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Abstract. This paper presents an approach for content-based image
retrieval via isotropic and anisotropic mappings. Isotropic mappings are
defined to be mappings invariant to the action of the planar Euclidean
group — invariant to the translation, rotation and reflection of image
data, and hence, invariant to orientation and position. Anisotropic map-
pings, on the other hand, are defined 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 filters is considered to be a representation of
anisotropic mapping. Results of retrieval of outdoor images by query
and by classification using a nearest neighbor classifier are presented.

1 Introduction

The interest in automatic analysis of images based upon their content has in-
creased with recent developments in the World Wide Web (WWW), digital image
collections, networking and multimedia. Active research in content-based image
retrieval (CBIR) is geared towards the development of methodologies for ana-
lyzing, interpreting, cataloging and indexing image databases. In image analysis,
the input and output are functions of 2, and an appropriate notion of isotropy
of computations is the Euclidean invariance: any rotation, translation or reflec-
tion of the input should produce an identical result under these transformations,
thus achieving orientation and position invariance. These image transformations
are generated by 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.

* This work was supported in part by the Army Research Office under contracts
DAADI19-00-1-0044, DAAG55-98-1-0230 and DAAD19-99-1-0012 (Johns Hopkins
University subcontract agreement 8905-48168).



We define an isotropic mapping as a mapping that is invariant to the action
of the Fuclidean group — invariant to translation, rotation, and reflection of
image data. Similarly, we define an anisotropic mapping as a mapping that is
variant to the action of the Euclidean group. The Euclidean group is the group of
isometries of #2 — mappings that preserve distances — and its action on the space
of positions and directions $#2 x S', where positions are represented using R2
and directions using the unit circle S*, generates isometric geometrical objects.
It has been argued that visual computations occur on R? x S!, rather than on
just R2 [1]. The generation of isometries is important for developing a framework
for isotropic mappings, as seen later. Isotropic mappings acting on perceptually
salient image structures are useful in retrieval, as they illustrate the similarity
of different structures in an image. On the other hand, anisotropic mappings
indicate the uniqueness of certain attributes of different images.

Most of the previous work in image retrieval has focused on retrieval by image
query [2-5]. However, retrieval by image classification has also gained attention
[6-8]. In this paper we develop a methodology for retrieval of outdoor images
using both image query and image classification by using a nearest neighbor
classifier. Retrieval by image query refers to the retrieval of images similar to a
given query image from an image database, whereas retrieval by classification
refers to the classification of images into certain known classes for retrieval.

As seen in 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 filter bank (which possesses affinity for
certain preferred directions) operating in a channel energy model is an effective
candidate for anisotropic mappings.

1.1 Action of the Euclidean group — Action by translation, rotation,
and reflection

It is well-known that the group of all isometries of R®? is the Euclidean group.
To see this, let I" be an isometry of R2, and let b = I"(0). Then o = 7_p 1 is
an isometry of R?, satisfying o(0) = 0. It can be shown that if o(0) = 0, then
o is linear [9], and thus, I" = T:ég = Tpo 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 x 2 orthogonal matrices that
represent reflections and rotations. Hence, the product of the translation group
and the orthogonal group is the group of isometries of #? (called Euclidean group
E(2)). The normality of the translation group in E(2) can used to deduce that
E(2) =2 0(2,R) x R2, where > denotes semi direct product.

The rest of the paper is organized as follows: section 2 explains the perceptual
grouping process to extract structure and the color histogram as representations
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, section 5 describes the results
obtained, and finally, section 6 provides the conclusions.



