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Abstract
In this paper we present a study of the compar-

ison of the performance of content-based image re-
trieval systemsbased on structure [1] with thosebased
on histogram and texture analysis methods, where re-
trieval is concerned with locating images containing
manmade objects. The advantageof using structure
in such queries is demonstrated by analyzing an im-
age database containing monocular grayscale outdoor
images taken from a ground-level camera to retrieve
imagescontaining buildings.
Keyw ords { Content-based image retrieval, his-
togram, texture, structure, nearest neighbor classi�er,
Bayesian formulation.

1 In tro duction
Advancesin computing and signal processinghave

enabled researchers to extend the image retrieval
paradigm for multimedia systems. This extension
has brought advances in visual databases, spatial
databases,object-oriented databasesand the interlink-
ageof databasemanagement and arti�cial intelligence
techniques [2].

Our overall motive is to extend the current stage
of content-based imageretrieval (CBIR), which is lim-
ited to the treatment of lower-level imagedescriptions,
such ashistogramsof pixel values[3] and texture anal-
ysis[4]. The histogram and texture analysistechniques
analyze an image at a lower level on a strictly quan-
titativ e basis and are unable to capture higher-level
scenedescriptionsthat relate di�eren t primitiv e image
features with each other. Thesedescriptions will help
in image retrieval where queries are concernedwith
locating imagescontaining manmadeobjects (such as
buildings or architectural objects). Moreover, such de-
scriptions are relatively less sensitive to illumination

� This research was supported in part by the Arm y Research
O�ce under contracts DAAD19-99-1-0012 and DAA G55-98-1-
0230, and by the Texas Higher Education Coordinating Board,
Adv anced Research Pro ject 97-ARP-275.

changesascomparedto lower-level histogram and tex-
ture analysis.

It is known that higher-level semantic knowledge,
exhibited as the structural information in an image,
may be usedas e�ectiv e domain knowledge to isolate
potential regionsof interest comprisedof manmadeob-
jects [5]. In our previous work we have successfully
developed a retrieval methodology basedon structure
that detects the presenceof manmade objects in an
image [1]. In this paper we have undertaken a study
to compare the e�cacy of using structure to the use
of histogram and texture analysis for that purpose.

We extract structure by applying the generalprin-
ciples of perceptual grouping. Perceptual grouping
refers to the human visual abilit y to extract signi�-
cant image relations from lower-level primitiv e image
features without any knowledgeof the image content.
It usessuch conceptsasgrouping by proximit y, similar-
it y, continuation, closure, and symmetry [5] to group
primitiv e image features into meaningful higher-level
image relations.

For the comparisonof the three paradigms,viz., his-
tograms, texture and structure, we develop retrieval
methodologiesfor each of them that query a database
of monocular grayscale outdoor images taken from a
ground-level camera in order to retrieve images that
contain buildings. The organization of the rest of the
paper is as follows: section 2 describes the framework
underlying the formulation of the retrieval methodolo-
gies,section3 outlines the resultsobtained, and �nally ,
section 4 presents the conclusions.

2 Framew ork
We assumethat the image spaceconsists of three

classes, building, non-building, and intermediate,
which are denoted as 
 1, 
 2, and 
 3, respectively.
The intermediate classis addedto account for the fact
that in natural outdoor images,someimagesmay be
ambiguous and, therefore, di�cult to classify even for
human operators, and it is convenient to treat them
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as belonging to a third class.
Each of these three classes,
 1, 
 2, 
 3, has an as-

sociated discriminant function, denoted as g1, g2, and
g3, respectively. Representing an image classi�er in
a canonical form through a set of these discriminant
functions, the classi�er assignsa feature vector X , and
hence, the image from which it is extracted, to class

 i if

gi (X ) > gj (X ); j 6= i; i; j 2 f 1; 2; 3g (1)

where ties are resolved arbitrarily .
In the histogram and texture analysis methods,

classi�cation is performed using a nearest neighbor
classi�er, where the structural analysis is performed
using a classi�er based on Bayesian decision theory.
The development of the methodologies outlining the
formulation of the appropriate discriminant functions
for the three paradigms is described in the next sec-
tions.

Our databaseconsistsof 150 imagesof size 640�
480, with 55 building images,51 non-building images,
and 44 intermediate images. For each of the three
classeswe have employed a total 30 images, with 10
imagesin each of the three classes,as training images
for the individual classi�er. The remaining 120images
are usedfor testing.
2.1 Gra yscale histogram

The normalized grayscalehistogram extracted from
an image is a 256dimensionalvector that is contained
in the histogram spaceSH (represented by a unit hy-
percube), i.e.,

H = (h0; h1; � � � ; h255)t ; hi � 0; 0 � i � 255 (2)

whereH represents the histogram, hi = B i
B T

represents
the normalized value of the i th grayscale, B i repre-
sents the number of pixels corresponding to the i th

grayscale, BT is the total number of pixels in an im-
age,and

P 255
i =0 hi = 1. A histogram is extracted from

each imageof the database. We treat H as the feature
vector X , i.e., X = H.

