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Abstract. This paper presents an approach for content-based image
retrieval via isotropic and anisotropic mappings. Isotropic mappings are
de�ned to be mappings invariant to the action of the planar Euclidean
group { invariant to the translation, rotation and re
ection of image
data, and hence, invariant to orientation and position. Anisotropic map-
pings, on the other hand, are de�ned to be those mappings that are
correspondingly variant. Structure extraction (via a perceptual grouping
process)and color histogram are shown to be representations of isotropic
mappings. Texture analysis using a channel energy model comprised of
even-symmetric Gabor �lters is considered to be a representation of
anisotropic mapping. Results of retrieval of outdoor images by query
and by classi�cation using a nearest neighbor classi�er are presented.

1 In tro duction

The interest in automatic analysis of imagesbasedupon their content has in-
creasedwith recent developments in the World Wide Web(WWW), digital image
collections, networking and multimedia. Activ e research in content-based image
retrieval (CBIR) is gearedtowards the development of methodologies for ana-
lyzing, interpreting, cataloging and indexing imagedatabases.In imageanalysis,
the input and output are functions of < 2, and an appropriate notion of isotropy
of computations is the Euclidean invariance: any rotation, translation or re
ec-
tion of the input should producean identical result under thesetransformations,
thus achieving orientation and position invariance.Theseimagetransformations
are generatedby the action of the planar Euclidean group (the semi-direct prod-
uct of the orthogonal group and the translation group). Using this notion of
isotropy, we present an approach for content-based image retrieval via isotropic
and anisotropic mappings.
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We de�ne an isotropic mapping as a mapping that is invariant to the action
of the Euclidean group { invariant to translation, rotation, and re
ection of
image data. Similarly, we de�ne an anisotropic mapping as a mapping that is
variant to the action of the Euclidean group. The Euclidean group is the group of
isometriesof < 2 { mappingsthat preserve distances{ and its action on the space
of positions and directions < 2 � S1, where positions are represented using < 2

and directions using the unit circle S1, generatesisometric geometrical objects.
It has beenargued that visual computations occur on < 2 � S1, rather than on
just < 2 [1]. The generationof isometriesis important for developing a framework
for isotropic mappings, as seenlater. Isotropic mappings acting on perceptually
salient image structures are useful in retrieval, as they illustrate the similarity
of di�eren t structures in an image. On the other hand, anisotropic mappings
indicate the uniquenessof certain attributes of di�eren t images.

Most of the previouswork in imageretrieval hasfocusedon retrieval by image
query [2{5]. However, retrieval by image classi�cation has also gained attention
[6{8]. In this paper we develop a methodology for retrieval of outdoor images
using both image query and image classi�cation by using a nearest neighbor
classi�er. Retrieval by image query refers to the retrieval of imagessimilar to a
given query image from an image database,whereasretrieval by classi�cation
refers to the classi�cation of imagesinto certain known classesfor retrieval.

As seenin the next sections,perceptual grouping is a natural candidate for
isotropic mappings, as are histograms of pixel color values.On the other hand,
lower-level texture analysis via a Gabor �lter bank (which possessesa�nit y for
certain preferred directions) operating in a channel energymodel is an e�ectiv e
candidate for anisotropic mappings.

1.1 Action of the Euclidean group { Action by translation, rotation,
and re
ection

It is well-known that the group of all isometries of < 2 is the Euclidean group.
To seethis, let � be an isometry of < 2, and let b = � (0). Then %= � � b � is
an isometry of < 2, satisfying %(0) = 0. It can be shown that if %(0) = 0, then
%is linear [9], and thus, � = � � 1

� b %= � b %is a product of a linear isometry
and a translation. Further, it can also be shown that the linear isometries are
represented by the orthogonal group O(2; < ) of 2 � 2 orthogonal matrices that
represent re
ections and rotations. Hence,the product of the translation group
and the orthogonal group is the group of isometriesof < 2 (called Euclidean group
E(2)). The normalit y of the translation group in E(2) can used to deducethat
E(2) �= O(2; < ) ./ < 2, where ./ denotessemi direct product.

The rest of the paper is organizedasfollows: section2 explainsthe perceptual
grouping processto extract structure and the color histogram asrepresentations
of isotropic mapping, section 3 describes the texture analysis via a channel en-
ergy model as a representation of anisotropic mapping, section 4 outlines the
integration of isotropic and anisotropic mappings,section5 describesthe results
obtained, and �nally , section 6 provides the conclusions.



