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Abstract
Similaritybetweenimagesin imageretrieval is measured

by computingdistancesbetweenfeature vectors. This pa-
per presentsa probabilistic approach and describestwo
likelihood-basedsimilarity measures for image retrieval.
Popular distancemeasureslike theEuclideandistanceim-
plicitly assignmoreweightingto featureswith large ranges
than thosewith small ranges. First, we discussthe ef-
fectsof �ve featurenormalizationmethodsonretrieval per-
formance. Then,we showthat the probabilistic methods
performsigni�cantly betterthangeometricapproacheslike
thenearestneighborrule with city-block or Euclideandis-
tances.They are alsomore robust to normalizationeffects
and using better modelsfor the features improvesthe re-
trieval resultscompared to makingonly general assump-
tions. Experimentson a databaseof approximately10,000
imagesshowthat studyingthefeature distributionsare im-
portant and this information shouldbe usedin designing
featurenormalizationmethodsandsimilarity measures.

1. Intr oduction
Imagedatabaseretrieval hasbecomea very popularre-

searchareain recentyears[15]. Initial work on content-
basedretrieval [8, 12, 10] focusedon usinglow-level fea-
tureslike color andtexturefor imagerepresentation.After
featuresarecomputedfor all imagesin thedatabase,simi-
larity measuresareusedto �nd matchesbetweenimages.

Featurevectorsusuallyexist in a very high dimensional
space. Due to this high dimensionality, their parametric
characterizationis usuallynot studied. A commonlyused
assumptionis thatimagesthatarecloseto eachotherin the
featurespacearealsovisuallysimilar. In geometricsimilar-
ity measureslikethenearestneighborrule,noassumptionis
madeabouttheprobabilitydistribution of the featuresand
similarity is basedon thedistancesbetweenfeaturevectors
in thefeaturespace.Giventhis,Euclideandistancehasbeen
themostwidelyuseddistancemeasure[8, 12, 9,18], aswell
astheweightedEuclideandistance[4, 16], city-block (L 1)
distance[10, 18], thegeneralL p Minkowsky distance[17]
and the Mahalanobisdistance[12, 18]. The L 1 distance
wasalsousedunderthename“histogramintersection”[18].

Polynomialcombinationsof prede�neddistancemeasures
werealsousedto createnew distancemeasures[5].

This paperpresentsa probabilisticapproachfor image
retrieval. Wedescribetwo likelihood-basedsimilarity mea-
suresthatcomputethelikelihoodof two images,onebeing
the query imageand the otheronebeingan imagein the
database,beingsimilar or dissimilar. First, we de�ne two
classes,the relevanceclassand the irrelevanceclass,and
thenthelikelihoodvaluesarederivedfrom aBayesianclas-
si�er. We usetwo differentmethodsto estimatethecondi-
tional probabilitiesusedin the classi�er. The �rst method
usesa multivariateNormalassumptionandthesecondone
usesindependently�tted distributionsfor eachfeature.The
performancesof thesetwomethodsarecomparedto theper-
formancesof geometricapproachesthatusethecity-block
(L 1) andEuclidean(L 2) distancesassimilarity measures.

An importantstepbetweenfeatureextraction and dis-
tancecomputationis featurenormalization. Complex im-
agedatabaseretrieval systemsusefeaturesthat aregener-
atedby many differentfeatureextractionalgorithmsandnot
all of thesefeatureshave thesamerange.Populardistance
measures,for example the Euclideandistance,implicitly
assignmore weighting to featureswith large rangesthan
thosewith small ranges.This paperdiscusses� ve normal-
izationmethods;linearscalingto unit range,linearscaling
to unit variance,transformationto a Uniform[0,1] random
variable, rank normalizationand normalizationby �tting
distributions. Experimentsare doneon a databaseof ap-
proximately10,000imagesandaverageprecisionis usedto
evaluateperformancesof both the normalizationmethods
andthesimilarity measures.

The restof the paperis organizedasfollows. First, the
featuresthatweusein thisstudyaresummarizedin Section
2. Then, the featurenormalizationmethodsaredescribed
in Section3 andarefollowedby thesimilarity measuresin
Section4. Experimentsand resultsare discussedin Sec-
tion 5. Finally, conclusionsaregivenin Section6.