Imagesare assignedto oneof the three classesusing
the nearest neighbor classi�er. The nearest neighbor
classi�er assignsa pattern histogram (feature vector),
X , to the sameclass
 i , i 2 f 1; 2; 3g, as the training
feature vector nearest in the histogram space,i.e., X
is assignedto that classwhich hasthe highest discrim-
inant value given by equation 1:

� N N (X ) = 
 i if gi (X ) > gj (X ); j 6= i (3)

where � N N (X ) assignsa classlabel to the test feature
vector X , and gk (X ) = � d(X ; X k ), k 2 f 1; 2; 3g, is
a measureof the distance betweenX and the feature

vector X k 2 
 k which is nearestto X for the class
 k .
The distancefunction d(X ; X k ) may be selectedasthe
L 2 norm:

d(X ; X k ) = jjX � X k jj =
p

(X � X k )t (X � X k ) (4)

2.2 Texture
Gabor �lters have been utilized for texture analy-

sis becausethey have optimal joint localization (reso-
lution) in both the spatial and the spatial frequency
domains. For performing texture analysis the size of
each image was adjusted to 512� 512 to achieve com-
putational e�ciency by the use of fast Fourier trans-
form. The impulse responseof an even-symmetrictwo-
dimensional Gabor �lter is expressedas:

f (x; y) =
1

2� � x � y
e

� 1
2 ( x 2

� 2
x

+ y 2

� 2
y

)
cos(2� u0x) (5)

where f (x; y) represents the responseat spatial loca-
tions x and y, u0 is the frequencyof a sinusoidal plane
wave along the X -axis (i.e., the 00 orientation), and
� x and � y are the spreadsof the Gaussian envelope
along the X and Y axes, respectively. In the spatial
frequencydomain the above mentioned Gabor �lter is
given as:

F (u; v) =
1
2

[e
� 1

2 ( ( u � u 0 ) 2

� 2
u

+ v 2

� 2
v

)
+ e

� 1
2 ( ( u + u 0 ) 2

� 2
u

+ v 2

� 2
v

)
] (6)

where F (u; v) represents the response at spatial fre-
quency locations u and v, � u = 1

2� � x
and � v = 1

2� � y

are the spreadsof the Gaussianenvelopesalong the U
and V axes,respectively. The set of self-similar Gabor
�lters is obtained by appropriate rotations and scalings
of f (x; y) through the generating function:

�f mn (x; y) = a� m f ( �x; �y); a � 1 (7)

where �f mn (x; y) is the rotated and scaledversionof the
original �lter, a is the scalefactor, n = 0; 1; � � � ; K � 1
is the current orientation index, K is the total number
of orientations, m = 0; 1; � � � ; S � 1 is the current scale
index, S is the total number of scales,and �x and �y are
the rotated and scaledcoordinates:

�x = a� m (x cos� + y sin � ); �y = a� m (� x sin � + y cos� )
(8)

where � = n�
K is the orientation. The scalefactor a� m

in equation 7 ensuresthat the �lter energyis indepen-
dent of m. Representing the upper and lower center
frequenciesof interest as Uh and Ul respectively, the
following designensuresthat the half-peak magnitude
support of the �lter responsesin the spatial frequency
domain touch each other [4]:

a = (
Uh

Ul
)

1
S � 1 (9)
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� u =
(a � 1)Uh

(a + 1)
p

2ln 2
(10)

� v = tan(
�

2K
)

Uh � (2 ln 2)(� 2
u =Uh )

q
2 ln 2 � (2 ln 2)2(� 2

u =U2
h )

(11)

A total of 16 Gabor �lters are selectedwith 4 �lters in
di�eren t orientations at 4 di�eren t scales,i.e., K = 4,
and S = 4. We select Uh = 128

p
2 cycles per image

width, and Ul = 16
p

2 cyclesper image width, result-
ing in a = 2. Given an image I (x; y), we compute

Î mn (x; y) = F � 1[I (u; v) Fmn (u; v)] (12)

where F � 1[�] represents inverse Fourier trans-
form, Î mn (x; y) represents the �ltered spatial im-
age associated with the spatial frequency channel
Fmn (u; v), Fmn (u; v) represents the Fourier transform
of �f mn (x; y), and I (u; v) represents the Fourier trans-
form of the image I (x; y). In order to eliminate the
sensitivity of the �lters to absolute intensity valueswe
set Fmn (0; 0) = 0. The 16 dimensional feature vector
X is constructed using the fractional energyin each of
the 16 spatial channels, i.e.,