2 Isotropic mapping

We have considered feature extraction from structural analysis of an image
via the perceptual grouping process and color histogram as representations of
isotropic mappings. The extraction of structure from an image is described first,
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 classes of patterns and statistically
significant arrangements of image elements. Perceptual grouping refers to the hu-
man visual ability to extract significant image relations from lower-level primitive
image features without any knowledge of the image content and group them to
obtain meaningful higher-level structure. Research in perceptual grouping was
started in 1920’s by Gestalt psychologists, whose goal was to discover the un-
derlying principle that would unify the various grouping phenomena of human
perception. Gestalt psychologists observed the tendency of the human visual sys-
tem to perceive configurational wholes, with rules that govern the uniformity of
psychological grouping for perception and recognition, as opposed to recognition
by analysis of discrete primitive image features. The hierarchical grouping prin-
ciples proposed by Gestalt psychologists embodied such concepts as grouping by
prozimity, 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 process may be repeated until a meaningful semantic rep-
resentation is achieved that may be used by a higher-level reasoning process.
Certain scene structures will always produce images with discernable features
regardless of viewpoint, while other scene structures virtually never do. This
correlation between salience and invariance has suggested that the perceptual
salience of viewpoint invariance is due to the leverage it provides for inferring
geometric properties of objects and scenes. It has been noted that many of the
perceptually salient image properties identified by the Gestalt psychologists such
as collinearity, parallelism, and good continuation, are viewpoint invariant [11].

To discover and describe structure, the visual system uses a wide array of
perceptual grouping mechanisms. These range from the relatively low-level mech-
anisms that 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 systems implicitly use some aspects of processing that
can be directly related to the perceptual grouping processes of 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 processes for object recognition, are seldom con-
sidered to be a part of an overall attempt to structure the image [13]. This



enigmatic situation arises because research and development in computer vision
is often considered quite separate from research into the functioning of human
vision. A fact that is generally ignored is that biological vision is currently the
only measure of the incompleteness of the current stage of 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 groups and “significant” parallel
groups (figure 1(a) - (f)). As an enhancement to that approach, we also extract
closed figures comprised of polygons (figure 1(g)). Perceptual grouping rules of
similarity, continuity, parallelism and closure are used to extract these features.
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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 edge detector [15] is used to 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 edge strength. All other features are extracted using the longer linear lines. A
set of non-parallel lines terminating at a common point 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 perceptual grouping, the human visual system easily groups coterminous lines.
In fact, it has been suggested that the major function of eye movements is to
determine coterminous edges [16]. Cotermination is a non-accidental relation-
ship and, hence, reflects significant 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 differences in the local and
intrinsic orientation of the lines. In other words, we group the parallel lines that
significantly overlap each other. “Significant” parallel groups are extracted by
further constraining the search to only those parallel groups in which at least
one member line is enclosed by an “L” or “U” junction, while accommodating
the obliqueness of the viewing angle.

Polygons are closed figures formed by non-parallel lines. A polygon is a signif-
icant image relation. According to the closure rule of perceptual grouping, human
vision tends to complete curves to form enclosed regions [10]. Extracting closed
figures corresponds to this feature of human vision. Polygons are non-accidental
image relationships, since the coterminations forming them are non-accidental.
Hence, polygons represent significant 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-one correspondence between the closed figures 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
vertices and the set of edges of G, respectively. Let €;; € F be an edge connecting
vertices V;, V; € V. The weight of &;; is defined as w(&;;) = deg(v;) + deg(¥;),
where deg(-) is the degree of a vertex, that is, the number of edges incident with
the vertex. The edge weights are collected by extracting the adjacency matrix
of the graph. The connected components of the graph are found, and each sub-
graph corresponding to each component is processed separately. 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
figure in the image, where edges on this circuit correspond to line segments on
the closed figure.

A polygon is defined to be that fundamental circuit extracted that meets the
following requirements: (a) the polygon is simple, i.e., the edges of 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 edges on the
polygon does not exceed a given threshold.

The importance of perceptual grouping for typical instances of recognition
can not be overemphasized. In the absence of the necessary information for
perceptual grouping, it is difficult for humans to make an intelligent decision
regarding the structure or recognition of an object. Experiments conducted with
line drawings, in which most of the elements of significant collinearity, end point



proximity, parallelism and symmetry were removed, demonstrated the difficulty
perceived by humans subjects in recognizing the objects [10]. With the addition
of a few elements at key locations, the human subjects were able to perceive the
line drawings with remarkable ease. When the elements were added at locations
that did not lend themselves to meaningful perceptual groupings, then the re-
sponse time for the perception of the line drawings was unaltered. The ability to
influence recognition times by controlling the formation of perceptual grouping
illustrates the search-based nature of this process, and it has been hypothesized
that perceptual grouping can be a key element in search space and recognition
time reduction.

