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Abstract— A challenging problem in image content extraction
and classi�cation is building a systemthat automatically learns
high-level semantic interpretations of images. We describe a
Bayesian framework for a visual grammar that aims to reduce
the gap between low-level features and user semantics. Our
approachincludeslearning prototypesof regionsand their spatial
relationshipsfor sceneclassi�cation. First, naive Bayesclassi�ers
perform automatic fusion of features and learn models for
regionsegmentationand classi�cation using positive and negative
examplesfor user-de�ned semantic land cover labels. Then, the
system automatically learns distinguishing spatial relationships
of these regions fr om training data and builds visual grammar
models.ExperimentsusingLANDSAT scenesshow that the visual
grammar enablescreation of higher level classesthat cannot be
modeled by individual pixels or regions.Furthermor e, learning
of the classi�ers requires only a few training examples.

I . INTRODUCTION

Automatic content extraction, classi�cation and content-
basedretrieval arehighly desiredgoalsin intelligentdatabases
for remotelysensedimagery. Most of thepreviousapproaches
use spectraland textural featuresto build classi�cation and
retrieval models. However, there is a large semantic gap
betweenlow-level featuresand high-level user expectations
andscenarios.

An importantelementof imageunderstandingis the spatial
information. Traditional region or scenelevel image analy-
sis algorithmsassumethat the regions or scenesconsistof
uniform pixel featuredistributions. However, complex query
scenariosusually containmany pixels and regions that have
differentfeaturecharacteristics.Furthermore,two sceneswith
similar regions can have very different interpretationsif the
regionshave differentspatialarrangements.Even whenpixels
and regions can be identi�ed correctly, manualinterpretation
is often necessaryfor many applicationsof remotesensing
image analysislike land cover classi�cation and ecological
analysisin public healthstudies[1]. Theseapplicationswill
bene�t greatly if a systemcan automaticallylearn high-level
semanticinterpretations.

The V ISIM INE system [2] we have developed supports
interactiveclassi�cationandretrieval of remotesensingimages
by modeling them on pixel, region and scenelevels. Pixel
level characterizationprovides classi�cation details for each
pixel with regard to its spectral,textural and other ancillary
attributes. Following a segmentation process,region level
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featuresdescribepropertiessharedby groupsof pixels.Scene
level featuresmodel the spatial relationshipsof the regions
composinga sceneusinga visual grammar. This hierarchical
scenemodelingwith a visual grammaraimsto bridgethe gap
betweenfeaturesandsemanticinterpretation.

This paperdescribesour work on learninga visual gram-
mar for sceneclassi�cation. Our approachincludeslearning
prototypesof primitive regions and their spatialrelationships
for higher-level content extraction. Bayesianclassi�ers that
requireonly a few training examplesareusedin the learning
process.Early work on modelingspatial relationshipsof re-
gionsincludeusingcentroidlocationsandminimumbounding
rectanglesto computeabsoluteand relative locations[3] or
using four quadrantsof the Cartesiancoordinatesystemto
computedirectionalrelationships[4]. Centroidsandminimum
bounding rectanglesare useful when regions have circular
or rectangularshapesbut regions in natural scenesoften do
not follow theseassumptions.More complex representations
of spatial relationshipsinclude spatial associationnetworks
[5], knowledge-basedspatial models [6], [7], and attributed
relationalgraphs[8]. However, theseapproachesrequireeither
manual delineationof regions by experts or partitioning of
imagesinto grids.Therefore,they arenot generallyapplicable
dueto theinfeasibility of manualannotationin largedatabases
or becauseof the limited expressivenessof �x ed sizedgrids.

Our work differs from otherapproachesin that recognition
of regionsanddecompositionof scenesaredoneautomatically
after the systemlearnsregion and scenemodelswith only a
small amountof supervisionin termsof positive andnegative
examples for classesof interest. The rest of the paper is
organizedas follows. An overview of the visual grammaris
givenin SectionII. Theconceptof prototyperegionsis de�ned
in SectionIII. Spatialrelationshipsof theseprototyperegions
are describedin Section IV. Image classi�cation using the
visualgrammarmodelsis discussedin SectionV. Conclusions
aregiven in SectionVI.