2 Isotropic mapping

We have considered feature extraction from structural analysis of an image
via the perceptual grouping processand color histogram as representations of
isotropic mappings.The extraction of structure from an image is described �rst,
and then its Euclidean isotropy is established,followed by the description of the
color histogram process.

2.1 Perceptual grouping

The human visual system can detect many classesof patterns and statistically
signi�cant arrangements of imageelements. Perceptualgrouping refersto the hu-
man visual abilit y to extract signi�cant imagerelations from lower-level primitiv e
image features without any knowledgeof the image content and group them to
obtain meaningful higher-level structure. Research in perceptual grouping was
started in 1920's by Gestalt psychologists, whosegoal was to discover the un-
derlying principle that would unify the various grouping phenomenaof human
perception. Gestalt psychologistsobserved the tendencyof the human visual sys-
tem to perceive con�gur ational wholes, with rules that govern the uniformit y of
psychological grouping for perception and recognition, asopposedto recognition
by analysisof discrete primitiv e image features.The hierarchical grouping prin-
ciplesproposedby Gestalt psychologistsembodied such conceptsasgrouping by
proximity , similarity , continuation , closure, and symmetry [10].

The grouping of low-level features provides a higher-level structure. These
higher-level structures may be further combined to yield another level of higher-
level structures. The processmay be repeated until a meaningful semantic rep-
resentation is achieved that may be used by a higher-level reasoning process.
Certain scenestructures will always produce images with discernable features
regardlessof viewpoint, while other scenestructures virtually never do. This
correlation between salienceand invariance has suggestedthat the perceptual
salienceof viewpoint invariance is due to the leverage it provides for inferring
geometric properties of objects and scenes.It has beennoted that many of the
perceptually salient imageproperties identi�ed by the Gestalt psychologistssuch
as collinearity, parallelism, and good continuation, are viewpoint invariant [11].

To discover and describe structure, the visual system usesa wide array of
perceptualgrouping mechanisms.Theserangefrom the relatively low-level mech-
anismsthat underlie the simplest principles of grouping and segregation,to rel-
atively high-level mechanisms in which complex learned associations guide the
discovery of structure. Perceptual grouping generally results in highly compact
representations of images,facilitating later processing,storage,and retrieval [12].

Many computer vision systemsimplicitly usesomeaspectsof processingthat
can be directly related to the perceptual grouping processesof the human visual
system[13].Frequently , however, no claim is made about the pertinence or ade-
quacy of the digital models as embodied by computer algorithms to the proper
model of human visual perception [14]. Edge-linking and region-segmentation,
which are used as structuring processesfor object recognition, are seldom con-
sidered to be a part of an overall attempt to structure the image [13]. This



enigmatic situation arisesbecauseresearch and development in computer vision
is often consideredquite separatefrom research into the functioning of human
vision. A fact that is generally ignored is that biological vision is currently the
only measureof the incompletenessof the current stageof computer vision, and
illustrates that the problem is still open to solution [10].

2.2 Structure extraction { Feature selection

We extract the following features hierarchically in an unconstrained environ-
ment, i.e., with no constraints on the viewing angle and depth, using the ap-
proach detailed in [8]: line segments, longer linear lines, coterminations, \L"
junctions, \U" junctions, parallel lines, parallel groupsand \signi�c ant" parallel
groups (�gure 1(a) - (f )). As an enhancement to that approach, we also extract
closed�gures comprised of polygons(�gure 1(g)). Perceptual grouping rules of
similarit y, continuit y, parallelism and closureare usedto extract thesefeatures.

(a) (b) (c) (d)

(e) (f ) (g)

Fig. 1. Visualization of the groupings. (a) Longer linear line (b) Coterminations (c)
\L" junctions (d) \U" junction (e) \U" junction (f ) Parallel groups (g) Polygons

Burns edgedetector [15] is usedto detect straight line segments in an image.
Longer linear lines are obtained by the extension of approximately collinear
fragmented line segments that either overlap or are close to each other. The
lines obtained are further pruned to eliminate lines that are very small or have
low edgestrength. All other featuresareextracted using the longer linear lines.A
set of non-parallel lines terminating at a commonpoint is called a cotermination .
In practice, a small neighborhood is constructed around a point to allow the lines
to terminate in a small common region for cotermination extraction.

The cotermination is an important relation. According to the proximity rule
of perceptualgrouping, the human visual systemeasilygroupscoterminouslines.
In fact, it has been suggestedthat the major function of eye movements is to
determine coterminous edges[16]. Cotermination is a non-accidental relation-
ship and, hence,re
ects signi�cant structural information. Coterminations are



grouped to extract \L" junctions, and \L" junctions are grouped to get \U"
junctions.

