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Abstract Image and video library applicationsare
becomingincreasinglypopular. The increasingpopu-
larity callsfor softwaretoolstohelptheuserqueryand
retrieve databaseimagesefficiently and effectively. In
this paper, we presenta technique which combines
shapeand color descriptorsfor invariant, within-a-
class retrieval of imagesfrom digital libraries. We
demonstratethetechniqueon a real databasecontain-
ing airplane imagesof similar shapeand query im-
agesthat appeardifferent from thosein the database
becauseof lighting and perspective. We were able to
achievea veryhigh retrieval rate.

Keywords: images,video,libraries,features

1 Intr oduction
Imageand video library applicationsare becom-
ing increasinglypopularaswitnessedby many na-
tionalandinternationalresearchinitiativesin these
areas,an explodingnumberof professionalmeet-
ings devotedto image/video/multi-media, andthe
emergency of commercialcompaniesand prod-
ucts.Theadventof high-speednetworksandinex-
pensive storagedeviceshasenabledthe construc-
tion of large electronicimageandvideo archives
andgreatlyfacilitatedtheir accesson theInternet.
In line with this, however, is theneedfor software
tools to help the userqueryandretrieve database
imagesefficiently andeffectively.

Queryingan imagelibrary canbe difficult and
oneof themaindifficultiesliesin designingpower-
ful featuresor descriptorsto representandorganize
imagesin a library. Many existing imagedatabase
indexing andretrieval systemsareonly capableof
between-classesretrieval (e.g.,distinguishingfish
from airplanes). However, thesesystemsdo not
�
Supportedin part by a grant from the NationalScience

Foundation,IRI-94-11330

allow theuserto retrieve imagesthataremorespe-
cific. In otherwords, they areunableto perform
within-a-classretrieval (e.g.,distinguishingdiffer-
ent typesof airplanesor differentspeciesof fish).
This is becausetheaggregatefeaturesadoptedby
many currentsystems(such as color histograms
and low-orderedmoments)captureonly the gen-
eralshapeof aclassandarenotdescriptiveenough
to distinguishobjectswithin aparticularclass.

The within-a-classretrieval problemis further
complicatedif query images depicting objects,
thoughbelongingto theclassof interest,maylook
different due to non-essentialor incidentalenvi-
ronmentchanges,suchasrigid-bodyor articulated
motion,shapedeformation,andchangein illumi-
nation and viewpoint. In this paper, we address
theproblemof invariant,within-a-classretrieval of
imagesby usinga combinationof invariantshape
andcolor descriptors.By analyzingthe shapeof
theobject's contouraswell asthecolorandtexture
characteristicsof the enclosedarea, information
from multiple sourcesis fusedfor a more robust
descriptionof an object's appearance.this places
our techniqueat an advantageover most current
approachesthat exploit eithergeometricinforma-
tion or color informationexclusively.

The analysisinvolvesprojectingthe shapeand
color information onto basis functions of finite,
local support (e.g., splinesand wavelets). The
projectioncoefficients,in general,aresensitive to
changesinducedby rigid motion,shapedeforma-
tion, and changein illumination and perspective.
We derive expressionsby massagingthesesets
of projectioncoefficients to cancelout the envi-
ronmentalfactorsto achieve invarianceof the de-
scriptors. Basedon thesefeatures,we have con-
ductedpreliminary experimentsto recognizedif-
ferent types of airplanes(many of them having
verysimilarshape)undervaryingilluminationand



viewing conditionsandhave achievedgoodrecog-
nition rates.We show that informationfusionhas
helpedto improve the accuracy in retrieval and
shapediscrimination.

2 TechnicalDescription
In this section,we presentthe theoreticalfoun-
dation of our image-derived, invariant shapeand
color features.Invariantfeaturesform a compact,
intrinsic descriptionof anobject,andcanbeused
to designretrieval andindexing algorithmsthatare
potentially more efficient than, say, aspect-based
approaches.

