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Abstract

This paper presents an application of perceptual
grouping rules for content-baseal image retrieval. The
semantic interr elationships between di er ent primitive
image features are exploited by perceptual grouping to
detect the presene of manmadestructures. A methad-
ology baseal on these principles in a Bayesian frame-
work for the retrieval of building images, and the re-
sults obtained are presenta&. The image datatase con-
sists of monocular grays@le outdoor imagestaken from
a ground-level camera.

1 Intro duction

With recent dewvelopmerts in multimedia, content-
basedimageretrieval (CBIR) is becomingincreasingly
important in visual information managemen systems.
Researt is underway on CBIR systemsthat can re-
trieve imagesin an unconstrained ervironment. How-
ever, generalsolutions to the key problems relating to
regionsof interest, segmeiation, and retrieval are still
being sought [1].

In this paper, we have applied perceptual group-
ing principles for image retrieval. Perceptual grouping
refersto the human visual ability to extract signi cant
imagerelations from low-level primitiv e image features
without prior knowledge of the image content [2]. We
illustrate the e cacy of our idea by applying the gen-
eral rules of perceptual grouping to an image database
consisting of still monocular grayscale outdoor images
taken from a ground-level camerain order to retrieve
imagesthat contain buildings.

The human visual system can detect many classes
of patterns and statistically signi cant arrangemerns of
image elemens. Gestalt psydologists have obsened
the tendency of the human visual systemto perceiwe
con gur ational wholes with rules that govern the uni-
formity of psydological grouping for perception and
recognition, as opposedto recognition by analysis of
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discrete primitiv e image features. The grouping prin-
ciplesproposedby Gestalt psydologistsembodied such
concepts as grouping by proximity, similarity, con-
tinuation, closure, and symmetry [3]. The grouping
of low-level features provides a higher-level structure.
Thesehigher-level structures may be further combined
to yield another level of higher-level structures. The
processmay be repeated untii a meaningful seman-
tic represenation is achieved that may be usedby a
higher-level reasoningprocess.

A number of techniques have beenproposedfor the
application of perceptual grouping principles to solve
practical computer vision problems [2, 3, 4, 5, 6, 7].
A collection of current techniques for the detection of
manmade objects, including buildings, may be found
in [8]. Building detection using perceptual grouping is
an emergingareaof the application of the Gestalt laws
of psychology to computer vision. Generic models are
usedto locate buildings in the images[9, 10]. Detec-
tion of buildings in aerial imagesusing the principles
of stereovision has also beeninvestigated [11].

Computer vision imposesunique requiremerts on
the represenation and manipulation of imagedata and
knowledge[12]. At the lowestlevel of a computer vision
system, an image may be interpreted purely as num-
bers. At the highest level, the semariic information
preseried by the imagemay beinterpreted asa seman-
tic world model that provides the nal understanding
of the scene. Consequetly, the image metadata ex-
tracted by the current techniquesin CBIR falls into
two broad categories: view-kasal and model-kase.

Current view-basedretrieval techniquesanalyzeim-
agemetadata at a lower level on a strictly quartitativ e
basisfor color, intensity, contrast and texture features.
A survey of the current techniques used for CBIR is
preseried in [13]. One of the earliest techniques for
glokal image similarity was to use a color histogram
[14]. Sewral modi cations have beensuggestedo this
approac. Analysesof local image properties using tex-
ture orientation [15], multiscale Gaussianderivative |-
ters [16], Gabor lters [17] and wavelet transforms [18]
have also been used. User-de ned queries, comprised



of color, texture, and user-supplied shape models to
match with imagesin a databasehave beentreated in
[19, 20, 21, 22, 23).

Model-basedretrieval, which usesextracted image
metadata to de ne the model properties, constructs
a 3D CAD model of the manmade object of interest.
Model-basedtechniques extract semartic information.
Thesetechniquesrequire a priori knowledgeabout the
shape of objects (object models), which is usedto pre-
dict image features, for matching to features in the
imageor in a transformed feature space. Segmeration
of an imageto obtain di erent regions,followed by the
analysisof their structural information to recognizethe
desiredmodel, is a top-down approac. Automatic seg-
mentation and recognition of objects via object mod-
elsisadicult step. Consequetly, imageretrieval us-
ing recognition of similar objects is usedlessfrequertly
than view-basedapproaces.

