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Abstract

Themultimodalneighbourhoodsignature(MNS)method
hasgivenacceptableresultsboth for the colour-basedim-
age retrieval andtheobjectrecognition task. Local colour
contentis conciselyrepresentedby invariant featurescom-
putedfromneighbourhoodswith multimodalcolourdensity
function.

In thispaper, efficiencyrelatedissuesregardingtheMNS
algorithm are investigated.Its performance, speed,sensi-
tivity to internal parameters and storage requirementsare
testedon a standard colour objectrecognition experiment.
Very good recognition rate (99.9%)was achieved in real
time(0.28secondsper match). MNSsignaturesizeis a few
hundred byteson average – an importantproperty for re-
trieval fromlargedatabases.Thealgorithmiccomplexity of
signaturecomputationandmatching are analysedandeffi-
cientimplementationsare proposed.

1 Intr oduction

The Multimodal NeighbourhoodSignature(MNS) ap-
proach[5] addressesthecolourindexing taskby computing
colourfeaturesfrom local imageneighbourhoodswith mul-
timodalcolourprobabilitydensityfunction.A robustmode
estimator, themeanshift algorithm[1], is usedto locatethe
modesof the densityfunction. From the modecoloursa
numberof local invariant featuresare computed,depend-
ing ontheadoptedmodelof colourchange.Underdifferent
assumptions,the resultingmultimodalneighbourhoodsig-
naturesconsistof colour ratios,chromaticities,raw colour
valuesor combinationsof theabove. Theadvantagesof the
proposedalgorithmandfurtherdetailscanbefoundin [5].

In our previous work, the multimodal neighbourhood
signaturealgorithmhaspresentedgoodresultsfor a num-
berof imageretrieval experiments[5, 4]. In thisapplication
area,colourhistogramsmethodsareade-factostandard.In

imageretrieval,speedis averyimportantperformancechar-
acteristicandany methodaspiringto challengethe domi-
nanceof thehistogram-basedapproachesmusthavecompa-
rablerun-time.Especiallyin web-basedapplications,where
a comparatively large numberof imagesignaturesneedto
be computedon-line,efficiency is highly desirable.In ad-
dition, retrieval from large image databasesor video se-
quences,aswell asobjectrecognitionin real time, require
very fastsignaturematchingandlow storagerequirements.

In thework reportedin thispaperwe focusonefficiency
relatedissuesof theMNS method.Thecomputationspeed
for both signaturecreationandmatchingwastheoretically
analysedand evaluatedexperimentally. Signaturesize is
alsoanimportantfactorthatinfluencesmatchingandneeds
to beconsideredin thecontext of web-basedretrieval sys-
tems. Robustnessof the algorithmin termsof its internal
parametersis also significantfor applicationsworking on
imagesof sceneswith diversecolourcontent.

A brief outlineof thecomputationof aMNS signatureis
givenin section2 andthematchingtechniqueis discussed
in section3. Section4 presentsdetailsof the experimen-
tal setupandtheresultsobtainedarepresentedin section5.
The resultsare discussedin section6 and section7 con-
cludesthepaper.

2 Computing the MNS signature

Theimageplaneis coveredby smallcompactneighbour-
hoodsof rectangularshape(chosenfor convenientimage
processingsincetheactualneighbourhoodshapeis notcrit-
ical for our application). For every imageneighbourhood
definedby a randomisedgrid, themodesof thecolourden-
sity function are locatedin the RGB spacewith the mean
shift algorithm(for detailssee[5]). Modeswith relatively
small coverageareignoredasthey usuallyrepresentnoisy
information. The neighbourhoodsarethencategorisedac-
cording to their modality as unimodal,bimodal, trimodal
etc. For thecomputationof thecoloursignatureonly mul-
timodal neighbourhoodsareconsidered.For every pair of



modecolours ��� and ��� in eachneighbourhood,a vector	�

� ����������� is constructedin a joint 6-dimensionaldo-
maindenoted������� .