Thesearchfor invariantfeatures(e.g.,algebraic
andprojective invariants)is a classicalproblemin
mathematicsdatingbackto the18thcentury. The
needfor invariantimagedescriptorshaslong been
recognizedin computervision. Invariant features
can be designedbasedon many different meth-
odsandmadeinvariantto rigid-bodymotion,affine
shapedeformation,sceneillumination, occlusion,
andperspective projection.Invariantscanbecom-
putedeither globally, such is the casein invari-
antsbasedon momentsor Fourier transformco-
efficients,or basedon localpropertiessuchascur-
vatureandarc length. See[3, 4, 5] for survey and
discussionon thesubjectof invariants.

As mentionedbefore,our invariantfeaturesare
derived from a localized analysisof an object's
shapeandcolor. Thebasicideais to projectanob-
ject'sexteriorcontouror interiorregionontolocal-
izedbasessuchaswaveletsandsplines.Thecoeffi-
cientsarethennormalizedto eliminatechangesin-
ducedby non-essentialenvironmentalfactorssuch
asviewpoint and illumination. We will illustrate
themathematicalframeworksusinga specificsce-
nariowhereinvariantsfor curvesaresought.The
particularbasisfunctionsusedin the illustration
will bethewaveletbasesandsplinefunctions.In-
terestedreadersarereferredto [1] for moredetails.

Several implementationissuesarisein this in-
variant framework which we will briefly discuss
beforedescribingthe invariant expressionsthem-
selves.1

1. How are contoursextracted?

1A word on the notationalconvention: matricesandvec-
tors will be representedby bold-facecharacterswhile scalar
quantitiesby plain-face characters. 2D quantitieswill be
in small letterswhile 3D and higher-dimensionalquantities
in capital letters. For example,coordinates(bold for vector
quantities)of a 2D curve (small letter for 2D quantities)will
bedenotedby � .

Or statedslightly differently, how is the problem
of segmentation(separatingobjects from back-
ground)addressed?Segmentationturnsout to be
an extremelydifficult problemand,asfundamen-
tal a problemassegmentationis, thereis no fail-
proof solution. A “perfect” segmentationscheme
is like theholy grail of low-level computervision
anda panaceato many high level vision problems
aswell.

We arenot in searchof this holy-grail, which,
we believe, is untenablein the foreseeablefuture.
In an imagedatabaseapplication,the problemof
objectsegmentationis simplifiedbecause� Databaseimagescan usually be acquiredun-
der standardimagingconditionswhich allow the
ingest and catalog operationsto be automated
or semi-automated.For example, to constructa
databaseof airplaneimages,many bookson civil
and military aircraftsare available with standard
front, side,andtop views taken againsta uniform
or unclutteredbackground. (The above is also
truefor applicationsin botany andmarinebiology.)
Thisallowsthecontoursof theobjectsof interestto
beextractedautomaticallyor with theaid of stan-
dardtoolssuchasthefloodfill maskin Photoshop.
Furthermore,thecatalogingoperationsareusually
doneoff-line anddoneonly once.Hence,a semi-
automatedschemewill suffice.� On the other hand, query imagesare usually
taken underdifferent lighting andviewing condi-
tions. Objectsof interestcanbeembeddeddeeply
in clutteredbackgroundwhich makestheir extrac-
tion difficult. However, we can enlist the help
of the user to specify the object of interest in-
steadof askingthe systemto attemptthe impos-
sibletaskof automatedsegmentation.A query-by-
sketchor a“human-in-the-loop”typesolutionwith
aneasy-to-usegraphicsinterfaceandsegmentation
aids suchas the flood fill maskis perfectly ade-
quatehereanddoesnot imposeundueburdenon
theuser. This proved to be feasiblein our experi-
ments.
2. How are contoursparameterized?
For a contourbaseddescription,a commonframe
of referenceisusuallyneededthatallowspointcor-
respondencesto be establishedbetweentwo con-
toursfor comparison.Thecommonframeof refer-
encecomprisesa commonstartingpoint of traver-
sal,acommondirectionof traversal,andaparame-
terizationschemethattraversesto thecorrespond-
ing pointsin the two contoursat thesameparam-
eter setting. We will first discussthe parameter-



ization
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issueand thenaddressthe issuesof point
correspondenceandtraversaldirection.