At the lowest level of computer vision, potentially
usefulimageeverts suth asedgesand line segmeits can
be extracted from an image without any knowledge of
the image content. In an unconstrained environment,
without the knowledge of the viewing angle and the
depth information, a bottom-up approac appears to
be more promising for the extraction of semartic infor-
mation. What the bottom-up approadc suggestsis to
start from the lower-level primitiv e image featuresand
hierarchically group them into higher-level structures
accordingto the principles of perceptual grouping. We
usethis approad for the retrieval of building images.

Current view-basedtechniques may not be suitable
for our task, as mertioned before, they analyze im-
agemetadata at a lower level on a strictly quartitativ e
basisfor color, intensity and texture features. The cur-
rent techniquesare unableto extract semaric informa-
tion that describesthe structural interrelationships of
di erent primitiv e image featureswith ead other at a
higher level in a manmadestructure such asa building.

Due to the diculties in automatic segmemation,
resulting in inaccurate model extraction, the top-down
approac embodied by current model-basedtechniques
also may not be feasible. Lack of viewing angle and
depth information precludesthe estimation of the 3D
projection of a building as a specic 2D structure in
the image plane. In addition, there is no well-de ned
(rigid) peripheral shape represettation of a building in
ground-level imagesasi it is governed by architecture.
Unless the model databaseis large enough to incor-
porate a large number of views, the results may be
inaccurate. Additional complexity may be imposedby
the number of buildings presern in the image, occlu-
sion, and lack of a priori information about the scene
for model matching.

It may be obsened that the work mertioned above
relating to detection (localization) of buildings us-
ing perceptual grouping has utilized aerial images
[9, 10, 11], whereaswe have used imagestaken from
ground-level Moreover, retrieval of building imagesin
a CBIR framework has not beentreated so far using

either aerial or ground-level images. The only work
related to this task is preseried in [15], where orienta-
tion of texture hasbeenusedto sort photos and classify
them as\cit y or suburb" scenes.

The organization of the rest of the paper is as fol-
lows: section 2 outlines the identi cation of saliert
features extracted by perceptual grouping, section 3
preseris a Bayesian framework for utilizing these fea-
tures for decision-making,section4 preseris the results
obtained, and, nally, section 5 presens the conclu-
sions.
from

2 Extracting salient information

the images

This section focuses on the dewelopmen of the
methodology for the extraction of saliert information
from an image via perceptual grouping.

Buildings are manmade objects with sharp edges
and straight boundaries. Searding for the highest-lewel
featuresrepreseting the peripheral shape of a building
may give inaccurate results becauseof the large seard
space.However, the presenceof a building in an image
will generatea large number of signi cant edges,junc-
tions, parallel lines and groups, in comparisonwith an
imagewith predominantly non-building objects. These
structures are generated by the presenceof corners,
windows, doors, boundariesof the building, etc. These
intermediate-level features exhibit regularity and rela-
tionships, and are strong evidenceof structure presert
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-
accidenalness” [3] and, therefore, are more likely to
be generatedby buildings. Hence, these features can
be consideredto be the discriminating criteria between
a building image and a non-building image.

To detect the presence of buildings from the
intermediate-level features using the principles of per-
ceptual grouping, the following features are extracted
hierarchically from an image: straight line segments
longer linear lines, \L" junctions, \U" junctions, par-
allel lines, parallel groups \signi ¢ ant" parallel groups

2.1 Extraction of straigh t line segments

Burns' straight lines detector [24] has beenusedto
extract straight line segmems. To eliminate low con-
trast line segmets, the edgestrength assaiated with
a segmet is examined and only those segmetts which
meet the following criteria are retained

E(Li) > e 1)

where E() represens the ratio of the edge strength
assciated with a segmem L; to the maximum edge
strength in the image, and . is a threshold. Edge
strength is calculated as the average gradient magni-
tude in the support region bounded by the segmen.



2.2 Extraction of longer linear lines

In practice, the straight line segmes obtained from
the Burns' operator are fragmerted and should be
grouped together to obtain longer linear lines at a
higher granularity level. The distinction between the
terms \line segmeis” and \lines" will be made on the
basis that a line is obtained by grouping these frag-
mernted line segmetts.