Parallel groups are obtained by constraining the amount of the overlap of
the orthogonal projections of parallel lines onto each other and their projec-
tions along the x- and y-axis, while incorporating di�erences in the local and
intrinsic orientation of the lines. In other words, we group the parallel lines that
signi�cantly overlap each other. \Signi�can t" parallel groups are extracted by
further constraining the search to only those parallel groups in which at least
one member line is enclosedby an \L" or \U" junction, while accommodating
the obliquenessof the viewing angle.

Polygonsare closed�gures formed by non-parallel lines. A polygon is a signif-
icant imagerelation. According to the closure rule of perceptualgrouping, human
vision tends to complete curvesto form enclosedregions[10]. Extracting closed
�gures corresponds to this feature of human vision. Polygonsare non-accidental
image relationships, since the coterminations forming them are non-accidental.
Hence,polygons represent signi�cant structure in an image.

Elements of graph theory [17] are employed to extract polygons from an
image using the cotermination graph. The underlying idea is to take advantage
of the one-to-onecorrespondencebetween the closed �gures comprised of line
segments and the circuits in the graph. A set of fundamental circuits is searched
and extracted.

Let G = (V; E) be a cotermination graph, where V and E are the set of
verticesand the set of edgesof G, respectively. Let ~eij 2 E bean edgeconnecting
vertices ~v i , ~v j 2 V . The weight of ~eij is de�ned as w(~eij ) = deg(~v i ) + deg(~v j ),
where deg(�) is the degree of a vertex, that is, the number of edgesincident with
the vertex. The edgeweights are collected by extracting the adjacency matrix
of the graph. The connectedcomponents of the graph are found, and each sub-
graph corresponding to each component is processedseparately. The weight of
a spanning tree is the sum of the weights of all the branches in the tree. We
search for the maximal spanning tree, which may be found by slightly altering
the minimal spanning tree algorithm to incorporate the vertices resulting in
maximal-weight spanning tree [17]. The maximal spanning tree is employed to
extract the fundamental circuits. Each fundamental circuit represents a closed
�gure in the image, where edgeson this circuit correspond to line segments on
the closed�gure.

A polygon is de�ned to be that fundamental circuit extracted that meetsthe
following requirements: (a) the polygon is simple, i.e., the edgesof the polygon
do not intersect among themselves,(b) the polygon is relatively compact, (c)
the polygon does not have many cavities, and (d) the number of edgeson the
polygon does not exceed a given threshold.

The importance of perceptual grouping for typical instancesof recognition
can not be overemphasized.In the absenceof the necessaryinformation for
perceptual grouping, it is di�cult for humans to make an intelligent decision
regarding the structure or recognition of an object. Experiments conductedwith
line drawings, in which most of the elements of signi�cant collinearity, end point



proximit y, parallelism and symmetry were removed, demonstrated the di�cult y
perceived by humans subjects in recognizingthe objects [10]. With the addition
of a few elements at key locations, the human subjects wereable to perceive the
line drawings with remarkable ease.When the elements were addedat locations
that did not lend themselves to meaningful perceptual groupings, then the re-
sponsetime for the perception of the line drawings wasunaltered. The abilit y to
in
uence recognition times by controlling the formation of perceptual grouping
illustrates the search-basednature of this process,and it has beenhypothesized
that perceptual grouping can be a key element in search spaceand recognition
time reduction.

2.3 Feature extraction

The extracted feature vector X S = (~xS1 ; � � � ; ~xSd )t , whered is the dimensionality
of the feature space,is expressedin the general form as:

~xSi =

P
j � ! S i

(l j )
P

k � ! � l
(lk )

(1)

where � denotesthe characteristic (indicator) function, l is a longer linear line,
! � l is the set of all longer linear lines, ! Si is a higher-level structure extracted,
and ~xSi 2 [0; 1] (i 2 [1; � � � ; d]), i.e., the feature spaceis represented by a unit
hypercube.

For generating results for retrieval by both image query and image classi-
�cation, we set d = 3, and ! Si represents \L" junctions, \U" junctions, and
\signi�can t parallel groups and polygons" for i 2 f 1; 2; 3g, respectively, i.e., ~x Si

represents the corresponding normalized number of lines.

