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Abstract

This paper describes a content-based image retrieval
system that employs both higher-level and lower-level
vision methodologies separately and in conjunction for
the retrieval of images containing large manmade 0b-
jects. The goal is to use the lower-level analysis mod-
ule to increase the capability of the higher-level analysis
module, for queries where the structure exhibited by the
manmade objects is important. Higher-level analysis
is performed globally to extract structure by employing
the elements of perceptual grouping to extract different
shape representations for higher-level feature extraction
from primitive image features. The shape representa-
tions include “L” junctions, “U” junctions and paral-
lel groups. Lower-level analysis is performed globally
by using Gabor filters to extract texture features. A
manmade object region of interest extracted by using
perceptual grouping is used as a frame for conducting
lower-level analysis. Lower-level analysis may be per-
formed without confinement to the region of interest,
i.e., over the whole image. A channel energy model is
utilized to extract lower-level feature vectors consisting
of fractional energies in various spatial channels. The
image database consists of monocular grayscale outdoor
images taken from a ground-level camera.

1 Introduction

Computer vision imposes unique requirements on
the representation and manipulation of image data and
knowledge [1]. Lower-level approaches analyze an im-
age on a strictly quantitative basis for color, intensity,
contrast and texture features [2]. Higher-level tech-
niques extract semantic information that may be used
by a higher-level reasoning process [1, 3]. The objec-
tive of this research is to develop and apply computer
vision methods of lower-level and higher-level image
analysis techniques to content-based based image re-
trieval (CBIR). The overall motive of this paper is to
outline a framework that is capable of performing sep-
arate higher-level and lower-level queries, and in ad-
dition, a methodology for integrating higher-level and
lower-level approaches in CBIR, which traditionally
have largely been treated separately [1, 2, 4], for the
retrieval of images containing large manmade objects
(e.g. architectural objects or buildings, etc.). The goal
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is to use the lower-level analysis module to increase
the capability of the higher-level analysis module, for
queries where the structure exhibited by the manmade
objects is important.

Many research groups [5, 6, 7, 8] are actively pursu-
ing content-based indexing, storage and retrieval of im-
ages. Some systems have already been built that pro-
vide content-based image retrieval [9, 10, 11]. These
systems require user interaction, which emphasizes
shape, color, and texture features to build queries. The
histogram and texture analysis techniques analyze an
image at a lower level on a strictly quantitative basis
and are unable to capture higher-level scene descrip-
tions that relate different primitive image features with
each other. These descriptions will help in image re-
trieval where queries are concerned with locating im-
ages containing manmade objects. Moreover, such de-
scriptions are relatively less sensitive to illumination
changes as compared to lower-level histogram and tex-
ture analysis. Hence, we develop retrieval methodolo-
gies incorporating both lower-level and higher-level im-
age analysis methods.

A study for the comparison of separate lower-level
(histogram and texture) and higher-level (structure)
approaches for the retrieval of images containing man-
made objects with significant structure (represented by
buildings) is presented in [2]. This paper presents an
extension to that approach by integrating lower-level
and higher-level approaches for the retrieval of images
containing large manmade objects. However, in the
current integration we do not consider the histogram.
Our general framework is outlined in figure 1. An im-
age is treated separately for two different types of anal-
ysis: global higher-level analysis and global lower-level
analysis.

Higher-level analysis consists of using the general
rules of perceptual grouping. Perceptual grouping refers
to the human visual ability to extract significant im-
age relations from lower-level primitive image features
without any knowledge of the image content [1, 2, 3]. It
uses such concepts as grouping by proximity, similarity,
continuation, closure, and symmetry to group primitive
image features into meaningful higher-level image rela-
tions. The global extraction of these higher-level fea-
tures that represent significant structure to construct a
3-dimensional feature vector is outlined briefly in the
next section. A detailed discussion of the extraction of
these features may be found in [1].