The symmetric orthogonally elongated region of
width 2 , with a line segmen L, as the medial axis
(gure 1a)is seardhedto collect a set of segmetts, S; e
(which includes the original segmen denoted as base
segmentalso), that arereplacedby a representativeline
L, provided the following conditions are satis ed

@)

A(LpLi) < a (2)
maxfD o(Lp; €, ); Do(Lb;&,)9< n (3)
(b) either
D(e;g)< n (4)
or
#(' L, (Li);Lj)>0 %)

where L denotesthe basesegmen, L; and L; denote
any two segmerts in S;e, A() denotesthe absolute
value of the smaller angle in radians betweenthe two
segmets, and , is athreshold. In the above equations
e and g are the end-points of the segmens L; and
L;, respectively, (e, and e, are the two end-points
of the segmen L;), Do() is the orthogonal distance
of an end-point to a segmem, and D( ) represetts the
distance betweenthose end-points of L; and L; which
are nearer to ead other. In the last equation' |, (L;)
is the orthogonal projection of L; onto L;, and #()
outputs the length of the overlap betweenany two lines.

Equations 2 and 3 ensurethat all segmets in S;e
are approximately collinear to L. Equations 4 and 5
require that any segmen in S;e must be either close
to (end-points fall in a circular neighborhood of radius

n), or overlap at least one other segmen in S;¢, re-
spectively, to ensurecontinuity .

To x the line L, we needone point through which
it passeg(we calculate the mid-point of L), its orien-
tation, and its length. The mid-point and orientation
of L, are obtained asthe weighted averageof the mid-
points and the orientations of all line segmets in the
set St e, respectively. The weights are determined us-
ing the lengths of the segmers. To obtain the length
of L, the end-points of all segmets in S;, are orthog-
onally projected onto L., and the two farthest points
are taken asthe end-points of L, [5].

The processis continued until no merging occurs.
Termination of the processis guararteed after a nite
number of lines, as there are a nite number of line
segmetts and their number decreasesafter ead iter-
ation. Next, all lines obtained are analyzed and only
those lines meeting the following criteria are retained

L(Li)> (6)

where L () outputs the length and | is a threshold.
Theselines are referred to asthe \retained lines".
2.3 Extraction of \L" junctions

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. \L"
junctions are formed by those coterminations which
have an internal angle closeto » radians. Thesejunc-
tions are strong evidenceof saliert cornersin an image
and, hence, indicators of a manmade structure that
may be attributed to a building. Each pair of lines
fLi;L;g, wherei & j, in an\L" junction satis es the
following conditions

D(e;g) < n ()

> A(Li;Lj) < 1a (8)
where |, is a threshold. Equation 8 requiresthat the
angle formed by L; and L; be within a threshold |,
from 5. In an oblique view the angle enclosedby an
\L" junction may be far from . Relaxation of the
value of |, canaccommalate an oblique viewing angle.
2.4 Extraction of \U" junctions

A \U" junction is formed by the alignment of two
\L" junctions. \U" junctions are generatedby regular
manmade structures such as windows and doors in a
building, and their presencein an image is a strong
indication of the presenceof a building. Two type of
\U" junctions are possible: (1) those \U" junctions
which have a commonline betweenthe \L" junctions,
and (2) those which do not have a common line. For
the rst case,the direction in which the \non-common"
lines \p oint" should be approximately similar for the
two \L" junctions to constitute a valid \U" junction
(gure 1b).

For the secondcase,two \L" junctions are grouped
together to form a\U" junction if they satisfy

@)

A(L11;Ly) < ua 9)
A('—Zl;Lur) < ua (10)
(b) either
D(e11;€21) < 24 (11)
or
#(' L (L11);L21)> 0 (12)

(c) L2 and Ly, point in approximately similar di-
rection.

where L1; and L, are the lines in the two \L" junc-
tions which are perceivedto be\p ointing" towards ead
other (gure 1c), L1, and Ly, arethe two \other" lines
in the \L" junctions, L, is a representative line ob-
tained by joining the mid-points of the internal end-
points of the lines forming the \L" junctions, and ,
is a threshold.