I I . V ISUAL GRAMMAR

We are developing a visual grammar[9], [10] for inter-
active classi�cation and retrieval in remote sensingimage
databases.This visual grammaruseshierarchicalmodeling
of scenesin three levels: pixel level, region level and scene
level. Pixel level representationsinclude labelsfor individual



(a) NASA dataset (b) PRISM dataset

Fig. 1. LANDSAT scenesusedin the experiments.

pixels computedin termsof spectralfeatures,Gaborand co-
occurrencetexture features,and elevation information from
Digital Elevation Model (DEM) data.Region level represen-
tationsincludeland cover labelsfor groupsof pixels obtained
throughsegmentation.Theselabelsarelearnedfrom statistical
summariesof pixel contentsof regions using mean,standard
deviation and histograms,and from shapeinformation like
area, boundary roughness,orientation and moments.Scene
level representationsinclude interactionsof different regions
computedin termsof spatialrelationships.

Visual grammarconsistsof two learningsteps.First, pixel
level models are learnedusing naive Bayes classi�ers that
provide a probabilisticlink betweenlow-level imagefeatures
andhigh-level user-de�ned semanticlabels.Then,thesepixels
are merged using region growing to �nd region level labels.
Second,a Bayesianframework is usedto learnsceneclasses
basedon automaticselectionof distinguishingspatialrelation-
shipsbetweenregions.Detailsof theselearningalgorithmsare
given in the following sections.Examplesin the rest of the
paperuse LANDSAT scenesof Washington,D.C., obtained
from theNASA GoddardSpaceFlight Center, andWashington
StateandSouthernBritish Columbiaobtainedfrom thePRISM
projectat the University of Washington.We usespectralval-
ues,Gabortexture features[11] andhierarchicalsegmentation
features[12] for the �rst dataset,and spectralvalues,Gabor
featuresandDEM datafor theseconddataset,shown in Fig. 1.

I I I . PROTOTYPE REGIONS

The �rst step to construct a visual grammar is to �nd
meaningfulandrepresentative regionsin an image.Automatic
extraction of regions is requiredto handlelarge amountsof
data. To mimic the identi�cation of regions by experts, we
de�ne the conceptof prototyperegions.A prototyperegion is
a region that hasa relatively uniform low-level pixel feature
distribution and describesa simple sceneor part of a scene.

Ideally, a prototypeis frequentlyfound in a speci�c classof
scenesanddifferentiatesthis classof scenesfrom others.

In previous work [9], [10], we usedautomaticimageseg-
mentationand unsupervisedmodel-basedclusteringto auto-
mate the processof �nding prototypes.In this paper, we
extend this prototype framework to learn prototype models
using Bayesianclassi�ers with automaticfusion of features.
Bayesianclassi�ers allow subjective prototypede�nitions to
be describedin termsof objective attributes.Theseattributes
canbe basedon spectralvalues,texture, shape,etc. Bayesian
framework is a probabilistictool to combineinformationfrom
multiplesourcesin termsof conditionalandprior probabilities.
We can createa probabilistic link betweenlow-level image
featuresandhigh-level user-de�ned semanticlandcover labels
(e.g.city, forest, �eld).

Assumetherearek prototypelabelsde�ned by theuser. Let
x1; : : : ; xm be theattributescomputedfor a pixel. Thegoal is
to �nd the mostprobableprototypelabel for that pixel given
a particular set of valuesof theseattributes. The degree of
associationbetweenthepixel andprototypej canbecomputed
using the posteriorprobability

p(j jx1; : : : ; xm )

=
p(x1; : : : ; xm jj )p(j )

p(x1; : : : ; xm )

=
p(x1; : : : ; xm jj )p(j )

p(x1; : : : ; xm jj )p(j ) + p(x1; : : : ; xm j: j )p(: j )