Lower-level analysis is performed by employing Ga-
bor filters to extract texture features. The texture fea-



tures are computed globally in a manmade object re-
gion of interest (ROI) extracted by using perceptual
grouping. We integrate a multiscale, multiorientation
channel energy model within the higher-level ROI, to
extract a 16-dimensional feature vector consisting of
fractional energies in various spatial channels. The
framework is also capable of computing the texture fea-
tures without confinement to the manmade ROI (i.e.
the texture features may be computed for the whole
image).

The underlying idea is to analyze the structure
present in an image (using the higher-level analysis
module) to make a decision regarding the presence of
manmade objects. This decision is examined in an
analysis block, as shown in figure 1, to use the tex-
ture represented by the structure for refinement and
enhancement in the analysis of recall and precision
while serving queries. Refinement refers to the process
of fine tuning the set of images obtained by higher-
level analysis to eliminate false alarms, whereas en-
hancement refers to the extension of the set obtained
by the higher-level analysis to include some images
that contain manmade objects that might have been
missed by the higher-level analysis module. A monoc-
ular grayscale image database consisting of outdoor im-
ages taken from a ground-level camera is utilized.

The organization of the rest of the paper is as fol-
lows: section 2 details the higher-level analysis, section
3 outlines the lower-level analysis, section 4 presents
the results obtained, and finally, section 5 presents the
conclusions.
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Figure 1: System overview.

2 Global higher-level feature extrac-
tion

This section describes the higher-level feature ex-
traction process using the elements of perceptual
grouping. We extract the following features hierarchi-
cally in an unconstrained environment, i.e., with no
constraints on the viewing angle and depth, using the
approach mentioned in [1]: line segments, longer linear
lines, “L” junctions, “U” junctions, parallel lines, par-
allel groups, “significant” parallel groups. Perceptual
grouping rules of similarity, continuity, and parallelism
are used to extract these features.

Some of these features are self-explanatory, others
are explained in the following. 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. All other
features are extracted using the longer linear lines. Par-
allel groups are obtained by putting constraints on the

amount of the overlaps of orthogonal projections of par-
allel lines and projections along the X and ) axes,
while incorporating differences in local and intrinsic
orientation of the lines. “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 accommo-
dating the obliqueness of the viewing angle.

The feature vector X extracted from each image is
expressed as:

X = (%1, X2, X3)'

where
- Lines in “L” junctions
X1 = P f
Total # of longer linear lines
- Lines in “U” junctions
Xo =

Total # of longer linear lines
. Lines in “significant” parallel groups

X3 = (1)

Total # of longer linear lines

where x; € [0,1], 7 € {1,2, 3}, i.e., an image is mapped
into a feature space bounded by a unit cube.

3 Global lower-level feature extraction
This section describes the procedure for lower-level
feature extraction. The first stage in this process is
to extract a manmade object ROI. The extraction of
the ROI (which inherently is a higher-level process) is
accomplished by employing perceptual grouping. The
second stage globally processes only those pixels in the
image that are members of the ROI, using Gabor filters
to obtain lower-level texture features.
3.1 Extraction of higher-level ROI

The ROI is extracted by examining the overlapping
of parallel groups and polygons. Polygons are closed
figures formed by non-parallel lines. Elements of Graph
Theory [12] are employed to extract polygons from an
image using the cotermination graph. 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 termi-
nate in a small common region. 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 FE are the set of vertices and the set of edges of
G, respectively. Let €;; € E be an edge connecting
vertices v;, v; € V. The weight of €;; is defined as
w(€;;) = deg(V;) + deg(v;), where deg(-) is the degree
of a vertex, that is, the number of edges incident with
the vertex. The edge weights are collected by extract-
ing the adjacency matrix of the graph. The connected
components of the graph are found, and each sub-graph
corresponding to each component is processed sepa-
rately. The weight of a spanning tree 7 is the sum of
the weights of all the branches in 7. We search for the
maximal spanning tree, which may be found by slightly
altering the minimal spanning tree algorithm to incor-
porate the vertices resulting in maximal-weight span-
ning tree [12]. 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 [3]: (a)
the polygon is simple, i.e., the edges of the polygon do
not intersect among themselves z)) the polygon is rel-
atively compact, (c) the polygon does not have many
cavities, and (d) the number of edges on the polygon
does not exceed a given threshold.