Equations 9 and 10 imply that the anglesbetween

Ly and L4, and L, and L,; should be less than
va to ensurea valid \U" junction. The threshold in

equation 11 may be setto any value closeto but greater
than , (in section 2.2). If this threshold is set less
than or equalto ,, then no groupings from disjoint
\L" junctions, with their end-points falling in a small
neighborhood, may be possibleas L1 and Lp; may
already have been grouped together to form a larger
collinear line. We have chosenthe threshold valueto be
2 , for corvenience. If this condition is not satis ed,
then equation 12 examinesthe lines L1; and L, to
seeif there is overlap betweenthem to constitute valid
lines for a possible\U" junction. If morethan one\L"
junction ful lls all of the above criteria for a particular
target \L" junction, then the \L" junction for which
the length of L, is the smallestis matched with the
target \L" junction.

It should be noted that a \U" junction resulting
from an\L" junction and a\single" line is not possible.
This is due to the fact that if the singleline is closeto
oneof the linesof an\L" junction, then that singleline
already forms a valid \L" junction with the line in the
\L" junction closeto it. Hence,only combinations of
\L" junctions yield the desired\U" junctions.

2.5 Extraction of parallel lines

All \retained" lines are seartied to extract sets of
parallel lines. A setis collected by picking a baseline
Ly in the image and nding all lines that satisfy

A(Lp;Li) < a (13)

whereL; is a line other than Ly and ; is a threshold.
The parallel lines obtained are grouped into clusters of
similar orientations to avoid a brute-force seard in the
detection of parallel groups.
2.6 Extraction of parallel groups

Parallel groups are obtained by grouping those par-
allel lines which signi cantly overlap ead other. The
overlapping is determined by orthogonal projection.
Howevwer, certain groupings of parallel lines that have
intrinsic orientation dierent from their local orienta-
tion may not be grouped together (gure 1d). We em-
ploy a generalprocedurefor extracting parallel groups
that alsoaccourts for the di erence in the intrinsic and
local orientations of lines [2]. A parallel group is a set
2, which
satis es the following conditions, which state that for
ead line L; 2 Sy, there existsa line Lj 2 Spy, where
i 6 j,sud that

(@) L;j and L; have\similar" lengths,i.e.,

L)~ P =

where 4, is athreshold. (L; is assumedto be shorter
in length than L;, here, and in the subsequehn) The
threshold g, may be relaxed to accommalate a pos-
sible oblique view.

(b) L; and L; are \r elatively" closg i.e.,

D (€mid ; ; €mid ; )
Lavg(l—i;l-j) pa2
where enig ; and eyjq; are the mid-points of L; and L
respectively, Lavg( ) denotesthe averagelength of the
two lines, and pg, is a threshold.

(c) Li andL; have\su cient overlap"in one of the
three projections, i.e.,

#(I Yaxis (L|)’I Yaxls (L])) >

(15)

L( vae (Li)) Pgs (16)
#( Li);" X (Lj
( XaXLIS(‘(x) (XLi))( ) Pgs (17)
#(' L, (Li)sLy)
ey e (18)

whereYais and Xagis represen the Y -axis and the X -
axis of an image, respectively, and g, is a threshold.
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Figure 1: Visualization of someof the groupings. (a)
Longer linear line (b) \U" junction (c) \U" junction
(d) Parallel groups.
2.7 Extraction
groups

Not all of the parallel groups obtained in the last
sectionmay be constituted as\signi can t", sincesome
of them may be generated by structures other than
the sharp corner edgesgenerated by windows, doors,
etc., in a building. Therefore, the following criteria is
adopted to identify signi cant parallel groups

(a) at least one line in the parallel group is enclosel
by an\L" or a\U" junction.

(b) either

of \signican t" parallel

A(Li; Yaxis ) < spga (19)
or

A(Li; Xaxis ) < spga (20)
where L; is any line in a parallel group and spga is
a threshold. The threshold 5 (in section 2.3) accom-
modates an oblique viewing angle in (a). Equations
19 and 20 provide a control on the obliqguenessof the
viewing angle. The threshold 5,32 may be set equal
to ; radiansto allow parallel groupsin any orientation
(viewing angle).