2.3 Feature extraction

The extracted feature vector X5 = (xs,,- -, Xs,)!, where d is the dimensionality
of the feature space, is expressed in the general form as:
I SN () "
Si -
Zk Xw@l (lk)
where x denotes the characteristic (indicator) function, [ is a longer linear line,
we, is the set of all longer linear lines, wg, is a higher-level structure extracted,
and xgs, € [0,1] (i € [1,---,d]), i.e., the feature space is represented by a unit
hypercube.

For generating results for retrieval by both image query and image classi-
fication, we set d = 3, and ws, represents “L” junctions, “U” junctions, and
“significant parallel groups and polygons” for i € {1,2,3}, respectively, i.e., Xg,
represents the corresponding normalized number of lines.

2.4 Euclidean isotropy of Xs

Let w = {w;} represent the collection of objects of interest present in an image,
where each object wj, is a collection of w;, = {r,¢} € R? x S!, where r =
{z,y} € R? is a coordinate pair, S is the unit circle, ¢ € S! represents the
orientation of w;. At the lowest level of vision w;, s, are represented by points on
an edge segment w; (where w; is obtained by using Burns’ edge detector [15]). At
the next level of perceptual grouping, certain w; will be combined to generate a
higher-level structure. Such a structure obtained from the grouping of w;’s may
be called w; for consistency of notation, although it should be understood that
w; now represents a structure at a higher-level than w;. (Refer to figure 2.)

We have defined a mapping v : w — R?, (where d is the dimensionality of
the feature space), to be isotropic if it is invariant to the action of the Euclidean
group:

BB w) = d(w) (2)
where FE is the Euclidean group F(2) — the semi-direct product of the group of
linear isometries and the translation group — such that:



The extraction of the feature vector, Xg, is represented by ¥. The action of the
Euclidean group on w; transforms each w;, € w; and is given as (refer to figure
3):

Tb'<r7¢):(r+b7¢)a I‘,b€§R27¢681
Ry (0,0) = (Ror, 6 1 6), 0 ¢S @
K- (r7 ¢) = ’%R—QG : (I', d)) = (I%R—29r7 7(¢ - 20))

where 7, € T(2), (b € R?), represents a member of the translation group of 2,
T(2), such that 7,(r) = r+ b,r € 2, Ry € O(2,R) is a rotation by an angle
0, k is a reflection along an axis in R2, and £ is the reflection along the z-axis,
(z,y) — (z,—y). The action k - (r,¢) = RokR_p - (r,p) = £R_o9 - (r,¢) (by
using the identity Rgk = KR_g), because reflection along an arbitrary axis is
equivalent to rotation of 2 by an angle —@ to align the axis of reflection with
the original z-axis, followed by a reflection in the x-axis, and then rotation by
an angle 6.
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Fig. 2. w3, w4, ws and wg combined to form ws.
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Fig. 3. Action of E(2) on an edge segment, w;. ry and r; represent the end-points of w;.

Linear feature modeling: The premise of linear feature modeling is to extract
rich descriptions of lower-level local image primitives and use these descriptions
for subsequent grouping into higher-level features (linear line segments). The
following illustrates the modeling of the perceptual grouping process described
in [8] for the collection of edge segments wy’s, to form a longer linear line w;,
(figure 1(a)). Let r = {x, y} denote the z- and y-coordinates of an end-point of
an edge segment wy, and ¢ € S! represents the orientation of the edge segment.
We treat r and ¢ as independent variables, so that all possible orientations for wy
exist at each corresponding position r. A certain collection C; of wy’s is collected,



which will be replaced by w;, that maximizes the energy \; given as:

AP = A > Ents A =0 (5)
kEK, 1¢K; K={k: w;€C;}

where the superscript n is an iteration index, and (omitting the subscript i), the
energy functional &g : (wp, wi, w;) — R is expressed as:

Eri(wp | wr,wr) = A(g) A(st) 6(rg — 11 — sep) 5(dp — ) (6)

where wy, is a certain base edge segment in the collection that is used to determine
that all other edge segments are parallel to it, A is a weighting function and ¢ is
the maximum length of the orthogonal distance of any point of w; from wy. In
the above equation, rjy and r; represent those end-points of two edge segments
wy and w; respectively, (at the lower-level), that are closer to each other, and
¢p and ¢; are the orientations of w; and wy, respectively. In addition, ¢ is the
Dirac delta function, eg; is a unit vector in the direction of ry — r; and s is a
distance parameter along an axis parallel to the direction of rj —r;. The Boolean
parameter t is such that ¢ = 0 if the length of the orthogonal projection of w;
on wy is greater than zero, otherwise ¢ = 1. In our system A is represented
by a constant function (not equal to zero) with compact support. Specifically,
we have selected the constant as 1 and the support is equal to 5 units (pixels).
Equation 5 indicates the iterative nature of the grouping. At the start C; consists
of only one segment wy. At the end of each iteration those w;’s for which &, is
non-zero are put into C;. The grouping is started again and continued until there
is no increase in A;. The higher-level longer linear line w; is then obtained by a
weighted average of the lengths and orientations of all edge segments in C; [8].

The form of the energy functional expressed in equation 6 is similar to the
one defined in [18], however, in their model rj represents the V1 image of the
center of the receptive field of a neuron, and ey; represents the V1 image of
the orientation preference of the neuron. Unlike their model, in our system ey
points in the direction of riy — r; and incorporates the non-collinearity of two
edge segments to an arbitrary extent (e.g., figure 1). (To further emphasize closer
points, unequal weights, as opposed to constant weights in the support of A, can
be achieved by replacing A with an appropriate weighting function, such as a
Gaussian function.)

Euclidean invariance of &g;: The form of the energy functional expressed
in equation 6 has a well-defined symmetry: it is invariant under the action of
E(2); it is invariant under translations {r,¢} — {r + b, ¢}, rotations {r, ¢} —
{Ryr, ¢ + 0} and reflections {r,¢} — {£R_29r, —(¢p — 20)}.

The argument ¢, s and ¢ in equation 6 remain unchanged, because as shown
in section 1.1 the action of E(2) generates isometric objects, or it can be verified
as following. The invariance of s = ||ry — r;|| can be established as:

l|Tbory — Thor||?> = < Thory, Thory > + < ThoTy, Thor; >

—2 < Tp 0Tk, ThOT] > (7)
[[rl|* + [Jra]]? = 2 < 1,1y >
= |lrp —m]? =5



where <, > denotes the dot product and p is either a rotation or a reflection;
since, < TpOrg, ThOr] > = < rk,g’nglrbgrl > = < ry,r; >, and similarly for
the first and second terms in the first line of the above equation. Similarly, the
invariance of ¢ and ¢ can also be established.

Translation invariance of equation 6 is evident because:

sz(Tb ) \ Tb " Wk, Tb 'wz) =
A(g) A(st) 6((rx +b) — (r; +b) — sex) 6(¢p — 1) )
= A(q) A(st) 6(ry — 1y — sep) 6(dp — 1)

= Er(wy | wi, wr)
Invariance with respect to a rotation 6 follows from:

§kz(Re wy | Ro - wi, Ry - wy) =

A(q) A(st) 6(Rory, — Ror; — sRoep) (¢ +6) — (0 + 0))

= A(q) A(st) 6(Rg(r, — 1 — sey)) 5(dp — b1) 9)
= A(q) A(st) 6(r, — 11 — sep) 6(¢p — d1)
= &p(wp | wi, wi)

and invariance under a reflection x about the an axis holds since:

/1( ) A (5(,‘%R,291‘k — KR _ogr; — SI%R,QQGM) 5(—(¢b — 29) + ((151 — 26‘))
= A(q) A(st) §(AR_29(rr, — 11 — s€x1)) 5(—(dp — é1))
/1( )/1 6(rk—rl—se;€l) (5(¢b—¢l)

(10)

It must be noted that the energy functional given in equation 6 incorporates

the Gestalt principles of proximity, collinearity, parallelism, and good continua-

tion. Equation 6 is at the heart of the perceptual grouping process. Its Euclidean

invariance, as shown above, means that equation 5 remains invariant, and the

perceptual grouping process will produce the same groupings — longer linear
lines. All higher-level structures are extracted using these longer linear lines.