3.2 Segmentation of ROI

The manmade object region of interest (ROI) is seg-
mented by treating the parallel groups and polygons
extracted as primitive structures (PS). The image is
segmented to the largest region of manmade objects b
examining the connected components of a PS graph [3].
Each node in the PS graph corresponds to one PS. Let
P; = C(PS;) and P; = C(PS;) be convex hulls of the
two PS, PS; and P}, respectively, where i # j. The
two nodes corresponding to P.S; and PS; are connected
in the PS graph if and only if P; and P; intersect, i.e.
P; NP; # (. However, in case P; N'P; = 0, if the two
convex hulls are sufficiently close, then they may be
grouped together.

Let P° = {P? = C(PS?), i = 1,2,...,K°} be the
set of convex hulls of the PS (where the superscript
denotes the current level). Let ¢ : P — G be the
function that maps the convex hull set P to the PS
graph G. Let G¥ = (V°, EY) = ¢(P°) be the PS graph
of the PS in the image, where V' is the set of vertices,
and EY is the set of edges.

Let ¢° = {49, i = 1,2,...,Z°} be the set of the
connected components of G°. Then wo C GY and
¢~ (Y) C PY is either one convex hull, or a set of
convex hulls that either intersect or are close. In the
former case ¢~'(¢)) represents one PS, PSY, hence,
PS} = PSY, and P} = Pj. In the latter case, the
PS whose regions (convex hulls) belong to ¢~ (1Y) are
grouped into a larger structure PS}. The region of

A new PS graph G! = (VL EY) = ¢(P!) is
then established, where P! = {P}! = C(PS}), i

1, 2 S K1) The connected components of Gt (¢! =
é I i =1,2,. }S) are then found, leading to the
urther grouplng of This process continues until no
PS can be further grouped. That is, the iteration stops
at Gk = (V*, E*) with E¥ = (). All potential ROIs ob-
tained are analyzed to identify the ROI with the largest
area, which is labeled as R. Figure 2 displays an image
and its extracted manmade object ROL.

3.3 Incorporating lower-level analysis into
higher-level ROI

This section describes the integration process for
incorporating lower-level analysis into the extracted
higher-level ROI. After the extraction of a manmade
ROI, R, we proceed to limit the lower-level analysis
only to R. Let B(xz,y) define the indicator function
that indicates whether the pixel at location (z,y) in

b)ROI

Figure 2: An image and the extracted manmade object
region of interest (ROI).

(a) Image

the input image I(x,y) is a member of R, then the im-
age Ip(z,y) comprised of only the segmented region R
is obtained as: Ip(z,y) = I(z,y) B(x,y).

The image Ig(x,y) is treated by Gabor filters to ex-
tract spatial channel-dependent texture features. Ga-
bor filters have been utilized for texture analysis be-
cause they have optimal joint localization (resolution)
in both the spatial and the spatial frequency do-
mains. The impulse response of an even-symmetric
2-dimensional Gabor filter is expressed as:
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where f(x,y) represents the response at spatial loca-
tions x and y, ug is the frequency of a sinusoidal plane
wave along the X-axis (i.e., the 0° orientation), and
o, and oy are the spreads of the Gaussian envelope
along the X and Y axes, respectively. In the spatial
frequency domain, the above mentioned Gabor filter is
given as:
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where F'(u,v) represents the response at spatial fre-

i =1 = _1
quency locations v and v, o0y = 55— and 0, = roy

are the spreads of the Gaussian envelopes along the U
and V axes, respectively.

