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Abstract

MEMORI (MEMory basedObject Recognitionin
digital Images)1 is a systemfor the detectionand
recognitionof objectsin digital color images.The
objectsarestoredin a databasethat representsthe
memoryof the system. Eachobject is described
by severalshotstakenfrom differentpointsof view.
Objectdetectionis achievedby segmentingthe in-
put imageusingcolorandtextural information,and
groupingtheobtainedregionsbyanalyzingtheirad-
jacency relationshipsand their visual similarity to
the databaseobjects. Databaseobjectsandregion
groupsare describedby vectorsof low-level fea-
tures,likecolor, textureandshape.Visualsimilarity
is de�ned as the L 1-distanceamongsuchvectors.
Theregion groupingstrategy is guidedby heuristic
rules mainly relatedto the distanceof the groups
to the databaseobjects. The �nal result is a set
of imageportionseachassociatedto one or more
databaseobjectsalongwith acon�dencescore.

1 Intr oduction

Objectrecognitionplaysacrucialrole in Computer
Vision and in particularin the �eld of the seman-
tic descriptionof thecontentof visualmaterial[1],
[2]. Theproblemof objectrecognitionhasbeenin-
tenselystudiedin pastdecades.The mostpopular
approachescanbedividedinto two categories:tree
andgraph-basedmethodsandalignmentmethods.
The �rst classincludesthe techniquesinvolving a
tree or a graphrepresentationof the images: the
object detection/recognitionis achieved by means
of subgraphor graphmatchingalgorithms. Some
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examplesare in [3], [4], [5], [6], [13]. The sec-
ond classcontainsthe methodsbasedon the de�-
nition of correspondencemeasuresbetweenimage
portionsand the object models. Templatematch-
ing approachesand recognitionby shapeanalysis
[7], [8] fall in this category. Both thesecategories
includelargely usedapproachesemploying proba-
bilistic modelsof theobjectsandthescenes,as[11],
[14], [13].

As Gestalt's principlespointedout, [3], [4], the
mainprocessof thehumanperceptionsystemcon-
sistsof thegroupingof imageentities,likeadjacent
regions,consecutive pointson a line or on a path,
groupsof homogeneousregions close one to the
others,etc. Many methodologiesrelying on group-
ing strategy have beenusedin the �gure-ground
discrimination,shaperecognitionandobjectrecog-
nition, as [4], [12], [13]. MEMORI, the presented
system,performsthedetectionandthe recognition
of objectsof a databasewithin digital imagesby
meansof a region groupingalgorithm guidedby
heuristicrules. Unlike othersystems[3], [16], that
aretailoredto therecognitionof speci�c categories
of objects(e.g.airplanesor handtools),MEMORI is
independentof the setof objectsto be recognized.
In this framework, the objectsdatabaseitself is an
input parameterof thesystem.Themaindif�culty
is dueto thefactthatweignoreeitherwhichobjects
of thedatabasearepossiblypresentin theinput im-
age,or theirnumberandlocation.Moreover, wedo
not have a priori informationabouttheir appeare-
ance(i.e. theobjectscanberotated,rescaled,differ-
ently illuminated,occluded). For a segmentation-
basedmethodsuchas ours, a further dif�culty is
thepartitionof anobjectin multipleparts.

In MEMORI, the recognitionof databaseobjects
in an input color imageis achieved in two steps:
�rst, by segmentingtheinput imageon thebasisof
color and textural information; next, by grouping
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Figure1: MEMORI 's structure.

the obtainedregions accordingto their adjacency
relationshipsand visual similarities to the objects
of thedatabase.Rescaled,rotated,and�ipped ver-
sionsof known objectsarerecognizedaswell.

No modelsor hypothesesaboutthe background
aremade.

The paper is organizedas follows: Section2
presentsan overview of the structureof MEMORI;
Section3 describesthe databaseacquisitionand
the estimationof someparametersinvolved in the
recognitionprocedure(pre-processingphase); Sec-
tions 4 and5 explain the object identi�cation pro-
cessand the region groupingstrategy (processing
phase); Section 6 describesthe results selection
(post-processingphase), while Section7 shows the
recognitionperformancesof MEMORI on a set of
synthetic imagescontaining rescaledand rotated
objectsfrom theCOIL database[21]. Finally Sec-
tion 8 presentsourconclusionsandfutureplans.