For an imageof dimensions����� and a grid spac-
ing � ��! , thenumberof neighbourhoodsconsideredover
the imageis �"��#$�%! . For eachneighbourhooda mean
shift searchfor the closestmodeis startedfrom a subset& of the neighbourhoodpixels using all the pixels of the
neighbourhoodsas datapoints. The complexity of mode
seekingper pixel is ' � �(!*)�� where ) is the averagenum-
ber of iterationsrequiredfor convergence. Therefore,the
total computationalcostfor processingall neighbourhoods
is ' � �%!*)��+�,' �.-0/ �+� � �"��#��(!1� 
 ' � �"� -0/ )�� , where-2/�
43 &53 . Taking into accountthat the averagenumberof
iterationsis typically 3-5 and - / is usuallya smallnumber,
theprocessingcostis approximatelyproportionalto thesize
of the image. Computationspeedcanbe increasedby re-
quiring a minimumdistanceof a kernelwidth betweentwo
adjacentmodesof the density function. Then, unimodal
neighbourhoodscanbeidentifiedsimply by thefactthatall
colourvaluesin theneighbourhoodfall insidethekernelat
convergencefor somestartingpoint.

In order to computea conciseimage descriptor, the
colour pairs are clusteredin the �6��� � spaceand a rep-
resentative vectorfor eachclusteris stored.The proposed
colour signatureconsistsof the modesof the colour-pair
distribution. For the clustering,the meanshift algorithm
is appliedoncemore to locatethe local maxima. The al-
gorithmic complexity of the clusteringis ' �7-98;: )<� where- 8 is thenumberof multimodalneighbourhoodsin theim-
age,: is theaveragenumberof colourpairspermultimodal
neighbourhoodand ) is theaveragenumberof iterationsfor
a meanshift searchto converge. Clearly, sinceboth the
numberof multimodalneighbourhoodsperimageandtheir
modality is relatively small, the processingcostis not sig-
nificantlyaffectingthetotal signaturecomputationtime.

Finally, thecomputedsignatureconsistsof a numberof
������� vectorsdependingon the complexity of the colour
structurein the scene. In general,the resultingstructure
is very conciseand flexible. From the MNS signaturea
numberof invariantshasbeenproposedto enablerecog-
nition underchanginggeometricalandillumination condi-
tions[5].

3 Matching MNS Signatures

Let =>��? bea pair of signaturesof a querymodelimage
(or region) anda databaseimagerespectively. We assume
thatthemodelsignaturecontainsinformationonlyaboutthe
objectof interest.This assumptionis realisticsincein both
recognitionandretrievalapplicationsspecialcareis takento
computea modelsignatureeitherby usinga uniform back-
groundfor themodelimages(in recognition)or by manual

querydelineation(in retrieval). Thereforeour taskis to in-
terpreteachmodelfeatureasadistortedinstanceof aunique
featureof thedatabasesignature.

As detailedin our earlierwork, eachsignatureconsists
of a setof features= 
A@�B �CED ) 
GF9HIH �KJ and � 
L@$B �M DN 
OF9HIH !PJ where �K��!GQSR T . For every pair B �C � B �M the

distanceU �7B �C � B �M �WVXU0�Y� in thefeaturespaceis computed
andassignedto it. Notethatfor ourapplicationthedistance
is symmetric( U �Z� 
 U ��� ).

MNS matchingis an assignementproblem,i.e. a prob-
lemof uniquelyassociatingeachqueryfeatureto atestfea-
ture. We definea matchassociationfunction [ � )�� D = \]_^ ? , mappingeachmodelfeature) to thedatabase(test)
featureit matchedor to 0 if it did not match. Similarly, a
testassociationfunction 	`� N � D ? \ ];^ =a� N Qcb , maps
a databasefeatureto a queryfeatureor to 0 in caseof no
match. A thresholdd*e is usedto definethe maximumal-
loweddistancebetweentwo matchedfeatures.x

Viewing =f��? asa bipartitegraphandthedistancesU0�Y�
asedgeweightstheproblemis identicalto findingthemini-
mumflow for aweightedbipartitegraph(with theintroduc-
tion of dummyverticesto transformtheproblemof match-
ing in to thatof anetwork flow andto accountfor theasym-
metry in the setsto be matched). This problem can be
solved in ' �.gih � time whereV is the numberof vertices
in thegraph[9].

In currentimplementation,we requirethat thematching
is a model-orientedstablematchingproblem[3]. Themain
idea is that a match is establishedbetweena model and
the closest(in terms of the specifieddistancefunction)
databasefeatureto it that is not closerto any othermodel
featureandwithin themaximumalloweddistance.