2. FeatureExtraction
Textural featuresthat weredescribedin detail in [2, 3]

are usedfor imagerepresentationin this paper. The �rst



set of featuresare the line-angle-ratiostatisticsthat use
a texture histogramcomputedfrom the spatial relation-
shipsbetweenlines aswell as the propertiesof their sur-
roundings.The secondsetof featuresarethe variancesof
gray level spatialdependenciesthat usesecond-order(co-
occurrence)statisticsof gray levels of pixels in particular
spatialrelationships.Line-angle-ratiostatisticsresult in a
20-dimensionalfeaturevectorandco-occurrencevariances
resultin an8-dimensionalfeaturevector.

3. FeatureNormalization
The following sectionsdescribe� ve normalizationpro-

cedures. The goal is to make all featureshave approxi-
matelythe sameeffect in the computationof similarity by
independentlynormalizingeachfeaturecomponentto the
[0; 1] range.
3.1.Linear scalingto unit range

Givenalowerboundl andanupperboundu for afeature
componentx,

x0 =
x ¡ l
u ¡ l

(1)

resultsin x0 beingin the[0; 1] range.
3.2.Linear scalingto unit variance

Anothernormalizationprocedureis to transformthefea-
turecomponentx to a randomvariablewith zeromeanand
unit varianceas

x0 =
x ¡ ¹

¾
(2)

where¹ and¾2 arethesamplemeanandthesamplevari-
anceof that featurerespectively. Underthe Normality as-
sumption,anadditionalshift andrescalingas

x0 =
x ¡ ¹
3¾ + 1

2
(3)

guarantees99%of x0 to bein the[0,1] range.We canthen
roundoff theout-of-rangecomponentsto either0 or 1.
3.3. Transformation to a Uniform[0,1] random

variable
Givena randomvariablex with cumulative distribution

function Fx (x), the randomvariablex0 resultingfrom the
transformationx0 = Fx (x) will beuniformly distributedin
the[0,1] range[11].
3.4.Rank normalization

Giventhesamplefor a featurecomponentfor all images
asx1; : : : ; xn , replacingeachimage's featurevalueby its
correspondingnormalizedrank,i.e.

x0
i =

rank
x 1 ;::: ;x n

(x i ) ¡ 1

n ¡ 1
(4)

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

after quantization,they are assignedthe averagerank for
thatvalue.
3.5.Normalization after �tting distrib utions

Thetransformationin Section3.2assumedthata feature
hasaNormal(¹; ¾2) distribution. TheMahalanobisdistance
[7] also involvesnormalizationin termsof the covariance
matrixbut is alsovalid only whenthefeaturesareNormally
distributed. The samplevaluescanbe usedto �nd better
estimatesfor thefeaturedistributions.

Thefollowing sectionsdescribehow 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 eachfeaturecomponenthas the samerange. To
measurehow well a �tted distribution resemblesthe sam-
pledata(goodness-of-�t),weusetheKolmogorov-Smirnov
teststatistic[6, 13].

3.5.1. Fitting a Normal(¹; ¾2) density

Let x1; : : : ; xn 2 R bea randomsamplefrom a population
with density 1p

2¼¾
e¡ (x ¡ ¹ )2 =2¾2

, ¡1 < x < 1 ; ¡1 <
¹ < 1 ; ¾ > 0. The maximumlikelihood estimators
(MLE) of ¹ and¾2 canbederivedas

¹̂ =
1
n

nX

i =1

x i and ¾̂2 =
1
n

nX

i =1

(x i ¡ ¹̂ )2: (5)

Thecut-off value±x thatincludes99%of thefeaturevalues
canbefoundas±x = ¹̂ + 2:4¾̂.

3.5.2. Fitting a Lognormal(¹; ¾2) density

Let x1; : : : ; xn 2 R bea randomsamplefrom a population

with density 1p
2¼¾

e¡ (log x ¡ ¹ ) 2 = 2¾2

x , x ¸ 0; ¡1 < ¹ <

1 ; ¾> 0. TheMLEs of ¹ and¾2 canbederivedas

¹̂ =
1
n

nX

i =1

logx i and ¾̂2 =
1
n

nX

i =1

(log x i ¡ ¹̂ )2: (6)

Thecut-off value±x canbefoundas±x = e¹̂ +2 :4¾̂.

3.5.3. Fitting an Exponential(̧ ) density

Let x1; : : : ; xn 2 R bea randomsamplefrom a population
with density 1

¸ e¡ x=¸ , x ¸ 0; ¸ ¸ 0. TheMLE of ¸ is

^̧ =
1
n

nX

i =1

x i : (7)

Thecut-off value±x canbefoundas±x = ¡ ^̧ log0:01.



