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Abstract

Similarity betweenmagesin imageretrievalis measued
by computingdistanceshetweerfeatue vectos. This pa-
per presentsa probabilistic approad and describestwo
likelihood-basedsimilarity measues for image retrieval.
Popular distancemeasueslike the Euclideandistanceim-
plicitly assignmore weightingto featueswith large ranges
than thosewith small ranges. First, we discussthe ef-
fectsof ve feature normalizationmethodnretrieval per
formance Then,we showthat the probabilistic methods
performsigni cantly betterthangeometricapproaceslike
the neaestneighborrule with city-blodk or Euclideandis-
tances.They are also more robustto normalizationeffects
and using better modelsfor the featuies improvesthe re-
trieval resultscompaed to makingonly geneal assump-
tions. Experiment®on a databaseof approximately10,000
imagesshowthat studyingthe featuse distributionsare im-
portant and this information shouldbe usedin designing
featue normalizationmethodsand similarity measues.

1. Intr oduction

Imagedatabaseetrieval hasbecomea very popularre-
searchareain recentyears[15]. Initial work on content-
basedretrieval [8, 12, 10] focusedon usinglow-level fea-
tureslik e color andtexture for imagerepresentationAfter
featuresarecomputedor all imagesin the databasesimi-
larity measuresreusedio nd matchesetweerimages.

Featurevectorsusuallyexist in a very high dimensional
space. Due to this high dimensionality their parametric
characterizatioris usually not studied. A commonlyused
assumptions thatimagesthatarecloseto eachotherin the
featurespacearealsovisually similar. In geometricsimilar-
ity measuretk ethenearesheighborrule,noassumptioris
madeaboutthe probability distribution of the featuresand
similarity is basedon thedistancedbetweerfeaturevectors
in thefeaturespace Giventhis, Euclideardistancehasbeen
themostwidely useddistancemeasur¢8, 12,9, 18], aswell
astheweightedEuclideandistance4, 16], city-block (L 1)
distancg10, 18], thegeneralL, Minkowsky distance[17]
and the Mahalanobisdistance[12, 18]. The L, distance
wasalsousedunderthename‘histogramintersection]18].

Polynomialcombinationsof prede neddistancemeasures
werealsousedto createnen distancemeasure§s].

This paperpresentsa probabilisticapproachfor image
retrieval. We describewo lik elihood-basedimilarity mea-
suresthatcomputethelik elihoodof two imagesonebeing
the query imageandthe other one beingan imagein the
databasebeingsimilar or dissimilar First, we de ne two
classesthe relevanceclassand the irrelevanceclass,and
thenthelik elihoodvaluesarederivedfrom a Bayesiarclas-
si er. We usetwo differentmethodgo estimatethe condi-
tional probabilitiesusedin the classi er. The rst method
usesa multivariateNormal assumptiorandthe secondone
usesndependentlytted distributionsfor eachfeature.The
performancesf theseawo methodsarecomparedo theper
formancesf geometricapproacheshat usethe city-block
(L1) andEuclidean(L ;) distancesssimilarity measures.

An importantstep betweenfeatureextraction and dis-
tancecomputationis featurenormalization. Comple im-
agedatabaseetrieval systemausefeaturesthat are gener
atedby mary differentfeatureextractionalgorithmsandnot
all of thesefeatureshave the samerange.Populardistance
measuresfor example the Euclideandistance,implicitly
assignmore weighting to featureswith large rangesthan
thosewith smallranges.This paperdiscusses ve normal-
izationmethodsjinear scalingto unit range linear scaling
to unit variance transformatiorto a Uniform[0,1] random
variable, rank normalizationand normalizationby tting
distributions. Experimentsare doneon a databasef ap-
proximately10,000imagesandaverageprecisionis usedto
evaluateperformance®f both the normalizationmethods
andthe similarity measures.