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

fmn(m; y)=a "fla""t,a""y), a>1 (4)

where m and n are integers, fi,(z,y) is the rotated
and scaled version of the original filter, a 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 — 1is the current scale index, M is the total
number of scales, and £ and ¢ are the rotated coordi-
nates:

£ =mxcosf +ysinf, j=—xsinf + ycosb (5)
where ¢ = % is the orientation. The scale factor a~

ensures that the filter energy is independent of m. The
\[/alu]es of a, o, and o, are calculated as described in
2, 4].

m



Type Total (T') | Retrieved (R) | Correct (C) | Recall | Precision
(C/T) | (C/R)
Global higher-level analysis only 45 43 36 80.00% | 83.72%
Global lower-level analysis only (without ROT) 45 27 15 33.33% | 55.56%
Global lower-level analysis only (with ROI) 45 46 23 51.11% | 50.00%
Integrated (Refinement) without ROI 45 13 12 26.67% | 92.31%
Integrated (Enhancement) without ROI 45 56 39 86.67% | 69.64%
Integrated (Refinement) with ROI 45 21 18 40.00% | 85.71%
Integrated (Enhancement) with ROI 45 68 41 91.11% | 60.29%

Table 1: Recall and precision obtained by various methods by running a query for the retrieval of imges containing

buildings.

A total of 16 Gabor filters are selected, with 4 filters
in different orientations at 4 different scales, i.e., N =
4, and M = 4. We select U, = 128/2 cycles per
image width, and ; = 16v/2 cycles per image width,
resulting in @ = 2, where U, and U represent the upper
and lower center frequencies of interest, respectively,
of the Gabor filter bank. Given an image Ip(z,y), we
compute

15, (2,y) = F[Zis(u,0) Fpn (u,0)] (6)

where F~1[] represents the inverse Fourier trans-

mn

form, Ip, (x,y) represents the filtered spatial im-
age associated with the spatial frequency channel
Frn(u,v), Fn(u,v) represents the Fourier transform

of frmn(x,y), and Zp(u,v) represents the Fourier trans-
form of the image Ig(z,y). In order to eliminate the
sensitivity of the filters to absolute intensity values, we
set Finn(0,0) = 0.

To reduce the “boundary effect” because of the
segmentation of the ROI, a Gaussian smoothing fil-
ter is applied to all pixels inside the ROI for which
the orthogonal distance between them and the nearest
boundary line of the ROI is within a given threshold.
Due to the localized nature of Gabor filtering, the en-
ergy leakage at the boundary of R is minimized also.
However, to further eliminate energy leakage outside
R, we set

(7)

The 16-dimensional feature vector X is constructed
using the fractional energies in each of the 16 spatial
channels, i.e.,

IABRmn ('737 y) = IAan (x’ y) B(l‘, y)

X = (X0, Xo1, X02, X03; X10, X11, ***, X33)"
where X,,,, the fractional energy at the output of the

filter in the n'" orientation and the m'" scale, is given
as:

Ww-—1 W—-1 329
£ dy=0 2z=0 18R, (2
mn = M1~ N—1 ~W—-1W-1 79
Zm:O Zn:O Zy:O Zm:O IBRmn(m,y)
where W is the width of the image (the input image

. M—1N-1_
is square), and Y " > " Xm, = 1. The feature

space is represented by a unit hypercube.

(®)

4 Results obtained

Experiments were conducted on an image database
consisting of 150 monocular grayscale outdoor images
(512 x 512 pixels) taken from a ground-level camera.
Images in the database were assigned to three different
classes based upon their structural content, viz., im-
ages containing significant structure, images containing
some structure, and images containing minimal struc-
ture. In our database, we have used images of buildings
to denote images containing significant structure.

The feature vectors extracted via the higher-level
analysis were classified using a Bayesian classifier,
whereas the feature vectors extracted using the lower-
level analysis were classified using a nearest-neighbor
classifier. A multivariate Gaussian class-conditional
probability density function was assumed for the
higher-level features, where the mean vector and the
covariance matrix of the density function were obtained
by using maximum likelihood estimation [1, 2]. A total
of 120 images were used for testing, whereas 30 images,
with 10 images in each class, were used for training.