=
p(j )

Q m
i =1 p(x i jj )

p(j )
Q m

i =1 p(x i jj ) + p(: j )
Q m

i =1 p(x i j: j )

(1)

underthe conditionalindependenceassumption.The parame-
ters for eachattribute model p(x i jj ) can be estimatedsepa-
rately and this simpli�es learning.Therefore,userinteraction
is only requiredfor the labeling of pixels as positive (j ) or
negative (: j ) examplesfor a particularprototypelabel under
training. Then,the predictedprototypebecomesthe onewith
the largestposteriorprobability and the pixel is assignedthe
prototypelabel

j ¤ = arg max
j =1 ;:::;k

p(j jx1; : : : ; xm ): (2)

We use discretevariables in the Bayesianmodel where
continuousfeaturesare converted to discreteattribute values
usingan unsupervisedclusteringstagebasedon the k-means
algorithm.In thefollowing, wedescribelearningof themodels
for p(x i jj ) using the positive training examplesfor the j ' th
prototypelabel. Learningof p(x i j: j ) is donethe sameway
using the negative examples.

For a particularprototype,let eachdiscretevariablex i have
r i possiblevalues(states)with probabilities

p(x i = zjµi ) = µi z > 0 (3)

where z 2 f 1; : : : ; r i g and µi = f µi zgr i
z=1 is the set of

parametersfor the i ' th attribute model. This correspondsto
a multinomial distribution. To be able to do estimationwith
a very small training set D, we use the conjugate prior, the
Dirichlet distribution p(µ i ) = Dir(µi j®i 1; : : : ; ®ir i ) where®iz



Fig. 2. Training for the city prototype.Positive and negative examplesof
city pixels in the imageon the left areusedto learna Bayesianclassi�er that
createsthe probability map shown on the right. Brighter valuesin the map
show pixels with high probability of beingpart of a city. Pixels marked with
red have probabilitiesabove 0.9.

are positive constants.Then, the posteriordistribution of µ i

canbe computedusing the Bayesrule as

p(µi jD ) =
p(Djµi )p(µi )

p(D)
= Dir(µi j®i 1 + N i 1; : : : ; ®ir i + N ir i )

(4)

where N iz is the numberof casesin D in which x i = z,
and the Bayesestimatefor µ i z can be found by taking the
conditionalexpectedvalue

µ̂i z = Ep(µ i jD ) [µi z ] =
®iz + N iz

®i + N i
(5)

where ®i =
P r i

z=1 ®iz and N i =
P r i

z=1 N iz . An intuitive
choicefor thehyper-parameters®i 1; : : : ; ®ir i for theDirichlet
prior is to assumeall r i statesto be equallyprobableandset
®iz = 1; 8z 2 f 1; : : : ; r i g where

µ̂i z =
1 + N iz

r i + N i
: (6)

Given the current state of the classi�er that was trained
using the prior information and the sampleD, we can easily
updatetheparameterswhennew dataD0 is available.Thenew
posteriordistribution for µ i becomes

p(µi jD ; D0) =
p(D0jµi )p(µi jD )

p(D0jD )
: (7)

With the Dirichlet priors and the posterior distribution for
p(µi jD ) given in (4), the updatedposteriordistribution be-
comes

p(µi jD ; D0) = Dir(µi j®i 1 + N i 1 + N 0
i 1; : : : ; ®ir i + N ir i + N 0

ir i
)

(8)
where N 0

iz is the number of casesin D0 in which x i =
z. Hence, updating the classi�er parametersinvolves only
updating the counts in the estimatesfor µ̂i z . Figs. 2 and
3 illustrate learning of prototype models from positive and
negative examples.

Fig. 3. Training for the park prototype.

Given the models learned for all user-de�ned semantic
prototypelabels,a new imagecanbesegmentedinto spatially
contiguousregionsas follows:

² Computeprobability mapsfor all labelsandassigneach
pixel to oneof the labelsusingthemaximuma posteriori
probability (MAP) rule. There is also a reject classfor
probabilitiessmallerthana thresholdandthesepixelsare
marked asbackground.