2.8 Feature extraction
In the generalform, the feature vector extracted is
expressedas

X = (X1;X2;X3)" (21)
where
linesin \L" junctions
= 22
X1 Total # of \retained" lines (22)
linesin \U" junctions
= . . 23
X2 Total # of \retained" lines (23)
Xs = lines in \signi can t" parallel groups (24)

Total # of \retained" lines

The numeratorsin equations22, 23 and 24 are normal-
ized by the number of \retained" lines to ensure fair
comparison betweenimages. Common lines in the re-
spective calculations of x1, X, and x3 are only cournted
once.

As evidert, x; 2 [0;1], wherei 2 f1;2;3g, i.e., an
image is mapped into a feature spacebounded by a
cube that has an edgeof length 1. The feature vector
X represeits the coordinates of the mapped image in
this space.In our experiments X is obtained by using
the threshold valuesshown in table 1. The anglesare
displayed in degrees.Thesethresholds valuesare kept
constart for the generation of the results preserted in
section 4.

a

e n la
01| %° 5 10 30°

ua P94 P9, P93 spga
3° | 05| 25| 05| 3

Table 1: Values of thresholds used for generating the
results.

We have striven to dewvelop a system with no con-
straints on the viewing angle or depth. In the absence
of any knowledge of thesetwo fundamertal quartities,
we believe that the empirical selection of the above
parameters is justi ed, and that the threshold values
shown in table 1 may be treated as constantsinstead of
variable parameters. Moreover, since these values are
applied constartly to all imagesin the database, all
images are equally a ected. These values were care-
fully chosento accommadate a wide variety of viewing
anglesand depths.

3 Bayesian framew ork for
building images

This section focuseson the treatment of extracted
feature vectorsin a Bayesianframework.
3.1 Image acquisition

The 150imagesin our databasewere acquired using
Sory's Digital Mavica camera. They included a wide
variety of building and non-building images. The 640
480 color imageswere converted to grayscaleby using
the XV program. Figure 2 shows someof the images
in the database.

retrieving

3.2 Bayesian form ulation of the approac h
Bayes'rule is fundamental in decisiontheory. Math-
ematically it is expressedas [25]

pXj P( i)
p(X)

where X = (X1;X2;X3)! is an extracted feature vector,
P( ijX) is the a posteriori probability of observing
the class  given X, p(Xj ;) is the classconditional
probability density function of X w.r.t. the class j,
P( i)is thqaa priori probability of observingthe class

i, p(X) = szl p(Xj ;)P ( ;) isthe probability den-
sity function of observing X, and N is the number of
classes.

3.21

We assumethat the image space consists of three
classes, building, non-building, and intermediate,
which aredenotedas 1, 2,and 3, respectively. The
intermediate classis addedto accourt for the fact that
somenatural outdoor imagesare too ambiguousto re-
liably classify as either building or non-building, even
for human operators.

Our represenation of the imageswhich pertain to
theseclassess better served by the following example.
In gure 2 the sixth image in the rst row and the
secondimagein the secondrow belongto the building
class. The rst and the secondimagesin the rst row
belongto the non-building class. The last imagein the
rst row and the fourth image in the secondrow are
examplesof the imagesin the intermediate class.

3.2.2 Discriminan t functions

Each of the above mentioned three classeshasan asso-
ciated discriminant function denotedasg;, 9., and gs,
respectively. Let X denote a feature vector extracted
from an image K. Represeting the system as classi-
er in a canonical form through the set of thesethree
discriminant functions, the classi er classies X and,
hence,K , to the class  if

P( iiX)= (25)

Iden ti cation of classes

g(X)>g(X);, i6j;ij2f1,2,3g  (26)
For minimum-error-rate classi cation [25] we may set
i (X) = log[P( ijX)] (27)
3.2.3 Estimation of gi(X)
We assumethat p(X| i) is multivariate Gaussian
l 1 t 1
Xi i) = 1 (G S D AT O D) B()
p( J I) (2 )3:2j ijl:ze (8)
where | = ( i,; i,; iy)' is the 3-componert mean
vectorand ;isthe 3 3covariancematrix. Therefore,
g (X) is given as
G(X) = 3logj ij (X D' MX )1+
log[P( )]  loglp(X)]

(29)



Figure 2: Someof the imagesin the database.