The restof the paperis organizedasfollows. First, the
featureghatwe usein this studyaresummarizedn Section
2. Then,the featurenormalizationmethodsare described
in Section3 andarefollowed by the similarity measure
Section4. Experimentsand resultsare discussedn Sec-
tion 5. Finally, conclusionsaregivenin Section6.

2. Feature Extraction

Textural featuresthat were describedn detailin [2, 3]
are usedfor imagerepresentatiorin this paper The rst



set of featuresare the line-angle-ratiostatisticsthat use
a texture histogramcomputedfrom the spatial relation-
shipsbetweenlines aswell asthe propertiesof their sur

roundings. The secondsetof featuresarethe variancesof

gray level spatialdependenciethat usesecond-ordefco-

occurrencektatisticsof gray levels of pixelsin particular
spatialrelationships. Line-angle-ratiostatisticsresultin a

20-dimensionafeaturevectorandco-occurrenceariances
resultin an8-dimensionafeaturevector

3. Feature Normalization

The following sectionsdescribe ve normalizationpro-
cedures. The goal is to malke all featureshave approxi-
matelythe sameeffect in the computationof similarity by
independentlynormalizingeachfeaturecomponento the
[0; 1] range.
3.1.Linear scalingto unit range

Givenalowerbound andanupperboundu for afeature
componenk,

x0= 2L (1)

resultsin x° beingin the[0; 1] range.
3.2.Linear scalingto unit variance

Anothernormalizatiorproceduras to transformthefea-
turecomponenk to arandomvariablewith zeromeanand
unit varianceas

x0= Xit (2)
3

where! and¥%# arethe samplemeanandthe samplevari-
anceof thatfeaturerespectiely. Underthe Normality as-
sumption,anadditionalshift andrescalingas

Xial +1
XO: 3/42 (3)

guarantee99% of x°to bein the [0,1] range.We canthen
roundoff the out-of-rangecomponentso either0 or 1.
3.3. Transformation to a Uniform[0,1] random
variable

Givenarandomvariablex with cumulative distribution
function Fy (x), the randomvariablex? resultingfrom the
transformatiorx® = F, (x) will beuniformly distributedin
the[0,1] range[11].
3.4.Rank normalization

Giventhe samplefor afeaturecomponentor all images

correspondingnormalizedrank,i.e.

rank (x;)j 1
O: X150 X

wherex; is the featurevaluefor thei'th image,uniformly
mapsall featurevaluesto the [0,1] range. Whenthereare
morethanoneimagewith thesameeaturevalue,especially

after quantization,they are assignedhe averagerank for
thatvalue.

3.5.Normalization after tting distrib utions

Thetransformatiorin Section3.2assumedhatafeature
hasaNormalg; ¥#) distribution. TheMahalanobislistance
[7] alsoinvolves normalizationin termsof the covariance
matrix but is alsovalid only whenthefeaturesareNormally
distributed. The samplevaluescanbe usedto nd better
estimatedor thefeaturedistributions.

Thefollowing sectiongdescribehow to t Normal,Log-
normal, Exponentialand Gammadensitiesto a random
sample. After estimatingthe parametersof a distribu-
tion, the cut-off value that includes99% of the feature
valuesis found and the samplesare scaledand truncated
so that eachfeaturecomponenthasthe samerange. To
measurehowv well a tted distribution resembleghe sam-
ple data(goodness-of- t) we usethe Kolmogora/-Smirnos
teststatistic[6, 13].

3.5.1 Fitting a Normal(*; %%) density

with density s> el (*i PEA 1 < x< 1l <
1 < 1; %> 0. The maximumlikelihood estimators
(MLE) of  and¥# canbederivedas

1 X

n —

x; and 37 :% (xii ™% (5

i=1 i=1

Thecut-off valuet, thatincludes99% of thefeaturevalues
canbefoundast, = ™ + 2:4%;