Algorithm1: MNS Matching

1. Set [ � )�� 
 ] and 	`� N � 
 ]kj )l� N .
2. From eachsignature& computethe invariantfeaturesBnm� � B`o� accordingto thecolourchangemodeldictated

by theapplication.

3. Computeall pairwisedistancesU �Z� 
 U �.Bnm� � B`o� � be-
tweenthequeryandtestfeatures.

4. Set [ � )<� 
 N � 	`� N � 
 ) if U0�Y�qprU0slt and U2�Z�qp
dne j - �vu with [ �.- � 
 ] and 	`� uw� 
 ] .

5. Computesignaturedissimilarityas
? �7&�m � &xo � 
 yz|{ ��} ~ z �I����*� � U �Z�;�

yz|{ ��} ~ z �I� �*� � d e

Thecomplexity of finding a stablematchingis linearly de-
pendentonthenumberof all pairsinputto thealgorithm[9].
The algorithm we usefor matchingMNS signaturesis a



modifiedversionof animplementationbasedonasortedlist
(proposedin [8]). Themodificationswerenecessaryto ac-
countfor unmatchedfeaturesandtheassymetryin thesize
of the setsto be matched.A further reductionin the time
requiredto computethe dissimilarity scoreis achieved by
ignoring all pairswith distancegreaterthanthe maximum
distancethresholdvalue.

4 Experimental Setup

To compareMNS performancewith resultsreportedin
the literature, we performeda well known colour object
recognitionexperimentusing a publicly available dataset
collectedby M. Swain on which several algorithmshave
beenpreviously tested(e.g. [10, 2, 7]). The model image
setconsistedof 66householdobjectsimagedonblackback-
groundunderthesamelight (for a full colour imageof the
databasesee[10]) . The testsetconsistedof 32 images,a
subsetof modelobjectsrotated,displacedor deformed(e.g.
clothes).

Performanceevaluation was identical to Swain’s [10]
using colour histogrammatching. The sametest was re-
peatedby Funt and Finlayson [2] introducing ratio his-
togrammatching.However, in their experiments,11 model
and8 test imageswereremoved from the databasedueto
saturatedpixelswhereasweusedall images.Resultson the
samedatasetwerealsoreportedby Park et al. [7] usinga
colour adjacency graphrepresentationof the imagecolour
structure.

TheMNS matchingalgorithmwasimplementedin C++
and tested on a SUN Ultra Enterprise450 with quad
400MHz UltraSPARC-II CPUs. Computationof eachsig-
naturetookonaverage0.1seconds.Imagesizewas�9���W�����
pixelsfor boththemodelandtestimagesets.No imagepre-
processing,sub-samplingor smoothingwasappliedbefore
signaturecomputation.All internalparameters(meanshift
kernelwidth, neighbourhoodsizeetc.) weresetto default
values,that is, they were not tunedfor Swain’s database.
Image retrieval resultswith the samesettingswere pre-
sentedin [4]. Theaveragesignaturesizewas150bytes[6].

5 Results

Reportedresultsusing6D �6����� featurematchingand
default parametersettingareshown in Table 1. Eachtest
object signaturewasmatchedagainstall 66 modelsigna-
tures.For a singletestobjectthematchingprocesstook on
average0.28sec,i.e. 4 msecpermatch.Our methodcom-
paresfavourablyto other3 algorithmswith reportedresults
for thesametaskevenwhenappliedwith its defaultparam-
eters. In particular, whenan appropriatemeanshift kernel
width for Swain’s databasewasselected,a recognitionper-
formanceof 99.9%wasachieved.

Method Rank Av. Match
1 2 3 � 3 Percentile

MNS (Default) 27 2 2 1 0.995
CC ColourIndexing 22 2 0 0 0.998

ColourIndexing 29 3 0 0 0.999
MNS (Swain) 29 3 0 0 0.999
Hybrid graph 32 0 0 0 1.000

Table 1. Comparative colour object recogni-
tion results for Swain’ s database

Amongtheobjectsthatwerenotclassifiedasrank1, are
mostly objectswith very similar red-whitecolour bound-
arieswhich are very commonin Swain’s database.Per-
fect recognitionperformancewasachievedonly by thehy-
brid graphwhich makesuseof localisedfeaturematching.
An extensionto the proposedMNS algorithm to localise
matchedcolour featuresby effectively usingspatialinfor-
mationbetweenandwithin imageneighbourhoods,is under
development.