Higher-level structures: The fundamental perceptual grouping proposed in
[8] for higher-level structures can be modeled as the following. The proximity of
two edge segments wy, and w; can be modeled by the relation A(s)d(ry—r;—seg;),
whereas the variation in the orientations of wy and w; can be controlled by the
relation A(p) 6(¢x — ¢ — p), where the variable p = ¢ — ¢y, p € [0,27] and
A is a constant function (not equal to zero) with compact support (similar to
A). 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
verified these relations are invariant under the action of E(2). Hence, equation
1 also remains invariant, i.e., X g obtained by the mapping % is invariant after
the action of F(2) — invariant to orientation and position.



2.5 Color histogram

It can readily be seen that color histogram measures are invariant to both O(2, R)
and T'(2), and hence, F(2), because histogram measures are only dependent on
summations of identical pixel values and do not incorporate orientation and
position. The extraction of the normalized histogram Xy € R°'2 is used as a
representation of an isotropic mapping.

A color space is perceptually uniform if a small perturbation to a compo-
nent value is approximately equally perceptible across the range of that value.
The RGB color space does not exhibit perceptual uniformity. However, the CIE
LAB space [19], conceived in 1976, improves the perceptual uniformity of RGB
space considerably. LAB color space is an approximately uniform color space
that maps equally distinct color differences into approximately equal Euclidean
distances in space. In this space, L defines lightness, A denotes red/green chromi-
nance and B the yellow/blue chrominance. Presently, it is one of the most pop-
ular color spaces for color measurement.

Given an image Irgp(z,y) in RGB space we generate Iy ap(x,y), where
the pair (z,y) denotes the coordinates in an image I. A 512-dimensional feature
vector Xy, representing the 512-bin normalized histogram, is extracted from the
image I ap(z,y) by uniformly quantizing the LAB space, i.e,

Xt = (Xpggr s Xtyy)! (11)

where X3;, (where the index integer j € [0, 511]) represents the normalized value

of the j** bin of the histogram such that 231:10 x3, = 1. This feature space

represents a unit hypercube.

3 Anisotropic mapping

In most quantitative channel energy models of texture analysis, an image is
processed by channel selective filters along certain fundamental stimulus dimen-
sions such as spatial frequency and orientation. These channels generally contain
a non-linearity, such as full-wave rectification, so that they signal the local con-
trast energy within the bandpass of the channel.

Texture analysis via a channel energy model employing a Gabor filter bank
is considered a representation of anisotropic mapping. The representation is ac-
complished by the extraction of the feature vector X7 € R*8, which measures
the fractional energy in various spatial channels after treating the input image
with the Gabor filter bank. That can readily be verified from the fact that the
translation of an image I(r) — I(7p(r)) transforms the Fourier transform of the
image Z(v) — Z(v) e/2™<P*>_where b € R? and rotation of I(r) — I(Ry(r)),
where r = {z,y} — the space domain coordinates, transforms the Fourier trans-
form Z(v) — Z(Ryv), where v = {u,v} are the Fourier domain co-ordinates.
Similar result holds for reflection. Hence, texture analysis is not invariant after
the action of F(2) on an image.



The channel energy model employed is based upon multiresolution analysis
that is characterized by both orientation and scale. The LAB space is used
for multiresolution texture analysis by measuring the fractional energies in the
lightness and the two chrominance channels mentioned in the last section. Given
an image I, the convoluted sequence {I * f,,,} defines the multiresolution image
texture characteristics, where f,,, denotes a base texture extraction function f
at scale m and orientation n, and ||f,.,||? (filter energy) is held constant.

Gabor filters have been used to represent f,,,. The impulse response of an
even-symmetric 2-dimensional Gabor filter is expressed as:

2 2
+4)
Y

|e

1 -4
flay)=5——e "7

2mo L0y

o

8|

cos(2mupx) (12)

where f(x,y) represents the response at spatial locations z and y, ug is the
frequency of a sinusoidal plane wave along the x-axis (i.e., the 0° orientation),
and o, and o, are the spreads of the Gaussian envelope along the x- and y-axis,
respectively.