2 MEMORI structur e

The structureof MEMORI is illustrated in Fig. 1.
The threecoloredboxes highlight the main oper-
ating phasesof the software: pre-processing, pro-
cessingandpost-processing.

The pre-processingstep, that takes place each
time a databasehasbeenselected,is devotedto the
databasedescriptionandto the extractionof some
parameterssubsequentlyusedin the region group-
ing processaswell asin theresultselection.MEM-
ORI requiresdatabasesin which eachobjectis de-
scribedby meansof several imagesrepresenting
differentviews (e. g. theColumbiaUniversity Im-
age Library (COIL) [21] and the ETH-80 Image

Set [22]). For eachobject view in the database,
MEMORI computesa featurevectorcontainingin-
formationon color, texture andshape.The result-
ing setof describedobjectviews representthesys-
temmemory, thatwill bescannedby theobjectrec-
ognizerto establishthe similarity of the analyzed
imageportionswith theobjects.Sincetheusedde-
scriptorsareinvariantby translation,rotation,scal-
ing and�ip, objectstransformedby thesefunctions
andtheir combinationsarewell recognized.

Thepre-processingphasealsoincludestheestima-
tion of some parametersused in the next steps.
Theseparametershavebeenintroducedto speedup
thegroupingprocedureandto de�ne somecriteria
to establishthereliability of therecognition.

Theprocessingphaseis devotedto theobjectde-
tection and recognitiontask. The input is a digi-
tal imagepossiblycontainingsomeobjectsof the
selecteddatabase.The imageundergoesa region
growing segmentationprocessbasedonacombined
analysisof color and texture [19]. The resulting
segmentedimage is then representedby a region
adjacencygraph (RAG), the structuresupporting
the region groupingmodule. An object is in fact
searchedas a set of adjacentimageregions, such
that their union is visually similar to the object it-
self. Thissteprepresentsthecoreof thesystemand
is realizedby the interactionof the two maincom-
ponents: the region grouping moduleand the ob-
ject recognizer. The �rst modulecontrolsthe pro-
cessof generatingnew region groupsstartingfrom
thenodesof theRAG. At eachstepof this process
themostpromisinggroupis selectedandexpanded
by merging it to its adjacentgraphnodes. Each
new group is sent to the object recognizerwhich
providesa similarity scorewith the objectsin the
database.Thescoreis usedby theregion grouping
moduleto control the selectionof the next group
andtheterminationof theexpansionprocess.In or-
der to computethesimilarity score,theobjectrec-
ognizerdescribestheregion groupsusingthesame
featuresutilized for the databaseobjects. Feature
vector computationis carried out by meansof a
modi�ed version[20] of the content-basedimage
retrieval (CBIR) systemCOMPASS[17].

Theoutputof theprocessingphaseis typically a
list of regiongroupseachassociatedto oneor more
objectsof the databasewith a con�dence score.
This list is theinputof thepost-processingphase,in
which theresultsare�ltered usingdifferentcriteria



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

3 Pre-processingphase: databaseac-
quisition and parameter estimation

During thepre-processingphasethedescriptionof
the objects in the database,and the computation
of somesystemparameterswhich dependon the
databaseareperformed.