2.4 Euclidean isotrop y of X S

Let ! = f ! i g represent the collection of objects of interest present in an image,
where each object ! i , is a collection of ! i k = f r ; � g 2 < 2 � S1, where r =
f x; yg 2 < 2 is a coordinate pair, S1 is the unit circle, � 2 S1 represents the
orientation of ! i . At the lowest level of vision ! i k 's, are represented by points on
an edgesegment ! i (where ! i is obtained by using Burns' edgedetector [15]). At
the next level of perceptual grouping, certain ! i will be combined to generatea
higher-level structure. Such a structure obtained from the grouping of ! i 's may
be called ! j for consistencyof notation, although it should be understood that
! j now represents a structure at a higher-level than ! i . (Refer to �gure 2.)

We have de�ned a mapping  : ! ! < d, (where d is the dimensionality of
the feature space),to be isotropic if it is invariant to the action of the Euclidean
group:

 (E � ! ) =  (! ) (2)

where E is the Euclidean group E(2) { the semi-direct product of the group of
linear isometriesand the translation group { such that:

E � ! = f E j � ! i j E j 2 E; ! i 2 ! g (3)



The extraction of the feature vector, X S , is represented by  . The action of the
Euclidean group on ! i transforms each ! i k 2 ! i and is given as (refer to �gure
3):

� b � (r ; � ) = (r + b; � ); r ; b 2 < 2; � 2 S1

R� � (r ; � ) = (R� r ; � + � ); � 2 S1

� � (r ; � ) = �� R� 2� � (r ; � ) = (��R � 2� r ; � (� � 2� ))
(4)

where � b 2 T(2), (b 2 < 2), represents a member of the translation group of < 2,
T(2), such that � b (r ) = r + b; r 2 < 2, R� 2 O(2; < ) is a rotation by an angle
� , � is a re
ection along an axis in < 2, and �� is the re
ection along the x-axis,
(x; y) ! (x; � y). The action � � (r ; � ) = R� ��R � � � (r ; � ) = ��R � 2� � (r ; � ) (by
using the identit y R� �� = ��R � � ), becausere
ection along an arbitrary axis is
equivalent to rotation of < 2 by an angle � � to align the axis of re
ection with
the original x-axis, followed by a re
ection in the x-axis, and then rotation by
an angle � .
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Linear feature mo deling: The premiseof linear feature modeling is to extract
rich descriptions of lower-level local image primitiv esand usethesedescriptions
for subsequent grouping into higher-level features (linear line segments). The
following illustrates the modeling of the perceptual grouping processdescribed
in [8] for the collection of edgesegments ! k 's, to form a longer linear line ! j ,
(�gure 1(a)). Let r = f x; yg denote the x- and y-coordinates of an end-point of
an edgesegment ! k , and � 2 S1 represents the orientation of the edgesegment.
We treat r and � asindependent variables,sothat all possibleorientations for ! k

exist at each corresponding position r . A certain collection Ci of ! k 's is collected,



which will be replacedby ! j , that maximizes the energy � i given as:

� (n )
i = � (n � 1)

i +
X

k2K ; l =2K ; K = f ~k : ! ~k 2C i g

� k l ; � (0)
i = 0 (5)

where the superscript n is an iteration index, and (omitting the subscript i ), the
energy functional � k l : (! b; ! k ; ! l ) ! < is expressedas:

� k l (! b j ! k ; ! l ) = � (q) � (st) � (r k � r l � sek l ) � (� b � � l ) (6)

where! b is a certain baseedgesegment in the collection that is usedto determine
that all other edgesegments are parallel to it, � is a weighting function and q is
the maximum length of the orthogonal distance of any point of ! l from ! b. In
the above equation, r k and r l represent those end-points of two edgesegments
! k and ! l respectively, (at the lower-level), that are closer to each other, and
� b and � l are the orientations of ! b and ! l , respectively. In addition, � is the
Dirac delta function, ek l is a unit vector in the direction of r k � r l and s is a
distanceparameter along an axis parallel to the direction of r k � r l . The Boolean
parameter t is such that t = 0 if the length of the orthogonal projection of ! l

on ! k is greater than zero, otherwise t = 1. In our system � is represented
by a constant function (not equal to zero) with compact support. Speci�cally ,
we have selectedthe constant as 1 and the support is equal to 5 units (pixels).
Equation 5 indicates the iterativ e nature of the grouping. At the start Ci consists
of only one segment ! b. At the end of each iteration those ! l 's for which � k l is
non-zeroare put into Ci . The grouping is started again and continued until there
is no increasein � i . The higher-level longer linear line ! j is then obtained by a
weighted averageof the lengths and orientations of all edgesegments in Ci [8].