When defining a parameterizedcurve ���	��

�� � �	��
������	��
���� , mostprefertheuseof theintrinsicarc
lengthparameterbecauseof its simplicity andthe
factthatit is eitherinvariantor transformslinearly
in rigid-body motion anduniform scaling. How-
ever, undermore generalscenarioswhereshape
deformationis allowed(e.g.,deformationinduced
in an oblique view), intrinsic arc length parame-
ter is no longer invariant. Suchdeformationcan
stretchandcompressdifferentportionsof of anob-
ject's shape,and a parameterizationbasedon in-
trinsic arc lengthwill resultin wrongpoint corre-
spondence.

It is well known that many shapedeformation
anddistortionresultingfrom imagingcanbemod-
eledasanaffine transform,throughwhich the in-
trinsic arc length is nonlinearly transformed[2].
An alternative parameterizationis thus required.
There are at least two possibilities. The first,
called affine arc length, is defined[2] as: ������� �! "�$#�&% #� "�(')� where

"� � "� are the first and
#� � #�

arethe secondderivativeswith respectto any pa-
rameter � (possibly the intrinsic arc length), and�+*,�.-/
 is thepathalongasegmentof thecurve.

Another possibility [2] is to use the enclosed
areaparameter: 01�324 ����65 � "�7%
� "� 5 ')�98 Onecan
interprettheenclosedareaparameterastheareaof
thetriangularregion enclosedby thetwo line seg-
mentsfrom thecentroidof anobjectto two points* and - on thecontour. It canbeshown thatboth
theseparameterstransformlinearly undera gen-
eral affine transform[2]. Hence,they caneasily
bemadeabsolutelyinvariantby normalizingthem
with respectto thetotalaffinearclengthor thetotal
enclosedareaof the whole contour, respectively.
Weusetheseparameterizationsin ourexperiments.
3. How are identical traversal dir ection and
starting point guaranteed?
It will be shown that the invariant signatures (to
bedefinedlater)of two contoursarephase-shifted
versionsof eachotherwhenonly thestartingpoint
of traversaldiffers.Furthermore,thesamecontour
parameterizedin oppositedirectionsproducesin-
variantsignaturesthatareflippedandinvertedim-
agesof eachother. Hence,a matchcanbechosen
that maximizescertaincross-correlationrelations
betweenthetwo signatures.

Allowing an arbitrary changeof origin and
traversal direction, togetherwith the use of an
affine invariant parameterization,imply that no

point correspondenceis required in computing
our invariants.

Now wearereadyto introducetheinvariantex-
pressionsthemselves.Our invariantsframework is
very generalandconsidersvariationin anobject's
imageinducedby rigid-bodymotion,affine defor-
mation,andchangesin parameterization,sceneil-
lumination,andviewpoint. Eachformulationcan
beusedalone,or in conjunctionwith others.Due
to the pagelimitation, we can only give a brief
discussionof the invariantsunderrigid-body and
affine transformand summarizethe invariant ex-
pressionsunderchangeof illumination andview-
point. Interestedreadersare referredto [1] for
moredetails.