² After eachpixel is assignedto a prototype,merge the
pixels with identicallabelsto �nd regions.Small regions
can also be marked as backgroundusing connected
componentsanalysis.

² Finally, useregion growing to assignbackgroundpixels
to the foregroundregions by placing a window at each
backgroundpixel andassigningit to the label thatoccurs
the most in its neighborhood.

The resulting regions are characterizedby their polygon
boundariesand also propagate the correspondingpixel level
labels.

Fig. 4 shows example segmentations.Bayesianclassi�ers
successfullylearnedpropercombinationsof featuresfor par-
ticular prototypes.For example,using only spectralfeatures
confusedcities with residentialareasand some parks with
�elds. Using the sametraining examples,addingGabor fea-
turesimprovedsomeof themodelsbut causedmoreconfusion
betweenparksand�elds. Finally addinghierarchicalsegmen-
tation features[12] �x ed mostof the confusionsandenabled
learning of accuratemodels from a small set of training
examples.

IV. SPATIAL RELATIONSHIPS

After imagesare segmentedand prototype labels are as-
signedto all regions, the next stepin the constructionof the
visual grammaris modeling of region spatial relationships.
The regions of interestare usually the onesthat are closeto
eachother.

Representationsof spatialrelationshipsdependon the rep-
resentationsof regions. V ISIM INE models regions by their
boundarypolygons.We usefuzzymodelingof pairwisespatial



Fig. 4. Segmentationexamplesfrom the NASA dataset.Imageson the left
column are segmentedusing models for city (red), residentialarea(cyan),
water(blue),park (green),�eld (yellow) andswamp(maroon).Imageson the
right columnshow resultingregionsandtheir prototypelabels.

relationshipsto describethe high-level user conceptsshown
in Fig. 5. Among theserelationships,disjoined, bordering,
invadedby and surroundedby are perimeter-class relation-
ships,near andfar aredistance-classrelationships,andright,
left, aboveandbelowareorientation-classrelationships.These
relationshipsare divided into sub-groupsbecausemultiple
relationshipscan be usedto describea region pair, e.g. in-
vadedby from left, borderingfrom above, andnearandright,
etc.

To �nd the relationshipbetweena pair of regions repre-
sentedby their boundarypolygons,we �rst compute

² perimeterof the �rst region, ¼i

² perimeterof the secondregion, ¼j

² commonperimeterbetweentwo regions,¼ij

² ratio of the commonperimeterto the perimeterof the
�rst region, r ij = ¼ij

¼i

² closestdistancebetweentheboundarypolygonof the�rst
region and the boundarypolygon of the secondregion,
dij

Fig. 5. Spatialrelationshipsof region pairs:disjoined, bordering, invadedby,
surroundedby, near, far, right, left, above andbelow.

² centroidof the �rst region, º i

² centroidof the secondregion, º j

² anglebetweenthe horizontal(column) axis and the line
joining the centroids,µij

where i; j 2 f 1; : : : ; ng and n is the numberof regions in
the image.Then, eachregion pair can be assigneda degree
of their spatialrelationshipusingthe fuzzy classmembership
functionsgiven in Fig. 6.

For the perimeter-classrelationships,we usethe perimeter
ratios r ij with trapezoidmembershipfunctions.The motiva-
tion for thechoiceof thesefunctionsis asfollows.Two regions
aredisjoinedwhenthey arenot touchingeachother. They are
borderingeachother when they have a commonperimeter.
Whenthe commonperimeterbetweentwo regionsgetscloser
to 50%,thelargerregionstartsinvadingthesmallerone.When
the commonperimetergoesabove 80%, the relationshipis
consideredan almostcompleteinvasion,i.e. surrounding.For
thedistance-classrelationships,we usetheperimeterratiosr ij

andboundarypolygondistancesdij with sigmoidmembership
functions.For the orientation-classrelationships,we use the
anglesµij with truncatedcosinemembershipfunctions.Details
of the membershipfunctionsaregiven in [10].