3.5.2 Fitting a Lognormal(; ¥#) density

Letxs;:::;Xn 2 R bearandomsamplefrom a population
(og xi t)2=2%2

with density e & e X) Tox . 0l <1<

1 ; %> 0. TheMLEsof! and%# canbederivedas
1 X 1 5

n= = logx; and % = —  (logx; i ™)“: (6)

n i=1 n i=1

Thecut-of valuet, canbefoundas#, = €"*2 4%,

3.5.3 Fitting an Exponential(, ) density

LetX1;:::;Xn 2 R bearandomsamplefrom a population

0. TheMLE of | is

5 5

with densityle = x| 0;
1
= H . Xi: (7)

Thecut-off valuet, canbefoundas+, = j f‘logO:Ol.
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Figurel: Featurehistogramsand tted distributionsfor ex-
amplefeatures.Exponential(solid line) modelis usedfor
line-angle-ratiofeaturesand Normal (solid line), Lognor
mal (dash-dotline) and Gamma(dashedine) modelsare
usedfor the others.Theverticallinesshov the 99% cut-off
pointfor eachdistribution.

3.5.4 Fitting a Gamma(®; ) density

with density - ®1)-® x®lgix=" x 0 ® . 0. The

methodof momentdMOM) estimatordor ® and™ canbe
derivedas

B

®—:2 and a. S (8)
= % = =

whereX andS? arethe samplemeanandthe samplevari-
ancerespectiely. The cut-of value+, canbefoundusing
thelncompleteGammafunction!, _(®) andcanbecom-
putednumerically[1, 13].

Histogramsand tted distributionsfor examplefeatures
aregivenin Figurel. This shavs that mary featuresfrom
differentfeatureextraction algorithmscan be modeledby
thedistributionsthatwerepresentedn Section3.5.

4. Similarity Measures

After computingandnormalizingthe featurevectorsfor
all imagesin the databasegivena queryimage,we haveto
decidewhich imagesin the databasarerelevantto it and
have to retrieve the mostrelevant onesasthe resultof the
query In this section,we describetwo approachesprob-
abilistic andgeometricapproacheso imagesimilarity and
retrieval.
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4.1.Probabilistic similarity measures

In our previouswork [2] we de nedtwo classestherele-
vanceclassA andtheirrelevanceclassB, anduseda Gaus-
sianclassi er to measureahe relevang/ of two imagesone
beingthe queryimageandonebeinga databasémageso
thatimagepairswhichhadahighlik elihoodratiowereclas-
si ed asrelevantandthe oneswhich hadalower likelihood
ratio were classi ed asirrelevant. Given two imageswith
featurevectorsx andy, andtheir featuredifferencevector
d=xj y; x;y;d 2 R? with Q beingthesizeof afeature
vector the posteriorprobabilitythatthey arerelevantis

P(Ajd) = P(djA)P(A)=P(d) )
andthe posteriomprobabilitythatthey areirrelevantis
P(Bjd) = P(djB)P(B)=P(d): (20)

Assumingthatthesetwo classeareequallylikely, thelik e-
lihoodratiois de ned as

P(diA) .
P(diB)

r(d) = (11)
In thefollowing sectionswe describetwo methodso esti-
matethe conditionalprobabilitiesP (djA ) andP (djB).

4.1.1 Multi variate Normal assumption

We assumethat the featuredifferencesfor the relevance
classhave amultivariateNormaldensitywith meant o and
covariancematrix§ o as

. 1 1308 g1 2
f(djta;84) = We di*a)8) dita)=2.
(12)
Similarly, the featuredifferencesfor the irrelevanceclass
are assumedo have a multivariate Normal density with

samplemeant g andsamplecovariancematrix8 g as

1 . . Ogi 1 . -
i1 - = i (di1g)’8L (i tg)=2.
F(@7ei80) = Grpoaig o2 © B |
(13)
Thelikelihoodratioin (11)is givenas
f(dj*a;8n)
r(d) = ————=: 14

1A;8a;1p and 8 are estimatedusing the multivariate
versionsof the MLEs givenin Section3.5.1.