3.2.4 Training

A total of 30training imageswere used(20% of the im-
age set) with 10 training imagesfor eat of the three
classes. The remaining 120 images (80%) were used
for testing. The feature vector, X, wherei 2 f1;2; 3g,
(designated here with the subscript i to denote its
class), is extracted from these training images. The
parameters ; and ; are estimated using maximum
likelihood estimation [25], i.e.,

images - Parameter estimation

i = E[Xi] (30)

i = E[(Xi DX )1 (31)
where E( ) is the expectation operator.

4 Results obtained

This section describesthe results of the two experi-
ments performed on the database. In generatingthese
results we have assumedthat the a priori probabilities
P( i)'s are equal. The imagespresert in the database
werespeci cally selectedto represern an approximately
equal a priori distribution. The databasecontains 150
images, of which 55 are building images, 51 are non-
building images,and 44 are intermediate images. Im-
agesusedin the training phasewere not usedin either
experimert.

The rst experiment measuredthe recall and the
precision. Recall is de ned as the fraction of the to-
tal number of building imagesthat are retrieved cor-
rectly by the system. Precision is de ned as the frac-
tion of imagesretrieved that are actually building im-
ages.In this experimernt the term log[p(X)] in equation
29 may be ignored, hence,g(X) = logj ij (X

Db X D).

Some of the images retrieved by the system that
are classi ed as building images are shavn in gure
3. Recall and precision are showvn in table 2. The
rst column shaws the three classes.The second,third
and fourth columns shonv the number of images (T)
in eath of the three classesthe number of imagesre-
trieved (R) in the respective classes,and the number
of correct images (C) in the set of images retrieved,

Figure 3: Someof the building imagesretrieved.

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

1 45| 431 36 | 80.00% | 83.72%

5 41| 32| 25| 60.98% | 78.13%

3 34| 45] 21| 61.76% | 46.67%

Table 2: Recall and precision.

respectively. The systemretrieved a set of 43 images
as buildings images. Of these, 36 imageswere actually
building images. Therefore, the system has a recall of
80% (36/45), and a precision of 83.72%(36/43) for the
building class. Similarly, values of recall and precision
for the other two classesare also shown in table 2.

In the secondexperimert the \b est matches" for the
three classeswere retrieved. Imageswere sorted in de-
scending order on the corresponding value of g;(X),
(log[p(X)] in equation 29 cannot be ignored now),
hence,gi(X) = 3logj ij 3(X i)' ;X )
log[ j3:1 ; j:]!-1=2e Hx )t j H(x j)]].

The best matchesare analyzedin table 3. The rst
column shaws the three classes.The number of images
that actually belong to a particular class within the




1 2 3 4 5 I 819 10
Class| 1-20 | 21-40| 41-60| 61-80 | 81-100| 100-120| T | M | Eciency (M/T)
1 19 15 8 2 - 45| 36 80.00%

2 17 12 8 3 - 41 | 29 70.73%
3 10 9 8 3 1 34| 17 50.00%

Table 3: Distribution of correct imagesin the \b est matches", and the e ciency of the system.

best matches are shown in rangesof 20 imagesin 2™
- 7™ columns of the table. E ciency is de ned asthe
number of images(M) that actually belongto a partic-
ular classthat are obtained in the rst T best matches
for that class, exEresseda fraction. These values are
shown in 8" - 10" columns of the table.

5 Conclusions

This paper has preseried perceptual grouping as
an e ectiv e tool in the content-based image retrieval
framework for the retrieval of imagesbasedon the se-
mantic interrelationships of di erent primitiv e image
features. A methodology for the application of the
perceptual grouping rules for the retrieval of building
images from a database of still monocular grayscale
outdoor imagesis illustrated to serwe as an example.
The imageswere taken from a ground-level camera.

The system analyzed ead of the imagesto extract
features that were strong evidence of the presenceof
buildings. These features are generatedby the strong
boundariestypical of the di erent structures that com-
prise the building. The features, which are specic
shapesof corners,junctions and parallels, are obtained
by perceptual grouping of primitiv e image features, by
bottom-up processing.A Bayesianframework analyzed
these features and retrieved imageswhich it perceived
to be building images. Results obtained are encourag-
ing for pursuing future work in applying higher-level
semartic knowledgefor image retrieval.
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