3.1 Object Description

The descriptionof the objects in terms of color,
texture and shape, is performed using a modi-
�ed version of the content-basedimage retrieval
(CBIR) systemCOMPASS[17]. In COMPASSthe
descriptionof imagesuseshistogrambasedtech-
niquesto representintensity, hue, saturationand
edgesdistributions of an image, along with two
bi-dimensionalcooccurencematricesof luminance
and hue weightedby saturation. The CBIR sys-
tem [17] hasbeenextendedin [20] with support
of arbitrarilyshapedregionsandintegratedwith the
computationof shapedescriptors,theregion based
Li momentsand the contourbasedFourier coef�-
cients.More complex texturedescriptors,basedon
wavelets,havealsobeenadded.All thefeaturesare
normalizedin order to be invariant undertransla-
tion, rotation,scale,and�ip. Theresultingfeature
vector v contains208 components,whosevalues
areintegersin therange[0, 255]. It is alsopossible
to selectonly someof thesefeaturesfor imagere-
gionsdescription.
Let U bethesetof thefeaturesusedto describetwo
imageportionsI 1 ; I 2 andlet v 1 ; v 2 betheir respec-
tive featurevectorswith dimensionD (jUj) depen-
dentoncardinalityjUj of U. Thesimilarity between
I 1 andI 2 is measuredby the L 1 distancebetween
v 1 andv 2 , normalizedby 255 D (jUj):

d(v 1 ; v 2) =
1

255 D (jUj)

D ( jU j )X

i =1

jv i
1 ¡ v i

2 j: (1)

3.2 Automatic Parameter Estimation

The parameterestimationis addressedin the fol-
lowing sections.

3.2.1 Descriptors Robustnesswith respect to
someaf�ne transformations

Generally, in the digital images,the databaseob-
jects can appearas rotatedin the imageplaneby
an angleµ andrescaledby a factor®. Therefore,
it is essentialto test the capability of the system
to recognizerescaledandrotatedobjectsandto de-
�ne a domainfor theparameters® andµ suchthat
theobjectdescriptorsareinvariant. If RO denotes
thenumberof transformedobjectsthatarecorrectly
recognized,theproblemis to �nd thefollowing set:

­ := f (®; µ) 2 R 2 : RO is maximumg (2)

­ is then of the form [®1 ; ®2 ] £ [µ1 ; µ2 ], with
®1 ; ®2 2 R andµ1 ; µ2 2 [0; 2¼]. ­ hasbeencom-
putedby transformingeachobject shotby 216 (6
scalesand36angles)applicationsof theform:

' (x) = ®Rµ (x); (3)

whereRµ is thematrix of therotationof theangle
µ in theimageplane.
In this phase,MEMORI computesalsothesetF of
the featuresfor which the bestrecognitionperfor-
manceis achieved.

®1 and®2 arethenusedfor calculatingthecon-
straintson theareaof theimageregionscandidates
to beobjectsandfor �ltering thelist of resultspro-
videdby theregiongroupingprocess.

3.2.2 Automatic Estimation of someHeuristic
RulesParameters

Currentversionof MEMORI estimatesautomatically
the following parameters,that dependcompletely
on thedatabase:

² theinvarianceset­ andthefeaturesetF ;
² theminimumandthemaximumareaof theob-

jectsin thedatabase,Amin ; Amax ;
² a thresholdA shape for the region grouparea

thatcontrolstheuseof theshapedescriptors.
Moreprecisely,

Amin = ®1 minf A(O) : O is adatabaseobjectg

Amax = ®2 maxf A(O) : O is adatabaseobjectg

A shape = Amin

whereas­ andF arecomputedasexplainedin the
previoussection.



4 The object classi�er

Theretrieval engineof theextendedversionof the
COMPASS CBIR systemis used as a k-nearest
neighborclassi�er. An unknown imageregion is
classi�ed by searchingfor theclosestobjectviews
within the database.Differently from the typical
CBIR systems,imagesarenot consideredasrect-
angulargrid of pixels,but asaconnectedsetof pix-
els of any shape. The searchprocessis very ef�-
cient, for exampleretrieving the closestitemsin a
databaseof 1 million elementstakeslessthanasec-
ondonastandardPentium42GhzCPU.

The featuresadopted to describe the images
maketheclassi�er invariantwith respectto rotation
of theobjectsviewsandrescalingin ­ .

Using a retrieval systemas a classi�er requires
to establishhow the query result, can be usedto
computeaclassi�cationscorefor eachobjectclass.
Severalkindsof scoremaybede�ned for a nearest
neighborclassi�er (see[20]).

