

3.2.1 Descriptors Robustnesswith respectto
someaf ne transformations

Generally in the digital images,the databaseb-
jects can appearas rotatedin the imageplane by
an anglep andrescaledby a factor®. Therefore,
it is essentialto testthe capability of the system
to recognizerescaledandrotatedobjectsandto de-
ne adomainfor the parameter® andp suchthat
the objectdescriptorsareinvariant. If Ro denotes
thenumberof transformedbjectsthatarecorrectly
recognizedtheproblemisto nd thefollowing set:
- = f(®W 2 R?: Roismaximumg  (2)
- is then of the form [®;;®;] £ [ ; ], with
®1;® 2 R andps; e 2 [0;2%). - hasbeencom-
putedby transformingeachobjectshotby 216 (6
scalesand36 angles)pplicationsof theform:

" (X) = BRy(x); ®)

whereR |, is thematrix of therotationof theangle
Hin theimageplane.
In this phase MEMORI computesalsothe setF of
the featuresfor which the bestrecognitionperfor
manceis achieved.

®, and®, arethenusedfor calculatingthe con-
straintson the areaof theimageregionscandidates
to beobjectsandfor Itering thelist of resultspro-
vided by theregion groupingprocess.

3.2.2 Automatic Estimation of someHeuristic
RulesParameters

Currentversionof MEMORI estimategutomatically
the following parametersthat dependcompletely
onthedatabase:
2 theinvarianceset- andthefeaturesetF ;
2 theminimumandthemaximumareaof theob-
jectsin thedatabaseAmin ; Amax ;
2 athresholdAshape for the region grouparea
thatcontrolsthe useof the shapedescriptors.
More precisely

Amn = ®& minfA(O) : O isadatabasebjecy
Anax = ®& maxfA(O) : Oisadatabasebjecy
Ashape = Amin

whereas andF arecomputedasexplainedin the
previoussection.



4 The object classi er

Theretrieval engineof the extendedversionof the
COMPASS CBIR systemis usedas a k-nearest
neighborclassi er. An unknovn imageregion is
classi ed by searchingor the closestobjectviews
within the database.Differently from the typical
CBIR systemsjmagesare not consideredasrect-
angulargrid of pixels,but asa connectedetof pix-
els of ary shape. The searchprocesss very ef -
cient, for exampleretrieving the closestitemsin a
databasef 1 million elementdakeslessthanasec-
ondonastandardPentium42GhzCPU.

The featuresadoptedto describethe images
male theclassi erinvariantwith respecto rotation
of theobjectsviews andrescalingn - .

Using a retrieval systemas a classi er requires
to establishhow the query result, can be usedto
computea classi cationscorefor eachobjectclass.
Severalkinds of scoremay be de ned for anearest
neighborclassi er (see[20]).

Given a queryimageR, the classi er returnsa

basedon the distanceof the closestobjectof each
classwithin the rst N retrievedobjects:

Scoren (€) = 1§ dpest. (4)

wherebest; is therankof the rst occurrencef an

objectof classc in theN retrieveditems. Classes
which are not representedn the ranked list have

score0.

5 The RegionGrouping Technique

The region grouping techniqueis basedon the
graphrepresentationf the sggmentednputimage.
A RAG is an undirectedgraphwhoseverticesare
theimageregionsproducedoy a segmentatiorpro-
cessandwhoseedgesepresentheir adjaceng re-
lationships(seeFigure 2). The basicidea of our
methodis to computeall theconnectedrerticessets
(cvy of theimageRAG to comparethemwith the
objectsin the databasendselectthosecvessuch
thatthe union of the correspondingegionsis sim-
ilar to someobjectsfrom the database.The com-
parisonis achiezed by submittingtheregionsof the
cvesto the objectrecognizer In real caseswhen
theimageRAG is relatively large, the generatiorof

Figure2: At top, from left to right: animage,its
segmentationandits RAG. At bottom,a cvsforest
of theRAG.

all connectedsubgraphss impractical. For exam-

ple, the cvesof a completegraphwith n vertices
are2" | 1. For this reasonwe adoptan explo-

rationstrat@y whichis guidedby severalheuristics
mainly dependingon the similarity of thecandidate
cvssregionsto theobjectsin thedatabase.