6 Efficiency considerations

Thesensitivity of theMNS algorithmwastestedexper-
imentally andthe resultsshowed that recognitionratewas
not significantly affectedby the selectionof the L-metric
distance.The numberof testobjectsthat wereranked up
to rank 6 andabove for a numberof differentmetricsare
presentedin Table 2.

Rank Av. Match
Metric 1 2 3 4 5 6 � 6 Percentile���

27 2 2 0 1 0 0 0.995�
� 27 2 2 0 0 1 0 0.994�_�

27 2 2 0 0 0 1 0.993�;�
27 1 3 0 0 0 1 0.993

Table 2. Recognition for diff erent L-metrics

Themarginally betterresultfor the
���

metricwasmost
probablydueto the morerobustbehaviour of the function
to outliers. Note that the time to computethe

�;�
and
�;�

distancescoresis minimum comparedto other L-metrics
requiringcalculationof a � -th orderroot at eachrun. Ide-
ally, thedistancefunctionshouldbelearnedfrom thecolour
contentpropertiesoverasetof trainingimages.

The MNS matchingalgorithm usesa single threshold
value �n� to achieve robustnessto outliers in the compu-
tation of the dissimilarity value. The methodis shown to
be insensitive to a wide rangeof �n� values. Recognition
performancedeterioratedslowly (Fig. 1) even for extreme
valuesof �n� andconvergedto a performancelimit of 80%
for extremely large (practically infinite) thresholds,using
the
� �

and
�
� normsfor featuredistancecomputation.
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Figure 1. Recognition for diff erent thresholds

Experimentally, it wasestablishedthat,besidesthecom-
putationalcomplexity of the matchingstrategy, the time
requiredfor matchingtwo signaturesis dominatedby the
computationof thedistancesbetweenthefeaturepairs.An
approachthatdoesnot requirecomputationof all thepair-
wise distancesto establishsignaturedissimilarity is being
investigated.

Anotherimportantparameterof aretrieval system,espe-
cially whenoperatingon imageson the World Wide Web,
is thespacerequiredto representa singleimage.Thehuge
numberof imagesthatwill potentiallybeindexed,dictates
theneedfor conciseimagedescriptionsapartfrom fastsig-
naturecomputation.TheMNS methodis very competitive
representingeachimagewith asmallnumberof 6D vectors
dependingonly on thecomplexity of thescene.Thespace
neededto storeone �6����� vector is 6 bytesusing fixed
pointarithmeticto representthe(originally float)modeval-
ues. Thereforethe size of a MNS signatureis �9  bytes,
where  is thenumberof �6����� vectorsextractedfrom the
image. The numberof colour pairs depends,besidesthe
data,on parametersof thesignatureconstructionstage.For
thedefaultMNS settingsaveragesignaturesizefor Swain’s
imageswas150 byteswith a maximumof 2.5 Kb for the
mostcomplex scenes.This, for example,allows for 1 mil-
lion MNS signaturesto bestoredon a harddisk of sizeap-
proximately200Mb.

7 Conclusions

In this paper, we focusedon efficiency relatedissuesof
the MNS method. The speedandalgorithmiccomplexity
of both signaturecomputationand matchingwas investi-
gated.Multimodal signatureswerecomputedin 0.1 secon
averageon a SUN Ultra Enterprise450machine.Average

signaturesizewassmall,afew hundredbytes,whichmakes
themethodcompetitive for applicationswith fastmatching
andlow storagerequirements.

We testedthe algorithm’s performanceon a standard
colour object recognitiontask using a publicly available
dataset. Very high recognitionrate (averagematch per-
centile 99.9%) was achieved in real time (0.28 msecper
match)which comparesfavourably with 3 other reported
resultsfor thesametask.Recognitionratewasfairly insen-
sitive to largechangesof the outlier thresholdandthe dis-
tancefunctionin thefeaturespacefor anumberof common
Minkowski metrics(e.g. ¡;¢�£v¡ � £�¡_¤ ).
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