The refinment process was accomplished by tak-
ing the logical “and” of the results obtained from the
higher-level and lower-level analyses modules, i.e., both
modules classify an image to the same class, for fine
tuning. The enhancement process was accomplished
by taking the logical “or” of the results of the two mod-
ules in the sense that at least one module classifies an
image to the desired class.

Table 1 lists the results obtained for a query for
the retrieval of images containing buildings. The first
column shows the type of experiment performed, the
second column shows the total number of images con-
taining structures that are either fully buildings or an
extended visible portion of a building (7'), the third
column shows the images retrieved (R), the fourth col-
umn shows the number of correct images in the set of
images retrieved (C'), the fifth column shows the recall
(C/T), and the last column shows the precision (C/R).
Recall is defined as the fraction of correct images re-
trieved. Precision is defined as the fraction of images
retrieved that are actually correct.

The first row in table 1 shows the recall and pre-
cision obtained by only using the higher-level module.
The second row shows the results obtained by using
only the lower-level analysis, without the extraction of
the manmade object ROL, i.e., the texture features are
computed for the whole image. The third row shows
the results obtained by using only the lower-level anal-
ysis, but confining it to the manmade object ROI. The




fourth and the fifth rows show the results obtained by
integrating the results obtained in the first row and
the second row, for refinement and enhancement, re-
spectively, without using the ROI (whole image). The
sixth and the seventh rows show the results obtained
by integrating the results obtained in the first row and
the third row, for refinement and enhancement, respec-
tively, using the ROI.

The recall and precision obtained by using only the
higher-level analysis module are 80.00% and 83.72%,
respectively. The goal of the paper is to increase them
by using a lower-level analysis module in conjunction
with the higher-level analysis module. However, it
must be noted that generally for a CBIR system either
recall or precision may be improved on the expense of
the other. As seen in the fourth and the fifth rows,
without using the manmade object ROI, refinement
increases the precision to 92.31% at the correspond-
ing reduction in recall (26.67%), whereas enhancement
increases the recall to 86.67% at the reduction of pre-
cision to 69.64%. The sixth and seventh row show that
the use of ROI increases the precision to 85.71% at the
recall of 40.00%, for refinement, and increases the recall
t0 91.11% at the precision of 60.29%, for enhancement.

It must be noted that results indicate that for the
problem of the retrieval of images containing large
manmade objects, the higher-level analysis module
gives good results, and recall and precision individu-
ally may be increased by using a lower-level analysis
module in conjunction with the higher-level analysis
module. The justification of employing the higher-level
analysis module to extract structure to serve queries
regarding the retrieval of images containing manmade
objects is demonstrated in figure 3. The figure shows
some images from the output of a query regarding the
retrieval of images containing buildings using higher-
level analysis.

Figure 3: Some images from the output of a query
regarding the retrieval of images containing buildings
using higher-level analysis.

5 Conclusions

This paper has presented a method for the integra-
tion of global higher-level and global lower-level ap-
proaches in content-based image retrieval for the re-
trieval of images containing large manmade objects.
The goal was to use the lower-level analysis module

to increase the capability of the higher-level analysis
module for queries where the structure exhibited by the
manmade objects was important. Higher-level analysis
was performed by employing the general rules of per-
ceptual grouping process to extract features that signal
the presence of structure in an image. The higher-level
features consisted of “L” and “U” junctions and par-
allel groups. The lower-level analysis was performed
by first extracting a manmade object region of inter-
est using perceptual grouping, and then treating the
pixels in the region with Gabor filters for the extrac-
tion of texture features. The system provided the ca-
pability of performing the lower-level analysis without
confinement to the region of interest, i.e., performing
the lower-level analysis on the whole image. A channel
energy model was employed to extract lower-level fea-
tures that represented the fractional energies in various
spatial channels. The results obtained by the higher-
level analysis module, using a Bayesian classifier, were
treated by the results obtained by the lower-level anal-
ysis module, using a nearest-neighbor classifier, for re-
finement and enhancement to the results obtained by
the higher-level analysis module. The image database
analyzed for serving queries comnsisted of monocular
grayscale outdoor images taken from a ground-level
camera.
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