0 5 10 15 20 25
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4
feature 18

m=2.15, s=2.65

(a) Line-angle-ratio
500 1000 1500 2000 2500

0

0.5

1

1.5

2

2.5

3
x 10

-3 feature 27

m=349.07, s=138.68

(b) Co-occurrence

2 4 6 8 10 12 14 16
0

0.05

0.1

0.15

0.2

0.25
feature 44

m=4.56, s=1.93

(c) Gabor[10]
100 200 300 400 500 600 700 800 900 1000

0

1

2

3

4

5

6

7

8

9
x 10

-3 feature 26

m=97.02, s=72.25

(d) Moments[14]

Figure1: Featurehistogramsand�tted distributionsfor ex-
amplefeatures.Exponential(solid line) model is usedfor
line-angle-ratiofeaturesand Normal (solid line), Lognor-
mal (dash-dotline) and Gamma(dashedline) modelsare
usedfor theothers.Theverticallinesshow the99%cut-off
point for eachdistribution.

3.5.4. Fitting a Gamma(®; ¯ ) density

Let x1; : : : ; xn 2 R bea randomsamplefrom a population
with density 1

¡( ®)¯ ® x®¡ 1e¡ x=¯ , x ¸ 0; ®; ¯ ¸ 0. The
methodof moments(MOM) estimatorsfor ® and¯ canbe
derivedas

®̂ =
X

2

S2 and ^̄ =
S2

X
(8)

whereX andS2 arethesamplemeanandthesamplevari-
ancerespectively. Thecut-off value±x canbefoundusing
theIncompleteGammafunctionI ±x = ^̄ (®̂) andcanbecom-
putednumerically[1, 13].

Histogramsand�tted distributionsfor examplefeatures
aregiven in Figure1. This shows thatmany featuresfrom
different featureextractionalgorithmscanbe modeledby
thedistributionsthatwerepresentedin Section3.5.

4. Similarity Measures
After computingandnormalizingthefeaturevectorsfor

all imagesin thedatabase,givena queryimage,we have to
decidewhich imagesin the databasearerelevant to it and
have to retrieve the mostrelevant onesasthe resultof the
query. In this section,we describetwo approaches,prob-
abilistic andgeometricapproachesto imagesimilarity and
retrieval.

4.1.Probabilistic similarity measures
In ourpreviouswork [2] wede�nedtwo classes,therele-

vanceclassA andtheirrelevanceclassB, andusedaGaus-
sianclassi�er to measurethe relevancy of two imagesone
beingthe queryimageandonebeinga databaseimageso
thatimagepairswhichhadahighlikelihoodratiowereclas-
si�ed asrelevantandtheoneswhichhada lower likelihood
ratio wereclassi�ed asirrelevant. Given two imageswith
featurevectorsx andy, andtheir featuredifferencevector
d = x ¡ y; x; y; d 2 RQ with Q beingthesizeof a feature
vector, theposteriorprobabilitythatthey arerelevantis

P(Aj d) = P(djA )P(A)=P(d) (9)

andtheposteriorprobabilitythatthey areirrelevantis

P(Bjd) = P(djB)P(B)=P(d): (10)

Assumingthatthesetwo classesareequallylikely, thelike-
lihood ratio is de�ned as

r (d) =
P(djA )
P(djB)

: (11)

In thefollowing sections,we describetwo methodsto esti-
matetheconditionalprobabilitiesP(djA ) andP(djB).

4.1.1. Multi variate Normal assumption

We assumethat the featuredifferencesfor the relevance
classhaveamultivariateNormaldensitywith mean¹ A and
covariancematrix§ A as

f (dj¹ A ; § A ) =
1

(2¼)Q=2j§ A j1=2
e¡ (d ¡ ¹ A )0§ ¡ 1

A (d ¡ ¹ A )=2:

(12)
Similarly, the featuredifferencesfor the irrelevanceclass
are assumedto have a multivariate Normal density with
samplemean¹ B andsamplecovariancematrix§ B as

f (dj¹ B ; § B ) =
1

(2¼)Q=2j§ B j1=2
e¡ (d ¡ ¹ B )0§ ¡ 1

B (d ¡ ¹ B )=2:

(13)
Thelikelihoodratio in (11) is givenas

r (d) =
f (dj¹ A ; § A )
f (dj¹ B ; § B )

: (14)

¹ A ; § A ; ¹ B and § B are estimatedusing the multivariate
versionsof theMLEs givenin Section3.5.1.