Invariants under Rigid-Body Motion and Affine
Transform Consider a 2D curve, ���	��
 �� � �	��
������	��
�� � where � denotesa parameterization
which is invariant underaffine transform(as de-
scribedabove), andits expansionontothewavelet
basis: �<; � � 2= �?> �9@+A �� 
 (where > �	��
 is themother

wavelet)as B �C; � � � ���	��
D: �<; � ')�98 If thecurve is al-
loweda generalaffine transformwith thepossibil-
ity of beingtraversedfromadifferentstartingpoint
and along an oppositedirection, then the trans-
formedcurve is denotedby: �?EF�	��
G�IHJ�,�	�DEK
�LNMO�HJ���FPQ�RLS�UTV
RLWM , where m is any nonsingularXZY[X

matrix, t representsthetranslationalmotion,�\T representsachangeof theorigin in traversal,andP representsthepossibilityof traversingthecurve
eithercounterclockwiseor clockwise:B E �<; � � � � E : �C; � ']�

� � �^H_���FPO�`La�UTC
�LbMc
D: �C; � ')�
� H � ���	�DEd
 2= �]> �Cegf @�h	Ai@Kj�k+A �� 
\']�DE]L � M<: �C; � ')�
� H � ���	� E 
 2= � > � @ h A f�l �Fm @Kj.k� 
\']� E
� H � ���	� E 
D:Q�	� E 
 �C; l �Fm @Kj ']� E� HNB �C; l �Fm @Kj 8 (1)

Note that we use the wavelet property� : �<; � ')�n� o to simplify the secondterm in
Eq. 1. If H representsa rotation (or the affine
transformis a rigid-body motion of a translation
plusa rotation),it is easilyseenthatan invariant
expression(this is just oneof many possibilities)
canbederivedusingtheratioexpressionpppqB`E�<; � pppppprB E s ; t ppp �

5 HNB �C; l �Fm @ j 55 HNB s ; l t m @Kj 5
� 5 B �C; l �Fm @ j 55 B s ; l t m @Kj 5

� (2)

whichis afunctionof thescale* andthedisplace-
ment - . If we fix the scale * , by taking the same



Scenarios Invariantexpressions

Rigid-bodymotion(usingsplinebasis)
5 ucv9w x A ucy�w zc55 u|{Dw } A uc~.w � 5

Affine transform(usingwaveletbasis)

ppG���V� � �,�.� � pppp �,�9� ���,�c� � pp
Affine transform(usingsplinebasis)

pppp � �V� � � �.� � � �9� �� � �
pppppppp ���c� � ����� �3���|� �� � �
pppp

Perspective transform
�
@ �+���	��
�%a�N�|� �+� � ; � �	��
�


4 ']�
(usingrationalsplinebasis� ) where���	��
 is theobservedimagecurve,and��� � � � � ; � �	��
 is thedatabasecurve in rationalsplineform.

Changeof illumination

ppp � ucv9�Uw x^�.ucv��.w x	�V�q�q��ucv��<w x�� �d  � ucv9��w x^�.ucv��.w x	�V�q�q��ucv��<w x	� � pppppp � ucyD�\w z.��ucy^��w z\�<�q�q�.ucy � w z � �   � ucyD��w z��.ucy+�.w z\�V�q�q��ucy � w z � � ppp
Table1: Otherinvariantmeasures

numberof samplepointsalongeachcurve,wecan
constructa function ¡ � � � 
 which we call the in-
variant signature of anobjectas:

¡ � � � 
¢� £ u v9w ¤ £5 u v9w ¤�¥)¤ j 5§¦?¨i©¡�E� � � 
¢� 5 u hv9w ¤ 5pp u hv9w ¤�¥]¤ j
pp � 5 ª«u v9w ¬]¤�¥]­ j 55 ªRu v�w ¬i®r¤�¥)¤ jD¯ ¥]­ j 5� 5 u v9w ¬]¤�¥]­ j 55ru v�w ¬i®r¤�¥)¤ jU¯ ¥]­ j 5 �

(3)

where
� T representsa constantvalue separating

the two indices. Then it is easily verified that
when the direction of traversal is the samefor

both contours, ¡ E� � � 
_� 5ru v�w ¤�¥]­ j 55qu v9w ¤�¥)¤ j ¥)­ j 5 �°¡ � �
� L

�UTC
 . If the directionsareopposite,then ¡ E� � � 
±�5 u v9w ²?¤�¥)­ j 55 u v9w ²|¤9²?¤ j ¥)­ j 5 � 2³ v f Ai´|Ai´<j m @Kj�k . As the correlation

coefficientof two signalsis definedas

� ³ f ´VkKµ f ´Vk �+��
¢�
� ¡G� � 
 > � � L
��
\' �¶ ¡ ¶¢·¸¶ > ¶ �

we definethe invariant measure ¹ � �^¡��.¡ E 
 (or the
similarity measure)betweentwo objectsas

¹ � �^¡��.¡ E 
¢�»º(* ��¼ ; ¼ h
½ � ³ v f ´Vk ³ hv f ´Vk �+��
�� � ³ v f ´Vk �} hv ®�²?¤ ¯ �+� E 
.¾68(4)It canbe shown [1] that the invariantmeasurein

Eq. 4 attainsthemaximumof 1 if two objectsare
identical,but differ in position,orientation,scale,
andtraversaldirectionandstartingpoint. Due to
the pagelimit, we will only summarizeother in-
variantexpressionsin Table1 without derivation.
Theentriesshown in thetablearethe invariantex-
pressions(similar to Eq.2). Theprocessof deriv-

ing invariant signatures (similar to Eq. 3) and in-
variantmeasures(similar to Eq.4) aresimilarand
will notberepeatedhere.

3 Experimental Results
In the following, we will presentsomeprelimi-
nary results. The purposeis to provide a proof-
of-conceptdemonstrationandto discover research
issuesthatneedbeaddressedfor a large-scaleim-
plementationandtesting.Hence,thedatabaseused
is of a relatively smallsize.

Thescenariois thatof a digital imagedatabase
comprisesa collection of sixteen airplanes in
canonical(top) view (Fig. 1). The airplanecon-
tourswereautomaticallyextractedfromtheimages
andinvariantshapeandcolorsignaturescomputed
off-line. Eleven query images(Fig. 2) werepho-
tographedof theseairplanesfrom differentview-
points and undervarying illumination. The air-
planesin thequeryimageswereextractedusinga
semi-automatedprocesswith userassistance.Even
thoughthe imagedatabaseis relatively small, it
containsobjectsof very similar appearance(e.g.,
models5 and6, andmodels3, 7, and14). Further-
more,thequeryimages(Fig.2) differ greatlyfrom
the databaseimagesdue to large changesin per-
spective andillumination. This is in contrastwith
many digital imagelibrary retrieval schemeswhich
canperformonly between-classes(e.g.,airplanes
vs. cars)retrievals with smallchangesin imaging
condition.
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(13) (14) (15) (16)
Figure1: A databaseof airplanemodels.

We useda two-stageapproachin information
fusion. Featuresinvariant to affine deformation
andperspective projectionwerefirst usedto match
thesilhouetteof thequeryairplanewith thesilhou-
ettesof thosein the database.We thenemployed
the illumination invariantscomputedon objects'
interior to disambiguateamongmodelswith sim-
ilar shapebut differentcolors. The resultsshow
that wewereable to achieve 100% accuracyus-
ing our invariants formulation for a database
comprising very similar models,presentedwith
query imagesof largeperspective shapedistor-
tion and changein illumination.

Table2 shows the performanceof usingaffine
andperspective invariantsfor shapematchingun-

der a large changeof viewpoint. For eachquery
image(A throughK), theaffineandperspective in-
variantsignatureswerecomputed,and compared
with the signaturesof all modelsin the database.
Correlationcoefficientsasdescribedin Sec.2 were
usedto determinethesimilarity betweeneachpair
of signatures.Eachrow in Table2 refersto aquery
image.Eachof thetencolumnsrepresentstherank
given to eachairplanemodel from the database
(shown in parentheses).The columnsareordered
from left to right, with the leftmostcolumnbeing
the bestmatchfound. Only the top ten matches
areshown. Thevalues(not in parentheses)arethe
correlationcoefficients.Entriesprintedin boldface
aretheexpected(correct)matches.