5.1 De nition of cvs forest of a simple
graph

A cvsof asimplegraphG = (V;E) isasetS =

elementsn S thereexistsa pathin G joining them.
Thecardinalityof acvswill bereferredto aslength
of thecvs
A cvstreerootedatv, is atreebuilt in thefollowing
way:
2 letthesetf v1g betheroot;
2 jteratively for eachleafnodeS, expands, i.e.
nd all the verticesv 2 V suchthatS. =
S [ fvgisacvsandv doesnotbelongto ary
alreadyexpandedsiblingsof S andaddall the
Se aschildrenof S.
A cvsforestis asetof cvstreesobtainedasfollows:
2 for eachunmarled vertex v of V, build acvs
treerootedat v excludingall the cvssetsthat
containmarkedvertices;
2 markv anditerate.
An exampleof a cvsforestis shavn in Figure2.

5.2 Heuristic Rule Parameters

Thethresholdsnvolvedin theregion groupingpro-
cedureandin the post-processinghasecanbe di-
vided in two groups: (i) parameterdlirectly de-
pendenton the databaseusedto drive the recog-
nition procedureandto selecttheresultsduringthe



post-processingtep; (i) parametersiependenbn
theimageRAG, introducedto speedup the region
groupingprocesgexploration parametes).

Theparametersf the rst groupare:

2 AreaParameters: threethresholdntheob-
jectarea:theminimumandthemaximumarea
of the objectsin the databaseAmin ; Amax ,
and a value Asnape  for the activation of the
shapedescriptors;

2 SegmentedRegionParameter: L, thatis the
maximumnumberof sggmentedegionscom-
posinganobject;

2 DistanceParameters: four thresholdsn the
distances: (i) a distanced.; to establishan
order for the analysisof the various region
groups; (i) a distancedshape for the activa-
tion of the shapedescriptorsusedalongwith
Ashape ; (i) adistanceDg for the classi ca-
tion of aregion groupasa databas@bjector
not; (iv) a distance¢ for the Itering proce-
dure. Two otherparameterselatedto the dis-
tanceareafactorf , 1andanintegerk that
control the effect of the distanceduring the
region groupingphase.

2 Features- related Parameters: thedomain
- of the featureinvarianceand the setF of
featuredor whichthe objectrecognitionis the
bestaspossible.

The Exploration Parameters are threeinteger
numbers: (i) Ns ands that control the classi ca-
tion of aregion groupasanobjector notanddrive
theexplorationof theimageportions;(ii) K , thatis
usedto stoptheregion groupingprocedure.

As mentionedin section3.2.2, Amin , Amax ,
Ashape and- are automaticallycomputed,while
theothersareempirically set.

5.3 Heuristics for RegionGrouping

In a cvs forest of a RAG, eachnodeN is a cvs

We denotetheir union by
R(N). In thefollowing, weindicatewith A(N ) the
areaof R(N ) andwith d(N) the smallestdistance
of R(N) from the databasebjects. The distance
betweenthe imageportion R(N ) andan objectin
the databasés theL* distancebetweerthe feature
vectorof R(N ) andthatof theobject.Weintroduce
theconstraints:

Area constraint: we supposethat the objects
thatare possiblypresentn theimagehave anarea

A belongingto a x edrange[Amin ; Amax |-

cvslength constraint: we supposehatthe ob-
jectspossiblypresenin theimagearecomposeaf
atmostof | regions,sowedonotexpandnodeswith
cvslengthgreaterthanl.

Distance constraints: we impose three con-
straintson the distance: (i) stop the expansionof
anodeN if it hask ancestorsvhosedistanceis
greatetthanthe minimumdistanced, in thebranch
(seeFigure3). (ii) stopthe expansionof anodeN
if d(N) , fdy, withf > 1. (iii) stopthecvstree
expansiorafterK nodesexpansions.