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

r (d) = (d ¡ ¹ A )0§ ¡ 1
A (d ¡ ¹ A ) ¡ (d ¡ ¹ B )0§ ¡ 1

B (d ¡ ¹ B )
(15)

to rankthedatabaseimagesin ascendingorderof theseval-
ueswhichcorrespondsto adescendingorderof similarity.



4.1.2. Independently �tted distrib utions

We also use the independently �tted distributions to
compute the likelihood values. After comparing the
Kolmogorov-Smirnov teststatisticsasthegoodness-of-�ts,
we modeltheline-angle-ratiofeaturesby Exponentialden-
sities and the co-occurrencefeaturesby Normal densi-
ties. Let x and y be two iid. randomvariableswith an
Exponential(̧ ) distribution. Thedistribution of z = x ¡ y
is calledDoubleExponential(̧ ) andcanbefoundas

f z (z) =
1

2¸
e¡j zj=¸ ; ¡1 < z < 1 : (16)

Let x and y be two iid. random variables with a
Normal(¹; ¾2) distribution. Using moment generating
functions,wecaneasilyshow thattheirdifferencez = x¡ y
hasaNormal(0; 2¾2) distribution

f z (z) =
1

p
4¼¾2

e¡ z2 =4¾2
; ¡1 < z < 1 : (17)

UsingthisDoubleExponentialmodelfor the20 line-angle-
ratio featuredifferencesand the Normal model for the 8
co-occurrencefeaturedifferences,the joint densityfor the
relevanceclassis givenas

f (dj¸ A 1; : : : ; ¸ A 20; ¾2
A 21; : : : ; ¾2

A 28) =
20Y

i =1

1
2¸ A i

e¡j di j=¸ A i

28Y

i =21

1
p

4¼¾2
A i

e¡ d2
i =4¾2

A i

(18)

andthejoint densityfor theirrelevanceclassis givenas

f (dj¸ B1; : : : ; ¸ B20; ¾2
B21; : : : ; ¾2

B28) =
20Y

i =1

1
2¸ Bi

e¡j di j=¸ B i

28Y

i =21

1
p

4¼¾2
Bi

e¡ d2
i =4¾2

B i :

(19)

Thelikelihoodratio in (11)becomes

r (d) =
f (dj¸ A 1; : : : ; ¸ A 20; ¾2

A 21; : : : ; ¾2
A 28)

f (dj¸ B1; : : : ; ¸ B20; ¾2
B21; : : : ; ¾2

B28)
: (20)

¸ A i ; ¸ Bi ; ¾2
A i and¾2

Bi areestimatedusingtheMLEs given
in Sections3.5.3and3.5.1. Insteadof computingthecom-
pletelikelihoodratio,we take its logarithm,eliminatesome
constants,anduse

r (d) =
20X

i =1

jdi j
µ

1
¸ A i

¡
1

¸ Bi

¶
+

1
4

28X

i =21

·
d2

i

¾2
A i

¡
d2

i

¾2
Bi

¸

(21)
to rankthedatabaseimages.

4.2.Geometricsimilarity measures
In thegeometricsimilarity measuresfor retrieval, simi-

larity betweenimagesis measuredby computingdistances
betweenfeaturevectorsin the featurespace. In the well
known nearestneighbordecisionrule, eachimagein the
databaseis assumedto berepresentedby its featurevector
y in theQ-dimensionalfeaturespace.Giventhefeaturevec-
tor x for theinputquery, thegoalis to �nd they'swhichare
theclosestneighborsof x accordingto a distancemeasure.
Then,thek-nearestneighborsof x will be retrievedasthe
mostrelevantimagesto x. For thedistancemetric½, weuse
thecity-blockdistance(Minkowsky L 1 metric)

½(x; y) =
QX

q=1

jxq ¡ yqj (22)

andtheEuclideandistance(Minkowsky L 2 metric)

½(x; y) =

Ã
QX

q=1

(xq ¡ yq)2

! 1=2

(23)

wherex; y 2 RQ andxq andyq aretheq' th componentsof
thefeaturevectorsx andy respectively.

5. Experimentsand 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 area in Texas, USA. The LANDSAT imagesare
from a remotesensingimagecollection. For theseexper-
iments,we randomlyselected340imagesfrom thetotal of
10,410andformeda groundtruthof 7 categories;parking
lots, roads,residentialareas,landscapes,LANDSAT USA,
DMSPNorthPoleandLANDSAT Chernobyl.