The form of the energy functional expressedin equation 6 is similar to the
one de�ned in [18], however, in their model r k represents the V1 image of the
center of the receptive �eld of a neuron, and ek l represents the V1 image of
the orientation preferenceof the neuron. Unlike their model, in our system ek l

points in the direction of r k � r l and incorporates the non-collinearity of two
edgesegments to an arbitrary extent (e.g., �gure 1). (To further emphasizecloser
points, unequal weights, asopposedto constant weights in the support of � , can
be achieved by replacing � with an appropriate weighting function, such as a
Gaussianfunction.)

Euclidean in variance of � k l : The form of the energy functional expressed
in equation 6 has a well-de�ned symmetry: it is invariant under the action of
E(2); it is invariant under translations f r ; � g ! f r + b; � g, rotations f r ; � g !
f R� r ; � + � g and re
ections f r ; � g ! f ��R � 2� r ; � (� � 2� )g.

The argument q, s and t in equation 6 remain unchanged,becauseas shown
in section1.1 the action of E(2) generatesisometric objects, or it can be veri�ed
as following. The invariance of s = jj r k � r l jj can be establishedas:

jj � b %r k � � b %r l jj2 = < � b %r k ; � b %r k > + < � b %r l ; � b %r l >
� 2 < � b %r k ; � b %r l >

= jj r k jj2 + jj r l jj2 � 2 < r k ; r l >
= jj r k � r l jj2 = s2

(7)



where <; > denotes the dot product and %is either a rotation or a re
ection;
since, < � b %r k ; � b %r l > = < r k ; %� 1� � 1

b � b %r l > = < r k ; r l > , and similarly for
the �rst and secondterms in the �rst line of the above equation. Similarly, the
invariance of q and t can also be established.

Translation invariance of equation 6 is evident because:

� k l (� b � ! b j � b � ! k ; � b � ! l ) =
� (q) � (st) � (( r k + b) � (r l + b) � sek l ) � (� b � � l )

= � (q) � (st) � (r k � r l � sek l ) � (� b � � l )
= � k l (! b j ! k ; ! l )

(8)

Invariance with respect to a rotation � follows from:

� k l (R� � ! b j R� � ! k ; R� � ! l ) =
= � (q) � (st) � (R� r k � R� r l � sR� ek l ) � (( � b + � ) � (� l + � ))
= � (q) � (st) � (R� (r k � r l � sek l )) � (� b � � l )
= � (q) � (st) � (r k � r l � sek l ) � (� b � � l )
= � k l (! b j ! k ; ! l )

(9)

and invariance under a re
ection � about the an axis holds since:

� k l (� � ! b j � � ! k ; � � ! l ) =
= � (q) � (st) � ( ��R � 2� r k � ��R � 2� r l � s��R � 2� ek l ) � (� (� b � 2� ) + (� l � 2� ))
= � (q) � (st) � ( ��R � 2� (r k � r l � sek l )) � (� (� b � � l ))
= � (q) � (st) � (r k � r l � sek l ) � (� b � � l )
= � k l (! b j ! k ; ! l )

(10)
It must be noted that the energyfunctional given in equation 6 incorporates

the Gestalt principles of proximit y, collinearity, parallelism, and good continua-
tion. Equation 6 is at the heart of the perceptual grouping process.Its Euclidean
invariance, as shown above, meansthat equation 5 remains invariant, and the
perceptual grouping processwill produce the same groupings { longer linear
lines. All higher-level structures are extracted using theselonger linear lines.

Higher-lev el structures: The fundamental perceptual grouping proposedin
[8] for higher-level structures can be modeled as the following. The proximit y of
two edgesegments ! k and ! l canbemodeledby the relation � (s) � (r k � r l � sek l ),
whereasthe variation in the orientations of ! k and ! l can be controlled by the
relation ~� (p) � (� k � � l � p), where the variable p = � k � � l , p 2 [0; 2� ] and
~� is a constant function (not equal to zero) with compact support (similar to
� ). The length of overlap of lines is determined by orthogonal projection, and
remains invariant because,as shown in section 1.1, the action of E(2) generates
isometric objects. Using an argument similar to the one shown above, it can be
veri�ed these relations are invariant under the action of E(2). Hence,equation
1 also remains invariant, i.e., X S obtained by the mapping  is invariant after
the action of E(2) { invariant to orientation and position.



2.5 Color histogram

It canreadily beseenthat color histogram measuresare invariant to both O(2; < )
and T(2), and hence,E(2), becausehistogram measuresare only dependent on
summations of identical pixel values and do not incorporate orientation and
position. The extraction of the normalized histogram X H 2 < 512 is used as a
representation of an isotropic mapping.