Figure 3: The expansionof the dotted branchis

stoppedbecausatfter 3 steps(k = 3) thedistance
dp = 0:12(lled node)doesnt decreaseThenum-
berinsidethe nodesis its distanced, whereashe
nodeswith label®...” arenotconsideredn this ex-

ample.

Subtree: in orderto avoid over exploration of
asubtreeof a cvstreethathass objecthypotheses,
MEMORI penalizegheanalysiof thenodesof such
asubtree.

Shape Descriptors: the shapedescriptorsare
usediff A(N) , Ashape andd(N) < dshape -
RegionsR(N ) not satisfyingtheseconstraintsare
likely to represenpartsof objectssothattheirshape
is generallydifferentfrom the shapeof thewhole.

A cvs is an object hypothesiswith respect
to the distancethresholddy and the arearange
[Amin ; Amax ]iff thecorrespondingiodeN is such

thatd(N) - dg andAmin A(N) - Amax .
Hered(N ) is computedy usingalsothe shapede-
scriptors.

In the nodeanalysis MEMORI favours rstly the
expansionof the nodeswhose distancefrom the



Figure4: Two objectsof COIL (top) andtwo exam-
plesof the syntheticimagesusedin the tests(bot-
tom).

databasés smallerthana thresholdd., thennodes
whoseareabelongsto the rangespeci ed by the
areaconstraintthennodeswith anareasmallerthan
the value Anin  and nally, nodesbelongingto a
subtreawith s valid objecthypotheses.

6 ResultSelection

Theresultof theregion groupingprocedurds a set
of cvseachonerepresenting candidateémagere-
gionwhich maydepictanobject.

In orderto verify andpossiblycon rm theobject
hypotheseseachof themundegoesthree Itering
procedures.

1. The areaof the hypothesisregion A(N)
is comparedto the areaA(O) of the most sim-
ilar objectin the database. The solution is dis-
cardedf theareadoesnotlie in thetolerancaange
[®A(O); ®:A(O)].

2. Objecthypothesesvith adistancegreatetthan
¢ arediscarded.

3. Objecthypothesegesultingfrom the region
groupingprocedurenay overlapeachother MEM-
ORI decreasethecon dencescoreof anhypothesis
if thereis anoverlappinghypothesisvith asmaller
distance. In fact, if the systemrecognizeswith a
good con dencethat a cvs depictsan object, it is
very unlikely that the regionswhich belongto the
cvsarepartsof otherobjects.

7 Experimental Results

This sectiondescribeghe databaseisedin the ex-
perimental session,and system performancesn
termsof detectiorrateandcorrectrecognitionrate.
The databasehosenfor testingour systemis the
COIL database(Columbia University Image Li-
brary) [23]. It consistsof 7200imagesof 100 ob-
jects, 72 different views for eachobject (seeFig-
ure 4). The objectsare isolatedby meansof a
supervisedsggmentationprocessand describedas
explainedin section3.1. Object recognizerper
formance classi cationaccuray androbustnesgo
scale and rotation transformsand Gaussianblur
noiseof MEMORI objectclassi er on COIL com-
parefavorablywith the supportvectormachineap-
proachof Pontil andVerri [24]. Moreover our ob-
jectrecognizedoesnt suffer of thescalabilityissue
of the well performingSVM beinglinear with the
numberof views and objects. Table 1 reportsthe
accuray andtheerrorratesof thetwo approaches.

Tablel1: Accurag anderrorrateof our objectrec-
ognizerin comparisorwith the SVM approachof
Pontil and Verri [24]: SVM = supportvector ma-
chine,OR = objectrecognizeof MEMORI.