X = (~x00; ~x01; ~x02; ~x03; ~x10; ~x11; � � � ; ~x33)t (13)

where ~xmn is given as:

~xmn =

P M � 1
y=0

P M � 1
x =0 Î 2

mn (x; y)
P S� 1

m =0

P K � 1
n =0

P M � 1
y=0

P M � 1
x =0 Î 2

mn (x; y)
(14)

where M = 512, and
P S� 1

m =0

P K � 1
n =0 ~xmn = 1. The

feature spaceis represented by a unit hypercube. The
feature vectorsextracted from the imagesare classi�ed
using the nearest neighbor classi�er as described in
the previous section, viz., gk (X ) = � d(X ; X k ), k 2
f 1; 2; 3g.
2.3 Structure

Buildings are manmade objects with sharp edges
and straight boundaries. Searching for the highest
level features representing the peripheral shape of a
building may give inaccurate results becauseof the
large search space. However, the presenceof a build-
ing in an image will generate a large number of sig-
ni�can t edges,junctions, parallel lines and groups, in
comparison with an image with predominantly non-
building objects. These structures are generated by
the presenceof corners, windows, doors, boundaries
of the building, etc. These intermediate-level features
exhibit regularity and relationships, and are strong ev-
idenceof structure present in an image.

Straight lines extracted from non-building im-
ages are generally randomly distributed. The pres-
ence of the distinguishing intermediate-level fea-
tures mentioned above follow the \principle of non-
accidentalness" [6] and, therefore,aremore likely to be

generatedby buildings. Hence,thesefeaturescan dis-
criminate betweena building imageand a non-building
image.

We detect the presenceof buildings in an uncon-
strained environment, i.e., with no constraints on
the viewing angle and depth, by extracting these
intermediate-level featuresusing the principles of per-
ceptual grouping. The following featuresare extracted
hierarchically from an image: line segments, longer
linear lines, \L" junctions, \U" junctions, parallel
lines, parallel groups, \signi�c ant" parallel groups.
Perceptual grouping rules of similarit y, continuit y, and
parallelism have been used to extract these features.
The details of the extraction of thesedescriptionsmay
be found in [1].

Someof 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 those lines which are very small.
All other featuresare extracted using theselonger lin-
ear lines. Parallel groupsare obtained by putting con-
straints on the amount of the overlaps of orthogonal
projections of parallel lines and projections along the
X and Y axes, while incorporating di�erences in lo-
cal and intrinsic orientation of the lines. \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.

The feature vector X extracted from each of the
imagesis expressedas:

X = (~x1; ~x2; ~x3)t (15)

where

~x1 =
Lines in \L" junctions

Total # of longer linear lines
(16)

~x2 =
Lines in \U" junctions

Total # of longer linear lines
(17)

~x3 =
Lines in \signi�can t" parallel groups

Total # of longer linear lines
(18)

where ~x i 2 [0; 1], i 2 f 1; 2; 3g, i.e., an imageis mapped
into a feature space bounded by a unit cube. For
minimum-error-rate classi�cation [7] we may set

gi (X ) = ln[P(
 i jX )] (19)

where the a posteriori probabilit y of observing the
class
 i given X , P(
 i jX ), is evaluated by using the
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Class T R C Recall Precision
(C/T) (C/R)

Building 45 51 20 44.44% 39.22%
Non-building 41 51 18 43.90% 35.29% Histogram
Intermediate 34 18 7 20.59% 38.89%

Building 45 27 15 33.33% 55.56%
Non-building 41 42 19 46.34% 45.24% Texture
Intermediate 34 51 11 32.35% 21.57%

Building 45 43 36 80.00% 83.72%
Non-building 41 32 25 60.98% 78.13% Structure
Intermediate 34 45 21 61.76% 46.67%

Table 1: Recall and precision for the three paradigms.

Bayes' rule, which is fundamental in decision theory.
Mathematically it is expressedas [7]:

P(
 i jX ) =
p(X j
 i )P(
 i )

p(X )
(20)

where p(X j
 i ) is the class conditional probabilit y
density function of X w.r.t. the class 
 i , P(
 i ) is
the a priori probabilit y of observing 
 i , p(X ) =
P N

j =1 p(X j
 j )P(
 j ) is the probabilit y density func-
tion of observing X , and N is the number of classes.