A color spaceis perceptually uniform if a small perturbation to a compo-
nent value is approximately equally perceptible acrossthe range of that value.
The RGB color spacedoesnot exhibit perceptual uniformit y. However, the CIE
LAB space[19], conceived in 1976,improvesthe perceptual uniformit y of RGB
spaceconsiderably. LAB color spaceis an approximately uniform color space
that maps equally distinct color di�erences into approximately equal Euclidean
distancesin space.In this space,L de�nes lightness,A denotesred/green chromi-
nanceand B the yellow/blue chrominance. Presently , it is one of the most pop-
ular color spacesfor color measurement.

Given an image I R GB (x; y) in RGB spacewe generate I LAB (x; y), where
the pair (x; y) denotesthe coordinates in an image I . A 512-dimensionalfeature
vector X H , representing the 512-bin normalized histogram, is extracted from the
image I LAB (x; y) by uniformly quantizing the LAB space,i.e,

X H = (~xH 0 ; � � � ; ~xH 511 )t (11)

where ~xH j (where the index integer j 2 [0; 511]) represents the normalized value
of the j th bin of the histogram such that

P 511
j =0 ~xH j = 1. This feature space

represents a unit hypercube.

3 Anisotropic mapping

In most quantitativ e channel energy models of texture analysis, an image is
processedby channel selective �lters along certain fundamental stimulus dimen-
sionssuch asspatial frequencyand orientation. Thesechannelsgenerallycontain
a non-linearity, such as full-wave recti�cation, so that they signal the local con-
trast energywithin the bandpassof the channel.

Texture analysis via a channel energy model employing a Gabor �lter bank
is considereda representation of anisotropic mapping. The representation is ac-
complished by the extraction of the feature vector X T 2 < 48, which measures
the fractional energy in various spatial channels after treating the input image
with the Gabor �lter bank. That can readily be veri�ed from the fact that the
translation of an image I (r ) ! I (� b (r )) transforms the Fourier transform of the
image I (� ) ! I (� ) ej 2� < b ;� > , where b 2 < 2 and rotation of I (r ) ! I (R� (r )),
where r = f x; yg { the spacedomain coordinates, transforms the Fourier trans-
form I (� ) ! I (R� � ), where � = f u; vg are the Fourier domain co-ordinates.
Similar result holds for re
ection. Hence,texture analysis is not invariant after
the action of E(2) on an image.



The channel energy model employed is basedupon multiresolution analysis
that is characterized by both orientation and scale. The LAB space is used
for multiresolution texture analysis by measuring the fractional energiesin the
lightnessand the two chrominancechannelsmentioned in the last section.Given
an imageI , the convoluted sequencef I � f mn g de�nes the multiresolution image
texture characteristics, where f mn denotesa basetexture extraction function f
at scalem and orientation n, and jj f mn jj2 (�lter energy) is held constant.

Gabor �lters have been used to represent f mn . The impulse responseof an
even-symmetric 2-dimensionalGabor �lter is expressedas:

f (x; y) =
1

2� � x � y
e

� 1
2 ( x 2

� 2
x

+ y 2

� 2
y

)
cos(2� u0x) (12)

where f (x; y) represents the response at spatial locations x and y, u0 is the
frequency of a sinusoidal plane wave along the x-axis (i.e., the 00 orientation),
and � x and � y are the spreadsof the Gaussianenvelope along the x- and y-axis,
respectively.

A set of self-similar Gabor �lters is obtained by appropriate rotations and
scalingsof f (x; y) through the generating function:

�f mn (x; y) = k � m f (k � m �x; k � m �y); k � 1 (13)

where m and n are integers, �f mn (x; y) is the rotated and scaledversion of the
original �lter, k is the scalefactor, n = 0; 1; � � � ; N � 1 is the current orientation
index, N is the total number of orientations, m = 0; 1; � � � ; M � 1 is the cur-
rent scaleindex, M is the total number of scales,and �x and �y are the rotated
coordinates: �x = x cos� + y sin � ; �y = � x sin � + y cos� where � = n�

N is the
orientation. The scalefactor k � m ensuresthat the �lter energyis independent of
m. In order to eliminate the sensitivity of the �lters to absolute intensity values,
we set Fmn (0; 0) = 0. A total of 16 Gabor �lters are selected,with 4 �lters in
equi-angular orientations at 4 di�eren t scales,i.e., N = 4, and M = 4, starting
at 0o orientation. Parameters � u , � v and k are calculated as described in [20].