Given a query imageR, the classi�er returnsa
ranked list of the N databaseimagesI 1 ; : : : ; I N

whichareclosestto R alongwith theirL 1 distances
d1 ; : : : ; dN . Currently, the classi�cation scoreis
basedon the distanceof the closestobjectof each
classwithin the�rst N retrievedobjects:

ScoreN (c) = 1 ¡ dbest c (4)

wherebestc is therankof the�rst occurrenceof an
objectof classc in the N retrieved items. Classes
which are not representedin the ranked list have
score0.

5 The RegionGrouping Technique

The region grouping techniqueis basedon the
graphrepresentationof thesegmentedinput image.
A RAG is an undirectedgraphwhoseverticesare
theimageregionsproducedby a segmentationpro-
cessandwhoseedgesrepresenttheir adjacency re-
lationships(seeFigure 2). The basic idea of our
methodis to computeall theconnectedverticessets
(cvs) of the imageRAG to comparethemwith the
objectsin the databaseandselectthosecvsessuch
that theunionof thecorrespondingregionsis sim-
ilar to someobjectsfrom the database.The com-
parisonis achievedby submittingtheregionsof the
cvsesto the objectrecognizer. In real cases,when
theimageRAG is relatively large,thegenerationof

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

all connectedsubgraphsis impractical. For exam-
ple, the cvsesof a completegraphwith n vertices
are 2n ¡ 1. For this reasonwe adoptan explo-
rationstrategy which is guidedby severalheuristics
mainlydependingon thesimilarity of thecandidate
cvs's regionsto theobjectsin thedatabase.

5.1 De�nition of cvs forest of a simple
graph

A cvsof a simplegraphG = (V; E ) is a setS =
f v1 ; : : : ; vn g, S ½ V , suchthat for eachpair of
elementsin S thereexistsapathin G joining them.
Thecardinalityof acvswill bereferredto aslength
of thecvs.
A cvstreerootedatv1 is atreebuilt in thefollowing
way:

² let thesetf v1g betheroot;
² iteratively for eachleaf nodeS, expandS, i.e.

�nd all the verticesv 2 V suchthat Se =
S [ f vg is a cvsandv doesnot belongto any
alreadyexpandedsiblingsof S andaddall the
Se aschildrenof S.

A cvsforestis asetof cvstreesobtainedasfollows:
² for eachunmarked vertex v of V , build a cvs

treerootedat v excludingall thecvssetsthat
containmarkedvertices;

² markv anditerate.
An exampleof acvsforestis shown in Figure2.

5.2 Heuristic Rule Parameters

Thethresholdsinvolvedin theregiongroupingpro-
cedureandin thepost-processingphasecanbedi-
vided in two groups: (i) parametersdirectly de-
pendenton the database,usedto drive the recog-
nition procedureandto selecttheresultsduringthe



post-processingstep;(ii) parametersdependenton
the imageRAG, introducedto speedup the region
groupingprocess(explorationparameters).

Theparametersof the�rst groupare:
² Ar eaParameters: threethresholdsontheob-

jectarea:theminimumandthemaximumarea
of the objectsin the database,A min ; Amax ,
and a value A shape for the activation of the
shapedescriptors;

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

² DistanceParameters: four thresholdson the
distances: (i) a distancedc to establishan
order for the analysisof the various region
groups; (ii) a distancedshape for the activa-
tion of theshapedescriptors,usedalongwith
A shape ; (iii) a distanceD g for the classi�ca-
tion of a region groupasa databaseobjector
not; (iv) a distance¢ for the �ltering proce-
dure.Two otherparametersrelatedto thedis-
tancearea factorf ¸ 1 andanintegerk that
control the effect of the distancesduring the
regiongroupingphase.

² Features- relatedParameters: thedomain
­ of the featureinvarianceand the set F of
featuresfor whichtheobjectrecognitionis the
bestaspossible.

The Exploration Parameters are threeinteger
numbers:(i) N s and s that control the classi�ca-
tion of a region groupasanobjector not anddrive
theexplorationof theimageportions;(ii) K , thatis
usedto stoptheregiongroupingprocedure.