Note that thepairwiserelationshipsarenot alwayssymmet-
ric. Furthermore,somerelationshipsarestrongerthanothers.
For example,surroundedby is strongerthan invadedby, and
invadedby is strongerthan bordering, e.g. the relationship
“small region invadedby large region” is preferredover the
relationship“large region bordering small region”. The class
membershipfunctionsarechosenso that only oneof themis
the largestfor a given setof measurements.

When an areaof interestconsistsof multiple regions, this
areacan be decomposedinto multiple region pairs and the
measurementsde�ned above canbe computedfor eachof the
pairwiserelationships.For an areathat consistsof k regions,
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Fig. 6. Fuzzymembershipfunctionsfor pairwisespatialrelationships.

the “min” operator, which is the equivalent of the Boolean
“and” operatorin fuzzy logic, can be usedto combine

¡ k
2

¢

pairwiserelationships.

V. IMAGE CLASSIFICATION

Imageclassi�cation is de�ned hereasa problemof assign-
ing imagesto different classesaccordingto the scenesthey
contain.The visual grammarenablescreationof higher level
classesthatcannotbemodeledby individual pixelsor regions.
Furthermore,learningof theseclassi�ers requireonly a few
training images.We use a Bayesianframework that learns
sceneclassesbasedon automaticselectionof distinguishing
(e.g. frequentlyoccurring,rarely occurring)relationsbetween
regions.

The input to the systemis a set of training imagesthat
containexamplescenesfor eachclassde�ned by theuser. Let
s be the numberof classes,m be the numberof relationships
de�ned for region pairs, k be the number of regions in a
region group, and t be a thresholdfor the numberof region
groupsthatwill beusedin theclassi�er. Denotetheclassesby
w1; : : : ; ws. The systemautomaticallylearnsclassi�ers from
the training dataas follows:

1) Count the numberof times eachpossibleregion group
with a particularspatialrelationshipis found in the set
of trainingimagesfor eachclass.This is a combinatorial
problembecausethe total numberof region groupsin
an imagewith n regionsis

¡ n
k

¢
andthe total numberof

possiblerelationshipsin a region group is
¡ m + (k

2)¡ 1

(k
2)

¢
.

A region group of interestis the one that is frequently
found in a particularclassof scenesbut rarely exists in
other classes.For eachregion group, this can be mea-
suredusingclassseparabilitywhich canbecomputedin
termsof within-classandbetween-classvariancesof the
countsas

&= log
µ

1 +
¾2

B

¾2
W

¶
(9)

where ¾2
W =

P s
i =1 vi varf zj j j 2 wi g is the within-

classvariance,vi is the numberof training imagesfor
classwi , zj is the numberof times this region group
is found in training imagej , ¾2

B = varf
P

j 2 w i
zj j i =

1; : : : ; sg is the between-classvariance,and varf¢g de-
notesthe varianceof a sample.

2) Select the top t region groups with the largest class
separabilityvalues.Let x1; : : : ; x t be Bernoulli random
variablesfor theseregion groups,wherex j = T if the
region group x j is found in an image and x j = F
otherwise.Let p(x j = T) = µj . Then, the number
of times x j is found in imagesfrom class wi has a
Binomial(vi ; µj ) =

¡ v i
v ij

¢
µv ij

j (1 ¡ µj )v i ¡ v ij distribution
where vij is the number of training images for wi

that contain x j . Using a Beta(1; 1) distribution as the
conjugateprior, the Bayesestimatefor µj becomes

p(x j = Tjwi ) =
vij + 1
vi + 2

: (10)



Usinga similar procedurewith Multinomial andDirich-
let distributions, the Bayesestimatefor an image be-
longing to classwi (i.e. containingthescenede�ned by
classwi ) is computedas

p(wi ) =
vi + 1

P s
i =1 vi + s

: (11)