5.2.Retrieval performance
Retrieval results,in termsof precisionaveragedover the

groundtruthimages,usingthe likelihoodratio with multi-
variateNormal assumption,the likelihoodratio with �tted
distributions,thecity-blockdistanceandtheEuclideandis-
tancewith differentnormalizationmethodsaregivenin Fig-
ure2. Note that, linearscalingto unit rangeinvolvesonly
scalingandtranslationandit doesnot have any truncation
so it doesnot changethe structuresof distributionsof the
features.Therefore,usingthismethodre�ects theeffectsof
usingthe raw featuredistributionswhile mappingthemto
thesamerange.

Examplequeriesusingdifferentsimilaritymeasureswith
thesamequeryimagearegivenin Figure3.
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(a) Linearscalingto unit range.
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(b) Linearscalingto unit variance.
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(c) Transformationto aUniform randomvariable.

5 10 15 20 25 30
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
3.4

Number of images retrieved

P
re

ci
si

on

Likelihood Ratio (MVN)
Likelihood Ratio (Fit)
L1 Norm               
Euclidean Norm        

(d) Ranknormalization.
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(e) Fitting Exponentialsto line-angle-ratioand
Normalsto co-occurrencefeatures.
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(f) Fitting Exponentialsto line-angle-ratioand
Gammasto co-occurrencefeatures.

Figure2: Precisionvs. Numberof imagesretrievedfor thesimilarity measuresusedwith differentnormalizationmethods.
Fitting Exponentialsto line-angle-ratioandLognormalsto co-occurrencefeatures,and�tting Exponentialsto all features
resultedin similar resultsbut werenot includedheredueto spacelimitations.

(a) Likelihoodratio (MVN) (12similar imagesre-
trieved)

(b) Likelihood ratio (Fit) (11 similar imagesre-
trieved)

(c) City-block (L 1 ) distance(9 similar imagesre-
trieved)

Figure3: Retrieval examplesusingthesameparkinglot imageasquerywith differentsimilarity measures.Theupperleft
imageis thequery. Amongtheretrieved images,�rst threerows show the12 mostrelevant imagesin descendingorderof
similarity andthelastrow shows the4 mostirrelevant imagesin descendingorderof dissimilarity. Euclidean(L 2) distance
retrieved 7 similar imagesfor this query. Pleasenotethat both the orderandthe numberof similar imagesretrieved with
differentmeasuresaredifferent.



5.3.Observations
² Using probabilistic similarity measuresalways per-

formedbetterin termsof bothprecisionandrecallthan
the caseswhere the geometricmeasureswere used.
On theaverage,thelikelihoodratio thatusedthemul-
tivariateNormality assumptionperformedbetterthan
thelikelihoodratiothatusedindependentfeatureswith
Exponentialor Normal distributions. The covariance
matrix in the correlatedmultivariateNormal usually
capturedmoreinformationthanusingindividually bet-
ter �tted but independentdistributions.

² Probabilisticmeasuresperformedsimilarly whendif-
ferentnormalizationmethodswereused. This shows
that thesemeasuresaremorerobust to normalization
effectsthanthegeometricmeasures.

² City-block distanceperformed better than the Eu-
clideandistance.They bothperformedbetterwith nor-
malizationmethodslike transformationusing the cu-
mulative distribution function or the rank normaliza-
tion, i.e. themethodsthattendto makethedistribution
uniform andspreadout the featurevaluesasmuchas
possible.

6. Conclusions
This paperpresentedtwo probabilisticsimilarity mea-

suresfor imageretrieval andcomparedtheir retrieval per-
formancesto thoseof the geometricmeasures.The prob-
abilistic measuresusedlikelihoodratiosthat werederived
from a Bayesianclassi�er that measuredthe relevancy of
two images,one being the query imageand one being a
databaseimage,sothatimagepairswhichhadahigh likeli-
hoodvaluewereclassi�edas“relevant” andtheoneswhich
hada lower likelihoodvaluewereclassi�edas“irrelevant”.
The �rst likelihood-basedmeasureusedmultivariateNor-
mality assumptionand the secondmeasureusedindepen-
dently�tted distributionsfor thefeatures.Experimentsona
databaseof approximately10,000imagesshowedthatboth
likelihood-basedmeasuresperformedsigni�cantly better
thanthecommonlyusedcity-block(L 1) andEuclidean(L 2)
distancesin termsof averageprecision.