To simplify the computationof the likelihood ratio in
(14), we take its logarithm, eliminatesomeconstantsand
use

r(d)= (di *a)%8h'di *a)i @i *s)%B5 (i t8)
(15)

to rankthedatabas@nagesn ascendingrderof theseval-

ueswhich correspondso adescendingrderof similarity.



4.1.2 Independently tted distrib utions

We also use the independently tted distributions to
compute the likelihood values. After comparing the
Kolmogorw-Smirnor teststatisticsasthe goodness-of- ts,
we modelthe line-angle-ratideaturesoy Exponentialden-
sities and the co-occurrencefeaturesby Normal densi-
ties. Let x andy be two iid. randomvariableswith an
Exponential() distribution. Thedistributionof z = x | y
is calledDoubleExponential( ) andcanbefoundas

1 ...
f,(2) = Z—eII 2541 <z<1: (16)
Let x and y be two iid. random variables with a
Normal@; ¥#) distribution. Using moment generating
functions,we caneasilyshow thattheirdifferencez = xj y
hasa Normal(Q; 23#) distribution

1 . 2_ 2
f(2)= p—=€ 7% 1 <z<1: 17
2(2) pm i (17)
Usingthis DoubleExponentiamodelfor the20line-angle-
ratio featuredifferencesand the Normal model for the 8
co-occurrencédeaturedifferencesthe joint densityfor the
relevanceclassis givenas

f(dj,Al;.”;,AZO;EV%QJ_;”.;/ﬁzs)—
A S A | 2 s
_eU dij= A p ei di :4?/‘hi
= S A 27§

(18)

andthejoint densityfor theirrelevanceclassis givenas

f (dJ, Bly-++s s B20; 3/é21; M ?/gzg) -
¥ 1 gl dij= 8i e P 1 g d?=4%3, .
iz1 2 Bi i1 A
(19)
Thelikelihoodratioin (11) becomes
1T  essas .3 ..... 3
r(d): f(dJ’Al' ’>A20’/%21’ "/%\28). (20)

. AiL, Bi: ¥4, and¥, areestimatedusingthe MLESs given
in Sections3.5.3and3.5.1. Insteadof computingthe com-
pletelik elihoodratio, we take its logarithm,eliminatesome
constantsanduse

0 K 1 1 1
r(dy= jdij [

=1 Al , Bi

RERON:
= o
4i:21 3/%” ?/‘él

(21)
to rankthe databasémages.

4.2.Geometric similarity measures

In the geometricsimilarity measuregor retrieval, simi-
larity betweenmagesis measuredy computingdistances
betweenfeaturevectorsin the featurespace. In the well
known nearesteighbordecisionrule, eachimagein the
databasés assumedo berepresentetby its featurevector
y in theQ-dimensionafeaturespace Giventhefeaturevec-
tor x for theinputquery thegoalisto nd they'swhichare
the closesteighborsof x accordingto a distancemeasure.
Then,the k-nearesneighborsof x will be retrieved asthe
mostrelevantimagedo x. For thedistancemetric; we use
thecity-block distancgMinkowsky L ; metric)

ﬂ . .
X Y) = iXqi Yl (22)
g=1
andthe EuclideandistancgMinkowsky L , metric)

(Xqi Yq)° (23)
g=1

X y) =

wherex; y 2 R? andx, andy, aretheq th component®f
thefeaturevectorsx andy respectiely.

5. Experiments and Results
5.1.Databasepopulation

Our databasecontains10,410256 £ 256 imagesthat
come from the Fort Hood Data of the RADIUS Project
and also from the LANDSAT and DefenseMeteorologi-
cal Satellite Program(DMSP) Satellites. The RADIUS
imagesconsistof visible light aerial imagesof the Fort
Hood areain Texas, USA. The LANDSAT imagesare
from a remotesensingimagecollection. For theseexper
iments,we randomlyselected340imagesfrom thetotal of
10,410andformeda groundtruthof 7 cateyories; parking
lots, roads residentialareasJandscaped, ANDSAT USA,
DMSP North PoleandLANDSAT Chernobyl.