As mentionedin section 3.2.2, A min , Amax ,
A shape and ­ are automaticallycomputed,while
theothersareempiricallyset.

5.3 Heuristics for RegionGrouping

In a cvs forest of a RAG, eachnodeN is a cvs
S, whoseelementsv1 ; : : : ; vn representimagepor-
tions Rv1 ; : : : ; Rvn . We denotetheir union by
R(N ). In thefollowing,weindicatewith A(N ) the
areaof R(N ) andwith d(N ) thesmallestdistance
of R(N ) from the databaseobjects. The distance
betweenthe imageportion R(N ) andan objectin
thedatabaseis theL 1 distancebetweenthefeature
vectorof R(N ) andthatof theobject.Weintroduce
theconstraints:

Ar ea constraint: we supposethat the objects
thatarepossiblypresentin the imagehave anarea

A belongingto a �x edrange[A min ; Amax ].
cvs length constraint: we supposethat the ob-

jectspossiblypresentin theimagearecomposedof
atmostof l regions,sowedonotexpandnodeswith
cvslengthgreaterthanl .

Distance constraints: we impose three con-
straintson the distance:(i) stop the expansionof
a nodeN if it hask ancestorswhosedistanceis
greaterthantheminimumdistancedb in thebranch
(seeFigure3). (ii) stoptheexpansionof a nodeN
if d(N ) ¸ f db, with f > 1. (iii) stopthecvstree
expansionafterK nodesexpansions.

Figure 3: The expansionof the dotted branchis
stoppedbecauseafter3 steps(k = 3) thedistance
db = 0:12 (�lled node)doesn't decrease.Thenum-
ber inside the nodesis its distanced, whereasthe
nodeswith label “...” arenot consideredin this ex-
ample.

Subtree: in order to avoid over exploration of
a subtreeof a cvstreethathass objecthypotheses,
MEMORI penalizestheanalysisof thenodesof such
asubtree.

Shape Descriptors: the shapedescriptorsare
usediff A(N ) ¸ A shape and d(N ) < dshape .
RegionsR(N ) not satisfyingtheseconstraintsare
likely to representpartsof objectssothattheirshape
is generallydifferentfrom theshapeof thewhole.

A cvs is an object hypothesiswith respect
to the distancethresholddg and the area range
[Amin ; Amax ] if f thecorrespondingnodeN is such
that d(N ) · dg and Amin · A(N ) · Amax .
Hered(N ) is computedby usingalsotheshapede-
scriptors.

In thenodeanalysis,MEMORI favours�rstly the
expansionof the nodeswhosedistancefrom the



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

databaseis smallerthana thresholddc , thennodes
whoseareabelongsto the rangespeci�ed by the
areaconstraint,thennodeswith anareasmallerthan
the value Amin and �nally , nodesbelongingto a
subtreewith s valid objecthypotheses.

6 ResultSelection

Theresultof theregion groupingprocedureis a set
of cvseachonerepresentinga candidateimagere-
gionwhichmaydepictanobject.

In orderto verify andpossiblycon�rm theobject
hypotheses,eachof themundergoesthree�ltering
procedures.

1. The area of the hypothesisregion A(N )
is comparedto the areaA(O) of the most sim-
ilar object in the database. The solution is dis-
cardedif theareadoesnot lie in thetolerancerange
[®1A(O); ®2A(O)].

2. Objecthypotheseswith adistancegreaterthan
¢ arediscarded.

3. Objecthypothesesresultingfrom the region
groupingproceduremayoverlapeachother. MEM-
ORI decreasesthecon�dencescoreof anhypothesis
if thereis anoverlappinghypothesiswith a smaller
distance. In fact, if the systemrecognizeswith a
goodcon�dencethat a cvs depictsan object, it is
very unlikely that the regionswhich belongto the
cvsarepartsof otherobjects.