A set of self-similar Gabor filters is obtained by appropriate rotations and
scalings of f(x,y) through the generating function:

fmn(xay) = k_mf(k_mjjvk_mg)a k > 1 (13)

where m and n are integers, fmn(a:,y) is the rotated and scaled version of the
original filter, k is the scale factor, 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 scale index, M is the total number of scales, and & and ¢ are the rotated
coordinates: £ = zcosf + ysinf, ¢ = —xsinf + ycosd where § = T is the
orientation. The scale factor k=" ensures that the filter energy is independent of
m. In order to eliminate the sensitivity of the filters to absolute intensity values,
we set Fi,(0,0) = 0. A total of 16 Gabor filters are selected, with 4 filters in
equi-angular orientations at 4 different scales, i.e., N = 4, and M = 4, starting
at 0° orientation. Parameters o, 0, and k are calculated as described in [20].
Channels L, A and B are treated with the Gabor filter bank described by
equation 13. The 48-dimensional feature vector X is constructed using the
fractional energies in each of the 16 spatial-frequency channels in the L, A and

B Channels7 i.e.,
X‘Z - (X‘Z I R & XTA oy XT Aae s XTB . XTRB ) (14)
007 ’ 337 007 ? 339 007 J 33

where X7, ., X74,,, and X7p,  represent the fractional energy at the output
of the filter in the n* orientation and the m** scale, for L, A and B channels,
respectively. The fractional energy X7 is given as:

w,—1 We—1 7
_ Zy:yo Z,’[;:O Lv%m (l‘, y)
- M—-1N-1 ~Wy—1=W,-1 7
Zm:() Zn:() Zy:uO Zm:O L%n("ﬂ? y)

where L, is the L channel treated with filter fmn, W, is the width of the
image, W, is the height, and Zn]\f:_ol 7]:[:_01 X71L,,, = 1. Due to the fact that

XT Lyn (15)



the Fourier transform is a linear isometry (for space and spatial-frequency do-
mains), equation 15 represents energy calculation in the space domain. Similar
expressions hold for x74, . and x7p,_ . This feature space is also represented
by a unit hypercube.

mn

4 Integration Framework

A 2-level framework is employed for integrating lower-level and higher-level vi-
sion features. Given the isotropic feature vectors Xs and X4 and anisotropic
feature X7 extracted from a query image, and Xs,;, X3, and X7, extracted
from the j** image in the database, the first 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: RV — R, &30 RV — R
and &7: RV7 — R, where Ns = 3, Ny = 512 and Ny = 48, are selected as
82 norms: @S(XSJ»;XS) = ||X5j — X5||, @H(XH_NXH) = HX'H_,' — XHH and
7 (X7, X7) = || X7, = X71|.

At the second level a supra discriminant is generated by utilizing the mapping
Usrr: N3 x N3 — RN that is given as:

WS'HT(XSJ' ) X'Hj s XTJ ’ XSa XHa XT) =

16
W Dsyr(Xs,, X, X1, X5, Xy, X7) (16)

where W = (wy,ws, w3)? is a weight vector such that Z?Zl w; = 1, Uyt €
[0,1] and Psyr : B3 x N3 — N3, such that Psyr € [0,1] x [0,1] x [0, 1], is given
as:

Psnr(Xs;, X1, X1, X5, X9, X7) =

- i - 17
(P5(Xs;,Xs), Pr (X, Xg), D1 (X1, X1))' a7
where
5 D5(Xs,;, Xs)
Ps(Xs.. Xg) = J
S( SJ ’ S) man @5 (ng s Xs)
. Dy (X, , Xg)
D ( Xy, Xy ) = z
H( i H) man @H (XHj y X’H)
. O (X7 X
br(X, Xp) = — T\ X7, X7) (18)

man QT(XTJ 5 XT)

The above normalizations ensure that s € [0, 1], d3 € [0,1] and &7 € [0,1] for
properly constructing @sy7. The index ¢ of the image most similar to a given
query image is then given as:

i = argmin Uswr(Xs,, X, X7, X5, X, X1) (19)
K3
The next most similar image is retrieved by removing the i** image from the

database and utilizing equation 19 again. The process is repeated for retrieving
any number of images most similar to a given query image.