5.2.Retrieval performance

Retrieval results,in termsof precisionaveragecverthe
groundtruthimages,usingthe lik elihood ratio with multi-
variateNormal assumptionthe likelihoodratio with tted
distributions,the city-block distanceandthe Euclideandis-
tancewith differentnormalizatiormethodsaregivenin Fig-
ure 2. Notethat, linear scalingto unit rangeinvolvesonly
scalingandtranslationandit doesnot have ary truncation
so it doesnot changethe structuresof distributions of the
featuresThereforeusingthis methodre ects the effectsof
usingthe raw featuredistributionswhile mappingthemto
thesamerange.

Examplequeriesusingdifferentsimilarity measurewith
thesamequeryimagearegivenin Figure3.
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Figure2: Precisionvs. Numberof imagesretrieved for the similarity measuresisedwith differentnormalizationmethods.
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resultedn similar resultsbut werenotincludedheredueto spacdimitations.
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Figure 3: Retrieval examplesusingthe sameparkinglot imageasquerywith differentsimilarity measuresThe upperleft
imageis the query Amongthe retrievedimages, rst threerows shav the 12 mostrelevantimagesin descendingrderof
similarity andthe lastrow shavs the 4 mostirrelevantimagesin descendingrderof dissimilarity Euclidean(L ;) distance
retrieved 7 similar imagesfor this query Pleasenotethat boththe orderandthe numberof similarimagesretrieved with
differentmeasuresaredifferent.



5.3.0bsewations

2 Using probabilistic similarity measuresalways per
formedbetterin termsof bothprecisionandrecallthan
the caseswhere the geometricmeasuresvere used.
Ontheaveragethelikelihoodratio thatusedthe mul-
tivariate Normality assumptiomperformedbetterthan
thelikelihoodratiothatusedindependenteatureswvith
Exponentialor Normal distributions. The covariance
matrix in the correlatedmultivariate Normal usually
capturednoreinformationthanusingindividually bet-
ter tted butindependentlistributions.

2 Probabilisticmeasureperformedsimilarly whendif-
ferentnormalizationmethodswere used. This shavs
that thesemeasuresre more robustto normalization
effectsthanthegeometriomeasures.

2 City-block distance performed better than the Eu-
clideandistance They bothperformedbetterwith nor
malizationmethodslik e transformatiorusingthe cu-
mulative distribution function or the rank normaliza-
tion, i.e. themethodghattendto make thedistribution
uniform andspreadout the featurevaluesasmuchas
possible.

6. Conclusions

This paperpresentedwo probabilistic similarity mea-
suresfor imageretrieval and comparedheir retrieval per
formancego thoseof the geometricmeasures.The prob-
abilistic measuresisedlikelihoodratiosthat were derived
from a Bayesianclassi er that measuredhe relevang of
two images,one being the query image and one being a
databas@nage,sothatimagepairswhich hadahighlik eli-
hoodvaluewereclassi edas‘“relevant” andtheoneswhich
hadalower likelihoodvaluewereclassi ed as“irrelevant”.
The rst likelihood-basedneasureusedmultivariate Nor-
mality assumptiorand the secondmeasureusedindepen-
dently tted distributionsfor thefeaturesExperimentona
databasef approximatelyl0,000imagesshovedthatboth
likelihood-basedneasureperformedsigni cantly better
thanthecommonlyusedcity-block(L ;) andEuclidean(L ,)
distancesn termsof averageprecision.

We also discussedhe effects of featurenormalization
on retrieval performance We described ve normalization
methodsjinear scalingto unit range linear scalingto unit
variance,transformationto a Uniform[0,1] random vari-
able, rank normalizationand normalizationby tting dis-
tributionsto independentlynormalizeeachfeaturecompo-
nentto the [0,1] range. We shaved that studyingthe dis-
tributionsof the featuresandusingthe resultsof this study
signi cantly improvestheresultscomparedo makingonly
generaklssumptions.
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