We have assumed that p(X j
 i ) is multiv ariate
Gaussian:

p(X j
 i ) =
1

(2� )3=2j� i j1=2
e� 1

2 [( X � � i ) t � � 1
i (X � � i )] (21)

where � i = (� i 1 ; � i 2 ; � i 3 )t is the 3-component mean
vector and � i is the 3 � 3 covariance matrix for the
class 
 i . Parameters � i and � i are estimated using
maximum likelihood estimation [7] from the feature
vectorsextracted from the training images. Therefore,

gi (X ) = � 1
2 ln j� i j � 1

2 [(X � � i )t � � 1
i (X � � i )] +

ln[P(
 i )] � ln[p(X )]
(22)

We assumethat the a priori probabilities of the three
classesare equal. The imagespresent in the database
were speci�cally selected to represent an approxi-
mately equal a priori distribution.

3 Results obtained
We performed two experiments on the databasefor

each of the three paradigms. The �rst experiment
measured recall and precision. Recall is de�ned as
the fraction of the total number of images in a par-
ticular classthat are retrieved correctly by the system
for that class. Precision is de�ned as the fraction of
imagesretrievedthat actually belongto that class. Im-
agesare retrieved by classifying them into one of the

three classesby utilizing their respective discriminant
functions, gi (X )0s.

Recall and precision are shown in Table 1 for the
histogram, texture, and structural analysis, respec-
tiv ely. The �rst column shows the three classes.The
second, third and fourth columns show the number
of images (T) in each of the three classes,the num-
ber of images retrieved (R) in the respective classes,
and the number of correct images (C) in the set of
imagesretrieved, respectively. As is evident from the
table, the recall and precision obtained by histogram
and texture analysisare lower than those obtained by
structural analysis.

The secondexperiment retrieved the best matches
for each of the three classesand measuredthe e�ciency
of the system. The best matches were obtained by
sorting the corresponding values of gi (X ) in descend-
ing order. The number of imagesthat actually belong
to a particular classwithin the best matchesare shown
in rangesof 20 imagesin columns2 - 7 of Table 2. Ef-
�ciency is de�ned as the number of images (O) that
actually belong to a particular classthat are obtained
in the �rst T best matchesfor that class,expressedas
a fraction. These values are shown in columns 8 - 10
of the table. It is observed again that the distribution
of best matches and e�ciency obtained by histogram
and texture analysis are inferior to that obtained by
using structure.

A grayscalehistogram is a global description of an
image and lacks the abilit y to directly relate to spa-
tial locations in the image. Texture deals with the
analysis of an image at local scales,but a wide va-
riety of images in all of the three classesmay have
both smooth textures or rapidly varying textures (e.g.
close-up images of a uniform surface and images of
vegetation would have smooth and rapidly varying
textures, respectively, although both of them belong
to the non-building class). Both histogram and tex-
ture analysis techniques provide a lower-level quan-
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1 2 3 4 5 6 7 8 9 10
Class 1-20 21-40 41-60 61-80 81-100 101-120 T O E�ciency (O/T)

Building 5 9 8 8 6 9 45 17 37.78%
Non-Building 10 8 5 6 7 5 41 18 43.90% Histogram
Intermediate 5 4 7 5 8 5 34 6 17.65%

Building 13 10 8 9 5 - 45 25 55.56%
Non-Building 8 11 6 10 4 2 41 20 48.78% Texture
Intermediate 1 6 6 7 8 6 34 3 8.82%

Building 19 15 8 2 1 - 45 36 80.00%
Non-building 17 12 8 3 1 - 41 29 70.73% Structure
Intermediate 10 9 8 3 3 1 34 17 50.00%

Table 2: Distribution of correct imagesin the best matches,and the e�ciency of the systemfor the three paradigms.

titativ e description of an image. However, buildings
have well-de�ned higher-level spatial relationships ex-
hibited by the lines, corners, junctions and parallel
groups. Therefore, structure readily discriminates a
building image from a non-building image.

Finally, Figure 1 shows someof the imagesretrieved
by the system that are classi�ed as building images
using the structural analysis. As seenfrom the �gure,
the results encompassretrieved building images in a
wide variety of viewing anglesand depths.

4 Conclusions
With recent advances in computing technology

content-based image retrieval systems are becoming
increasingly useful and desirable. Current techniques
in image retrieval do not analyzean image for the ex-
traction of higher-level semantic featuresthat describe
the structural content of an image. We have shown
that the extraction of semantic featuresdescribing the
structural content of an image provides an advantage
over histogram and texture analysis in methodologies
whereretrieval is basedupon the presenceof manmade
objects in an image. Structure wasextracted by apply-
ing the principles of perceptualgrouping. Weanalyzed
an image databaseconsisting of monocular grayscale
outdoor images taken from a ground-level camera to
retrieve building imagesand comparedthe results ob-
tained by histogram, texture and structural analysis.
The judicious use of domain knowledge exhibited in
the form of structure has helped us to achieve higher
retrieval performance.
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