3) For an unknown image,searchfor eachof the t region
groups(determinewhetherx j = T or x j = F; 8j ) and
assignthat imageto the bestmatchingclassusing the
MAP rulewith theconditionalindependenceassumption
as

w¤ = argmax
w i

p(wi jx1; : : : ; x t )

= argmax
w i

p(wi )
tY

j =1

p(x j jwi ):
(12)

Classi�cationexamplesfrom thePRISMdatasetaregivenin
Figs.7–9.We usedfour trainingimagesfor eachof theclasses
de�ned as“clouds”, “residentialareaswith a coastline”,“tree
covered islands”, “snow covered mountains”, “�elds” and
“high-altitude forests”. Commonly usedstatisticalclassi�ers
require a lot of training data to effectively compute the
spectraland textural signaturesfor pixels and also cannotdo
classi�cationbasedon high-level userconceptsbecauseof the
lack of spatialinformation.Rule-basedclassi�ersalsorequire
signi�cant amountof userinvolvementevery time a new class
is introducedto thesystem.Theclasseslistedabove provide a
challengewherea mixture of spectral,textural, elevation and
spatialinformationis requiredfor correctidenti�cation of the
scenes.For example,pixel level classi�ers often misclassify
cloudsassnow andshadows aswater. On the otherhand,the
Bayesianclassi�er describedabove cansuccessfullyeliminate
most of the false alarms by �rst recognizing regions that
belongto cloud andshadow prototypesand thenverify these
region groups according to the fact that clouds are often
accompaniedby their shadows in a LANDSAT scene.Other
sceneclasseslike residentialareaswith a coastlineor tree
covered islandscannotbe identi�ed by pixel level or scene
level algorithmsthatdo not usespatialinformation.Thevisual
grammarclassi�ers automaticallylearnedthe distinguishing
region groupsthat werefrequentlyfound in particularclasses
of scenesbut rarely existed in otherclasses.

VI . CONCLUSIONS

We describeda visual grammar that aims to bridge the
gap betweenlow-level featuresandhigh-level semanticinter-
pretationof images.The systemusesnaive Bayesclassi�ers
to learn models for region segmentationand classi�cation
from automaticfusion of features,fuzzy modelingof region
spatialrelationshipsto describehigh-level userconcepts,and
Bayesianclassi�ersto learnimageclassesbasedon automatic
selectionof distinguishing(e.g. frequently occurring, rarely
occurring)relationsbetweenregions.

Thevisualgrammarovercomesthelimitationsof traditional
region or scenelevel imageanalysisalgorithmswhich assume

(a) Training images

(b) Imagesclassi�ed ascontainingclouds

Fig. 7. Classi�cation resultsfor the “clouds” classwhich is automatically
modeledby the distinguishingrelationshipsof white regions (clouds) with
their neighboringdark regions(shadows).

(a) Training images

(b) Imagesclassi�ed ascontainingtreecoveredislands

Fig. 8. Classi�cation resultsfor the “tree covered islands” classwhich is
automaticallymodeledby the distinguishingrelationshipsof greenregions
(landscoveredwith conifer anddeciduoustrees)surroundedby blue regions
(water).



(a) Training images

(b) Imagesclassi�ed ascontainingresidentialareaswith a coastline

Fig. 9. Classi�cationresultsfor the “residentialareaswith a coastline”class
which is automaticallymodeledby thedistinguishingrelationshipsof regions
containinga mixture of concrete,grass,treesandsoil (residentialareas)with
their neighboringblue regions(water).

that the regions or scenesconsist of uniform pixel feature
distributions.Furthermore,it candistinguishdifferentinterpre-
tations of two sceneswith similar regions when the regions
have differentspatialarrangements.The systemrequiresonly
a small amountof training dataexpressedaspositive and

negative examples for the classesde�ned by the user. We
demonstratedour system with classi�cation scenariosthat
couldnot behandledby traditionalpixel, region or scenelevel
approachesbut where the visual grammarprovided accurate
andeffective models.
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