Channels L , A and B are treated with the Gabor �lter bank described by
equation 13. The 48-dimensional feature vector X T is constructed using the
fractional energiesin each of the 16 spatial-frequency channels in the L , A and
B channels, i.e.,

X T = (~xT L 00 ; � � � ; ~xT L 33 ; ~xT A 00 ; � � � ; ~xT A 33 ; ~xT B 00 ; � � � ; ~xT B 33 )t (14)

where ~xT L mn , ~xT A mn and ~xT B mn represent the fractional energy at the output
of the �lter in the nth orientation and the mth scale,for L , A and B channels,
respectively. The fractional energy ~xT L mn is given as:

~xT L mn =

P W y � 1
y=0

P W x � 1
x =0 L̂ 2

mn (x; y)
P M � 1

m =0

P N � 1
n =0

P W y � 1
y=0

P W x � 1
x =0 L̂ 2

mn (x; y)
(15)

where L̂ mn is the L channel treated with �lter �f mn , Wx is the width of the
image, Wy is the height, and

P M � 1
m =0

P N � 1
n =0 ~xT L mn = 1. Due to the fact that



the Fourier transform is a linear isometry (for spaceand spatial-frequency do-
mains), equation 15 represents energy calculation in the spacedomain. Similar
expressionshold for ~xT A mn and ~xT B mn . This feature spaceis also represented
by a unit hypercube.

4 In tegration Framew ork

A 2-level framework is employed for integrating lower-level and higher-level vi-
sion features. Given the isotropic feature vectors X S and X H and anisotropic
feature X T extracted from a query image, and X Sj , X H j and X Tj extracted
from the j th image in the database, the �rst level of the framework maps the
feature vectors to a discriminant value within each of the 3 categories,structure,
histogram and texture. The respective mappings � S : < N S ! < , � H : < N H ! <
and � T : < N T ! < , where NS = 3, NH = 512 and NT = 48, are selectedas
`2 norms: � S (X Sj ; X S ) = jjX Sj � X S jj , � H (X H j ; X H ) = jjX H j � X H jj and
� T (X Tj ; X T ) = jjX Tj � X T jj .

At the secondlevel a supradiscriminant is generatedby utilizing the mapping
	 SHT : < 3 � < 3 ! < that is given as:

	 SHT (X Sj ; X H j ; X Tj ; X S ; X H ; X T ) =
W t � � SHT (X Sj ; X H j ; X Tj ; X S ; X H ; X T )

(16)

where W t = (w1; w2; w3)t is a weight vector such that
P 3

i =1 wi = 1, 	 SHT 2
[0; 1] and � SHT : < 3 � < 3 ! < 3, such that � SHT 2 [0; 1] � [0; 1] � [0; 1], is given
as:

� SHT (X Sj ; X H j ; X Tj ; X S ; X H ; X T ) =
(�̂ S (X Sj ; X S ); �̂ H (X H j ; X H ); �̂ T (X Tj ; X T )) t (17)

where

�̂ S (X Sj ; X S ) =
� S (X Sj ; X S )

maxj � S (X Sj ; X S )

�̂ H (X H j ; X H ) =
� H (X H j ; X H )

maxj � H (X H j ; X H )

�̂ T (X Tj ; X T ) =
� T (X Tj ; X T )

maxj � T (X Tj ; X T )
(18)

The above normalizations ensurethat �̂ S 2 [0; 1], �̂ H 2 [0; 1] and �̂ T 2 [0; 1] for
properly constructing � SHT . The index î of the image most similar to a given
query image is then given as:

î = argmin
i

	 SHT (X Si ; X H i ; X Ti ; X S ; X H ; X T ) (19)

The next most similar image is retrieved by removing the i th image from the
databaseand utilizing equation 19 again. The processis repeated for retrieving
any number of imagesmost similar to a given query image.



Query image

Images Retrieved

Fig. 4. Retrieval by image query (Databases #1 & #2): Flower, leaves and grass.

The above integration framework has the following advantagesover a simple
concatenationof vectorsX Sj , X H j and X Tj . First, the di�eren t lengths of these
three vectors preclude the proper construction of a concatenatedvector that is
equally sensitive to all of its components. The 3-dimensional vector output by
� SHT is equally sensitive to all of its three 1-dimensionalcomponents. Second,
the size of the corresponding weight vector for the concatenatedvector will be
large, making the selectionof proper weights di�cult and unfeasible.Third, in
our proposedintegration, weights are assignedat the module level, i.e., structure,
histogram and texture, whereasweights in a concatenatedvector are assignedat
the vector component level without particular regard to the modular structure of
the system.The weight vector plays an important role in controlling the content
of imagesretrieved. For a given imagequery, di�eren t weights can be assignedto
structure, histogram and texture according to user speci�cation to control the
imagesretrieved.