(A) (B) (C) (D)

(E) (F) (G) (H)

(I) (J) (K)
Figure2: Thesameairplanesin varyingposesandillumination.

As can be seen,all query imageswere identi-
fied correctly. Fig. 3 shows a sampleresult. The
leftmostimageis the queryimage. The top three
matchesarein thenext threecolumns—thequery
image (solid) and estimatedimage (dashed,us-
ing perspective invariants)with thecorresponding
databasemodelareshown.

For this experiment,all queryimageswerecor-
rectlymatchedwith themodelsfrom thedatabase,
usingaffine andperspective invariants. However,
the error valuesof the top two matchesfor, say,
airplaneK werevery closeto eachother. This is
becausethe top two matcheshave similar shapes
andbotharesimilar to thequeryimage.Theconfi-
dencein theselectedmatchescanbestrengthened
by testingwhetherthe interior regionsof the ob-
jects are also consistent. Illumination invariants
readilyapplieshere.

For illumination invariants, a characteristic

curve wasuniquelydefinedon thesurfaceof each
airplane model in the database(performedoff-
line), so that its superimpositionover the model
emphasizesimportant (or interesting)color pat-
terns in the image. Our perspective invariants
schemecomputedthe transformationparameters
thatbestmatchthetwo givencontours.Thesame
parameterswereusedto transformthe character-
istic curve definedfor eachmodel to its assumed
posein thequeryimage.Hence,thecolorsdefined
by the characteristiccurve in the model should
matchthecolorsdefinedby thetransformedcurve
in the query image(except for changesdueto il-
lumination). Illumination invariantsignaturesfor
the query imageswere thencomputed,andcom-
paredwith thesignaturesstoredin thedatabaseus-
ing Eq.4.

We show one result of illumination invariants
wherethe (perspective invariant)errorsof the ¿<À @



Rank(usingaffineandperspectiveinvariants)
Image

�9Á+Â ÃVÄVÅ ÆVÇUÅ ÈVÂdÉ Ê<ÂdÉ Ë<ÂdÉ ÌCÂdÉ Í<ÂdÉ Î<ÂdÉ �9Ï<ÂdÉ
A ( 1 ) ( 9 ) ( 4 ) ( 6 ) ( 5 ) ( 10 ) ( 2 ) ( 7 ) ( 11 ) ( 14 )

0.8792 0.7210 0.6161 0.4967 0.4663 0.4578 0.4030 0.3248 0.2443 0.2388
B ( 1 ) ( 9 ) ( 10 ) ( 4 ) ( 6 ) ( 2 ) ( 5 ) ( 15 ) ( 16 ) ( 7 )

0.9527 0.8532 0.7666 0.7479 0.6630 0.6103 0.5943 0.5364 0.4756 0.4576
C ( 1 ) ( 4 ) ( 2 ) ( 9 ) ( 6 ) ( 5 ) ( 10 ) ( 14 ) ( 7 ) ( 11 )

0.8538 0.6806 0.6521 0.6016 0.5623 0.5353 0.4446 0.3359 0.3095 0.2386
D ( 2 ) ( 6 ) ( 5 ) ( 4 ) ( 13 ) ( 14 ) ( 1 ) ( 7 ) ( 3 ) ( 12 )

0.9283 0.9002 0.8962 0.8177 0.8097 0.7801 0.7730 0.7663 0.7502 0.7439
E ( 2 ) ( 5 ) ( 6 ) ( 14 ) ( 12 ) ( 4 ) ( 3 ) ( 13 ) ( 7 ) ( 15 )