Images Retrieved

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

The above integration framework has the following advantages over a simple
concatenation of vectors Xs;, X4, and X7;. First, the different lengths of these
three vectors preclude the proper construction of a concatenated vector that is
equally sensitive to all of its components. The 3-dimensional vector output by
D5y is equally sensitive to all of its three 1-dimensional components. Second,
the size of the corresponding weight vector for the concatenated vector will be
large, making the selection of proper weights difficult and unfeasible. Third, in
our proposed integration, weights are assigned at the module level, i.e., structure,
histogram and texture, whereas weights in a concatenated vector are assigned at
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 images retrieved. For a given image query, different weights can be assigned to
structure, histogram and texture according to user specification to control the
images retrieved.

5 Results obtained

Our image databases consists of 2660 24-bit color images. Database #1 consists
of 2139 images of size adjusted to 1024 x 1024 acquired from two CDs obtained
from The Visual Delights Inc. (http://www.visualdelights.net). Database
#2 consists of 521 images of size adjusted to 512 x 512 acquired from the ground
level using a Sony Digital Mavica camera. The weight vector is chosen as W =

(1/3, 1/3, 1/3)".



Query image

Images Retrieved

Fig. 5. Retrieval by image query (Databases #1 & #2): A building facade.

Figures 4 - 5 display examples of image retrieval by query from both databases
#1 and #2 utilizing equation 19. First 16 images retrieved are shown in both
figures. Tables 1 - 4 display results for retrieval by image classification obtained
using a nearest neighbor classifier and using ®sy7’s as patterns (equation 17).
The image space is partitioned into three classes, Structure, Non-structure and
Intermediate, based upon the measure of structure present in an image. Each
class is represented by 10 training samples.

Total| Training|Effective|Correct| RR
T D C (C/D)
521 30 491 363 [73.93%

Table 1. Retrieval by image classification (Database #2): Overall retrieval rate. T =
Total # of images, D = Effective # of images, C = Correct and RR = Retrieval rate.

Table 1 shows the overall retrieval rate. Table 2 displays class-conditional
retrieval performance measured in terms of recall and precision. Recall is defined
as the fraction of the total number of images that are correctly retrieved for
a particular class. Precision is defined 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 images that actually belong to a particular class within the “best matches”
for that class, in intervals of 100 images, and the corresponding efficiency of the
system. Efficiency is defined as the ratio of the number of images that actually
belong to a particular class in the block of closest best matches, to the size of



the block, where the block size is equal to the number of images corresponding
to that class. The best matches were obtained by sorting images in ascending
order based upon their distances from the training samples of each class.

Class T | R | C |Recall
(C/T)
76.47%
81.43%

56.25%

Precision
(C/R)
87.84%
79.17%
43.20%

255
140
96

222
144
125

195
114
54

Structure
Non-structure

Intermediate

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

Class 1-100{101-200{201-300|301-400|401-500|501-521| T | Q EH.ZQ/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 classification (Database # 2): Distribution of images
actually belonging to a particular class in the “best matches” for that class, in intervals
of 100 images, and the efficiency of the system. T = Total # of images belonging to
a certain class, Q = # of images that actually belong to a certain class in the first T
best matches for that class, and Eff. = Efficiency.

6 Conclusions

This paper has presented an approach for content-based image retrieval via
isotropic and anisotropic mappings. Isotropic mappings were defined to be map-
pings invariant to the action of the planar Euclidean group — invariant to the
translation, rotation and reflection of image data, and hence, invariant to ori-
entation and position. Anisotropic mappings, on the other hand were defined
to be those mappings that are correspondingly invariant. Structure extraction
(via a perceptual grouping process) and color histogram were shown to be repre-
sentations of isotropic mappings. Texture analysis using a channel energy model
comprised of even-symmetric Gabor filters was considered to be a representation
of anisotropic mapping. Results of retrieval of outdoor images by query and by
classification using a nearest neighbor classifier were presented. Results obtained
show the efficacy of combining structure, histogram and texture for retrieval.
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