Approach SVM OR OR OR
Leave Leave Leave Leave
1/2out | 1/2o0ut | 3/4out | 5/6out

Accuray 99.97 | 100.00 | 99.98 99.87

Error Rate ‘ 0.03 ‘ 0.00 ‘ 0.02 ‘ 0.13

The objectrecognitionperformancesf MEMORI
hasbeentestedon a groundtruth of 100 synthetic
imagesbuilt by draving rotatedand rescaledver
sion of someCOIL objectson a simple, not uni-
form, backgroundFigure4). The objectsinserted
in the images(735 in total) are randomly chosen
aswell asthe rotationangleandthe scale(in - ).
MEMORI performancesretestedevaluatingthede-
tectionandrecognitionaccurag. An objectO con-
tainedin a groundtruthimageis well detectedvith
respecto arealparametep 2 [0; 1] if thereexists
anobjecthypothesisR suchthatthe overlapfactor

[ A(O\ R)
" A(OI[R)
is greaterthanp whereA() denoteshe areaof a

region. Theratior belongsto therange|0; 1]: the
closerit is to one,the betterthe detectionis. If O
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Figure 5: Accuray of recognitionof the objects
transformedy scalechangeandrotationfor theob-
jectsof COIL databas¢21].

containsR, or R containsO but their overlapfac-

tor is lower thenp, objectO is only partially de-

tected OtherwiseO is missed O is recanizedif

it is well detectedandthe objectcorrespondingo

the result R belongsto the sameclassof O, i.e.

they are the sameCOIL object. To computethe
numberof objectsthatarewell or partially detected
we comparedhe candidateobjectsregion returned
by MEMORI with thatof the ground-truth thenwe

testedf thedetectebjectsarealsorecognizedin

Table 2 the resultsobtainedusing differentvalues
of p areshown.

The parameteraluesusedin theseexperiments
are:1 =20,Amin = 91924, Anax = 2575391,
k =12, K =90,f =2.5,dy = 0.04, dshape
0.002,Ns = 4, s =10, dc = 0.055,¢ = 0.034.
Figure 5 shaws the recognitionaccurag for scale
factorsin [0:5; 1:5] androtationangle,in theimage
plane,in [0; 2%]: the invariancedomain- is then
[0:7; 1:3] £ [O; 2¥]. ThefeaturesetF includesthe
distributionsof intensity saturationhueandedges,
theintensityandhueco-occurrencéistogramsand
the Li invariantmomentsand Fourier coefcients
for theshapealescription.For ananalysisaboutper
formancedependengcon the parameterssee[25].

8 Conclusionand Futur e Work

The results presentedsuggestthat MEMORI is a
promising tool to detect and recognize objects

Table2: Resultsratiosobtainedon the 100images
testsetusingdifferentvaluesof p: D = detection,
R = recognition,PD = partial detectionM = miss
detectionFP = falsepositive.

p D R PD M FP
0.60 | 97.69 | 95.24 | 1.77 | 0.54 | 3.18
0.65 | 97.41 | 95.24 | 2.04 | 0.54 | 3.18
0.70 | 97.14 | 95.24 | 2.18 | 0.68 | 3.44
0.75 ] 96.73 | 9497 | 245 | 0.82 | 3.70
0.80 | 95.65 | 93.88 | 3.40 | 0.95 | 3.96
0.85 | 94.69 | 93.06 | 3.95 | 1.36 | 4.61
0.90 | 92.38 | 91.02 | 6.12 | 1.50 | 4.86

within digital images.
Ourfutureworksincludethetestof thesystenon
imageswith more comple, real background.We
arealsodesigningmethodsto automaticallysetall
the heuristicparametersindto testthe dependengc
of systemperformanceon them. Anotherplanned
taskis to estimatetheorientationin theimageplane
of theretrieved objectsandthe scalefactorwith re-
spectto the databas@bject. Moreover, extensions
of the systemfor the managemenof occludedob-
jects andilluminance changesare currently under
investigation. A further importantplannedtaskis
the comparisorof the performanceof MEMORI to
otherobjectrecognitionsystemson a wide range
of datasets.
MEMORI will thenbe usedasanindexing tool in
anovel andeffective content-baset@mnageretrieval
system.
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