0.9228 0.7747 0.7622 0.6975 0.6167 0.6167 0.6146 0.5902 0.5704 0.4813
F ( 4 ) ( 1 ) ( 9 ) ( 6 ) ( 10 ) ( 14 ) ( 5 ) ( 11 ) ( 2 ) ( 7 )

0.6369 0.6002 0.5810 0.5291 0.5205 0.5056 0.4486 0.4283 0.4036 0.3946
G ( 6 ) ( 13) ( 5 ) ( 4 ) ( 2 ) ( 14 ) ( 12 ) ( 3 ) ( 1 ) ( 7 )

0.8254 0.7293 0.7026 0.6616 0.6460 0.6396 0.6287 0.6035 0.5930 0.5638
H ( 7 ) ( 14) ( 3 ) ( 11 ) ( 13 ) ( 6 ) ( 12 ) ( 5 ) ( 2 ) ( 4 )

0.8747 0.8552 0.8398 0.8226 0.7848 0.7668 0.7663 0.7282 0.7007 0.6980
I ( 13 ) ( 6 ) ( 3 ) ( 14 ) ( 12 ) ( 5 ) ( 7 ) ( 2 ) ( 15 ) ( 1 )

0.8609 0.6890 0.6563 0.6468 0.6343 0.6107 0.5916 0.5849 0.5775 0.5516
J ( 14 ) ( 3 ) ( 12 ) ( 13 ) ( 7 ) ( 11 ) ( 6 ) ( 4 ) ( 5 ) ( 15 )

0.8815 0.8017 0.7564 0.7512 0.7055 0.6805 0.6501 0.6346 0.5838 0.5711
K ( 14 ) ( 3 ) ( 7 ) ( 13 ) ( 12 ) ( 6 ) ( 11 ) ( 2 ) ( 5 ) ( 4 )

0.8779 0.8558 0.7623 0.7272 0.7270 0.7235 0.7209 0.6503 0.6191 0.5459

Table2: Top tenmatchesbetweeneachqueryimageanddatabasemodels,usingaffine andperspective in-
variants.Numbersin parenthesesindicatetheairplanemodelselected.Thevaluebeneathit is thesimilarity
measurebetweentheselectedimageandqueryimage.Thecorrectairplanemodelis in boldface.Eachrow
correspondsto a queryimage.Thecolumnsarearrangedleft to right, from thebestmatchto worse.

and
XcÐ t

bestmatchesdiffer by asmallamount(see
Table2); in this case,query imageK. Figs.4 (a)
and(d) show thecharacteristiccurves(the zigzag
lines) superimposedover the imagesof models
14 and3. The transformedcharacteristiccurves,
shown in (b) and (e), is superimposedover the
query imageK, usingparametersestimatedfrom
perspective invariants.Finally, (c) and(f) show the
illumination invariantsignatures.Clearly, thesig-
naturesin (c) is muchmoreconsistent,whichrein-
forcestheresultsfrom shapeinvariants.

4 The Concluding Remarks

We presenta techniquewhereshape/colorinfor-
mationfrom interior/contourpointsis usedto de-
scribeanimagedobjectfor databaseretrieval. The
techniqueis superiorin that it tolerateschanges
in appearanceinducedby incidentalenvironmental
factorsand is powerful enoughfor within-a-class
retrieval.
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Figure3: QueryimageA, with thetop threematchesfrom thedatabase,usingperspective invariants.(Solid
for thequeryimage,dashedfor theestimatedimageusingperspective invariants.)

0 10 20 30 40 50 60
0

1

2

3

4

5

6

7

8

9

10

(a) (b) (c)

0 10 20 30 40 50 60
0

1

2

3

4

5

6

7

8

9

10

(d) (e) (f)
Figure4: (a),(d) Airplane modelswith the characteristiccurvessuperimposed,(b),(e) query imagewith
the transformedcharacteristiccurvessuperimposed,and(c),(f) illumination invariantsignaturesfor query
imageK (solid)andfor models14and3 (dashed).