7 Experimental Results

This sectiondescribesthedatabaseusedin theex-
perimentalsession,and systemperformancesin
termsof detectionrateandcorrectrecognitionrate.
The databasechosenfor 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
supervisedsegmentationprocessand describedas
explained in section3.1. Object recognizerper-
formance,classi�cationaccuracy androbustnessto
scale and rotation transformsand Gaussianblur
noiseof MEMORI object classi�er on COIL com-
parefavorablywith thesupportvectormachineap-
proachof Pontil andVerri [24]. Moreover our ob-
jectrecognizerdoesn't suffer of thescalabilityissue
of the well performingSVM beinglinear with the
numberof views andobjects. Table1 reportsthe
accuracy andtheerrorratesof thetwo approaches.

Table1: Accuracy anderror rateof our objectrec-
ognizerin comparisonwith the SVM approachof
Pontil andVerri [24]: SVM = supportvectorma-
chine,OR= objectrecognizerof MEMORI.

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

Accuracy 99.97 100.00 99.98 99.87
ErrorRate 0.03 0.00 0.02 0.13

Theobjectrecognitionperformanceof MEMORI

hasbeentestedon a groundtruth of 100 synthetic
imagesbuilt by drawing rotatedand rescaledver-
sion of someCOIL objectson a simple, not uni-
form, background(Figure4). The objectsinserted
in the images(735 in total) are randomlychosen
aswell as the rotationangleand the scale(in ­ ).
MEMORI performancesaretestedevaluatingthede-
tectionandrecognitionaccuracy. An objectO con-
tainedin a groundtruth imageis well detectedwith
respectto a realparameterp 2 [0; 1] if thereexists
anobjecthypothesisR suchthattheoverlapfactor

r :=
A(O \ R)
A(O [ R)

is greaterthanp whereA() denotesthe areaof a
region. The ratio r belongsto the range[0; 1]: the
closerit is to one,the betterthe detectionis. If O
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Figure 5: Accuracy of recognitionof the objects
transformedby scalechangeandrotationfor theob-
jectsof COIL database[21].

containsR, or R containsO but their overlapfac-
tor is lower thenp, objectO is only partially de-
tected. OtherwiseO is missed. O is recognizedif
it is well detectedandthe objectcorrespondingto
the result R belongsto the sameclassof O, i.e.
they are the sameCOIL object. To computethe
numberof objectsthatarewell or partiallydetected
we comparedthecandidateobjectsregion returned
by MEMORI with thatof theground-truth,thenwe
testedif thedetectedobjectsarealsorecognized.In
Table2 the resultsobtainedusingdifferentvalues
of p areshown.

The parametervaluesusedin theseexperiments
are: l = 20, Amin = 919:24, Amax = 25753:91,
k = 12, K = 90, f = 2.5, dg = 0.04, dshape =
0.002, N s = 4, s = 10, dc = 0.055, ¢ = 0.034.
Figure5 shows the recognitionaccuracy for scale
factorsin [0:5;1:5] androtationangle,in theimage
plane,in [0; 2¼]: the invariancedomain­ is then
[0:7; 1:3] £ [0; 2¼]. ThefeaturesetF includesthe
distributionsof intensity, saturation,hueandedges,
theintensityandhueco-occurrencehistogramsand
the Li invariant momentsand Fourier coef�cients
for theshapedescription.For ananalysisaboutper-
formancedependency on theparameters,see[25].

8 Conclusionand Futur eWork

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

Table2: Resultsratiosobtainedon the100 images
testsetusingdifferentvaluesof p: D = detection,
R = recognition,PD = partial detection,M = miss
detection,FP= 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 94.97 2.45 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 thesystemon

imageswith morecomplex, real background.We
arealsodesigningmethodsto automaticallysetall
theheuristicparametersandto testthedependency
of systemperformanceon them. Anotherplanned
taskis to estimatetheorientationin theimageplane
of theretrievedobjectsandthescalefactorwith re-
spectto thedatabaseobject. Moreover, extensions
of thesystemfor themanagementof occludedob-
jects and illuminancechangesare currently under
investigation. A further importantplannedtask is
the comparisonof the performanceof MEMORI to
otherobject recognitionsystems,on a wide range
of datasets.
MEMORI will then be usedas an indexing tool in
a novel andeffective content-basedimageretrieval
system.
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