5 Results obtained

Our image databasesconsistsof 266024-bit color images.Database#1 consists
of 2139imagesof sizeadjusted to 1024� 1024acquired from two CDs obtained
from The Visual Delights Inc. (http://www.visualdelights.net) . Database
#2 consistsof 521imagesof sizeadjusted to 512� 512acquired from the ground
level using a Sony Digital Mavica camera.The weight vector is chosenas W =
(1=3; 1=3; 1=3)t .
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Fig. 5. Retrieval by image query (Databases #1 & #2): A building facade.

Figures4 - 5 display examplesof imageretrieval by query from both databases
#1 and #2 utilizing equation 19. First 16 imagesretrieved are shown in both
�gures. Tables1 - 4 display results for retrieval by image classi�cation obtained
using a nearestneighbor classi�er and using � SHT 's as patterns (equation 17).
The image spaceis partitioned into three classes,Structure, Non-structure and
Intermediate, basedupon the measureof structure present in an image. Each
classis represented by 10 training samples.

Total Training E�ectiv e Correct RR
T D C (C/D)

521 30 491 363 73.93%

Table 1. Retrieval by image classi�cation (Database #2): Overall retrieval rate. T =
Total # of images, D = E�ectiv e # of images, C = Correct and RR = Retrieval rate.

Table 1 shows the overall retrieval rate. Table 2 displays class-conditional
retrieval performancemeasuredin terms of recall and precision. Recall is de�ned
as the fraction of the total number of images that are correctly retrieved for
a particular class. Precision is de�ned as the fraction of images retrieved for
a particular class that are actually correct. The retrieval statistics are shown
fully in the confusion matrix shown in Table 3. Table 4 shows the distribution
of imagesthat actually belong to a particular classwithin the \b est matches"
for that class,in intervals of 100 images,and the corresponding e�ciency of the
system. E�ciency is de�ned as the ratio of the number of imagesthat actually
belong to a particular class in the block of closestbest matches, to the size of



the block, where the block size is equal to the number of imagescorresponding
to that class.The best matches were obtained by sorting images in ascending
order basedupon their distancesfrom the training samplesof each class.

Class T R C Recall Precision
(C/T) (C/R)

Structure 255 222 195 76.47% 87.84%
Non-structure 140 144 114 81.43% 79.17%
Intermediate 96 125 54 56.25% 43.20%

Table 2. Retrieval by image classi�cation (Database #2): Recall and precision.
(Database # 2.) T = Total, R = Retrieved, C = Correct.

Class Structure Non-structure Intermediate
Structure 195 14 46

Non-structure 1 114 25
Intermediate 26 16 54

Table 3. Retrieval by image classi�cation (Database #2): Confusion matrix. Entries
presented in rows, e.g., 195 Structure class images classi�ed as Structure, 14 as Non-
structure, and 46 as Intermediate.

Class 1-100 101-200201-300301-400401-500501-521 T Q E�.=Q/T
Structure 87 70 57 28 13 - 255 190 74.51%

Non-structure 79 43 11 7 - - 140 108 77.14%
Intermediate 38 32 13 11 2 - 96 36 37.50%

Table 4. Retrieval by image classi�cation (Database # 2): Distribution of images
actually belonging to a particular classin the \b est matches" for that class,in intervals
of 100 images, and the e�ciency of the system. T = Total # of images belonging to
a certain class, Q = # of images that actually belong to a certain class in the �rst T
best matches for that class,and E�. = E�ciency .

6 Conclusions

This paper has presented an approach for content-based image retrieval via
isotropic and anisotropic mappings. Isotropic mappingswerede�ned to be map-
pings invariant to the action of the planar Euclidean group { invariant to the
translation, rotation and re
ection of image data, and hence, invariant to ori-
entation and position. Anisotropic mappings, on the other hand were de�ned
to be those mappings that are correspondingly invariant. Structure extraction
(via a perceptual grouping process)and color histogram wereshown to be repre-
sentations of isotropic mappings.Texture analysisusing a channel energymodel
comprisedof even-symmetricGabor �lters wasconsideredto be a representation
of anisotropic mapping. Results of retrieval of outdoor imagesby query and by
classi�cation using a nearestneighbor classi�er werepresented. Resultsobtained
show the e�cacy of combining structure, histogram and texture for retrieval.
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