We also discussedthe effects of featurenormalization
on retrieval performance.We described� ve normalization
methods;linearscalingto unit range,linearscalingto unit
variance,transformationto a Uniform[0,1] randomvari-
able, rank normalizationandnormalizationby �tting dis-
tributionsto independentlynormalizeeachfeaturecompo-
nent to the [0,1] range. We showed that studyingthe dis-
tributionsof thefeaturesandusingtheresultsof this study
signi�cantly improvestheresultscomparedto makingonly
generalassumptions.

References
[1] M. Abramowitz and I. A. Stegun, editors. Handbookof

MathematicalFunctionswith Formulas,Graphs,andMath-
ematicalTables. NationalBureauof Standards,1972.

[2] S. Aksoy and R. M. Haralick. Textural featuresfor im-
agedatabaseretrieval. In Proceedingsof IEEE Workshop
on Content-BasedAccessof Image and Video Libraries,
CVPR'98, pages45–49,SantaBarbara,CA, June1998.

[3] S. Aksoy andR. M. Haralick. Texture Analysisin Machine
Vision, chapterUsing Texture in ImageSimilarity andRe-
trieval. Serieson MachinePerceptionandArti�cial Intelli-
gence.World Scienti�c, 2000.

[4] S.Belongie,C. Carson,H. Greenspan,andJ.Malik. Color-
andtexture-basedimagesegmentationusingEM andits ap-
plicationto content-basedimageretrieval. In Proceedingsof
IEEE InternationalConferenceonComputerVision, 1998.

[5] A. BermanandL. G. Shapiro.Ef�cient imageretrieval with
multiple distancemeasures.In SPIEStorage andRetrieval
of ImageandVideoDatabases, pages12–21,February1997.

[6] K. V. Bury. StatisticalModels in Applied Science. John
Wiley & Sons,Inc., 1975.

[7] R. O. DudaandP. E. Hart. PatternClassi�cationandScene
Analysis. JohnWiley & Sons,Inc., 1973.

[8] M. Flickneret al. TheQBIC project: Queryingimagesby
contentusingcolor, textureandshape.In SPIEStorageand
Retrieval of Image and Video Databases, pages173–181,
1993.

[9] C. S. Li and V. Castelli. Deriving texture set for content
basedretrieval of satelliteimagedatabase.In IEEEInterna-
tional Conf. on ImageProcessing, pages576–579,1997.

[10] B. S.ManjunathandW. Y. Ma. Texturefeaturesfor brows-
ing andretrieval of imagedata.IEEETransactionsonPAMI,
18(8):837–842,August1996.

[11] A. Papoulis.Probability, RandomVariables,andStochastic
Processes. McGraw-Hill, NY, 3rdedition,1991.

[12] A. Pentland,R. W. Picard, and S. Sclaroff. Photobook:
Content-basedmanipulationof imagedatabases.In SPIE
Storage and Retrieval of Image and Video DatabasesII ,
pages34–47,February1994.

[13] W. H. Press,B. P. Flannary, S.A. Teukolsky, andW. T. Vet-
terling. NumericalRecepiesin C. CambridgeUniversity
Press,1990.

[14] M. Qinghong,B. Cramariuc,andM. Gabbouj.Multidimen-
sionaltexturecharacterizationusingmoments.In Proceed-
ings of NoblesseWorkshopon NonlinearModel BasedIm-
ageAnalysis, pages179–182,Glasgow, Scotland,July1998.

[15] Y. Rui, T. S.Huang,andS.-F. Chang.Imageretrieval: Past,
present,andfuture. to appearin Journal of Visual Commu-
nicationandImageRepresentation, 1999.

[16] Y. Rui, T. S.Huang,M. Ortega,andS.Mehrotra.Relevance
feedback:A power tool for interactive content-basedimage
retrieval. IEEE Transactionson Circuits and Systemsfor
VideoTechnology, 8(5):644–655,September1998.

[17] S. Sclaroff, L. Taycher, andM. L. Cascia. Imagerover: A
content-basedimagebrowser for the world wide web. In
Proceedingsof IEEEWorkshoponContent-BasedAccessof
ImageandVideoLibraries, 1997.

[18] J.R. Smith. IntegratedSpatialandFeature Image Systems:
Retrieval, AnalysisandCompression. PhDthesis,Columbia
University, 1997.


