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Abstract

This paper applies perceptual grouping rules to the retrieval by classi cation of images containing
largemanmadeobjects suchas buildings, towers, bridges,and other architectural objects. The seman-
tic interr elationships between primitive image features are exploited by perceptual grouping to extract
structure to detect the presene of manmadeobjects. Segmentation and detailed object representation
are not required. The systemanalyzeseach image to extract featuresthat are strong evidene of the
presene of theseobjects. Thesefeatures are geneated by the strong boundaries typical of manmade
structures: straight line sggments, longer linear lines, coterminations, \L" junctions, \U" junctions,
parallel lines, parallel groups, \signi ¢ ant" parallel groups, cotermination graph, and polygons. A
K nearest neightor framework is employel to classify these features and retrieve the images that

contain manmadeobjects. Resultsare demonstmated for two datatasesof monaocular outdoor images.
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1 Intro duction

Computer vision imposesunigque requiremerts on the represertation and manipulation of image data
and knowledge[1]. Lower-level approadesanalyzeanimageon a strictly quartitativ e basisfor color,
intensity, contrast and texture features. Higher-level techniques extract semaric information that
may be usedby a higher-level reasoningprocess[2]. The objective of this researd is to dewvelop and
apply computer vision methods of higher-level image analysisto imageretrieval by classi cation. In
this paper, we dewelop a framework that exploits the image structure that represerts large manmade
objects (e.g. buildings, towers, bridges and other architectural objects) for the retrieval of images
from a database. We have applied perceptual grouping principles for structure extraction for image
retrieval.

The human visual system can detect many classesof patterns and statistically signi cant ar-
rangemens of image elemens. Perceptual grouping refers to the human visual ability to extract
signi cant image relations from low-level primitiv e image features without prior knowledge of the
image content [2]. Researt in perceptual grouping was started in 1920'sby the Gestalt psydol-
ogists, whose goal was to discover the underlying principle that would unify the various grouping
phenomenaof human perception. The word Gestalt means\whole" or \con guration”. Gestalt
psydologists obsened the tendency of the human visual systemto perceive con gurational wholes,
with rules that govern the uniformity of psydological grouping for perception and recognition, as
opposedto recognition by analysis of discrete primitiv e image features. The grouping principles
proposed by Gestalt psydologists embodied such concepts as grouping by proximity, similarity ,
continuation, closure, and symmetry [3].

Perceptual grouping of low-level image descriptions provides a higher-level structure. These
higher-level structures can be further combined to yield another level of higher-level structures.
The processmay be repeated until a meaningful represeration is achieved that can be usedby a
higher-level reasoningprocess[4]. It is believed that the human visual system performs a similar
hierarchical structuring of lower-level image featuresinto higher-level represenations.

The nal structure obtained after grouping all lower level features to a higher-lewvel structure
will represen the shape of an object in an image. A precise model of the object may be still
required for recognition. Interestingly, a decision regarding the presene of manmade objects may
be madewithout the needto localize or recognizea speci ¢ object. Recognition of a particular object
requiresmore knowledgeabout object properties. In our approach, segmemation and detailed object
represeration are not required.

We illustrate the e cacy of our idea by applying the general rules of perceptual grouping to
two image databasesof monocular outdoor imagesto retrieve imagescontaining manmade objects.

To detect the presenceof manmade objects from primitiv e image features using the principles of



perceptual grouping, the following features are extracted hierarchically from an image: straight line
segments longer linear lines, coterminations, \L" junctions, \U" junctions, parallel lines, parallel
groups \signi ¢ ant" parallel groups cotermination graph and polygons The presenceof these dis-
tinguishing featuresin an image follows the \principle of non-acciderialness” [3, 5] and, therefore,
is more likely to be generatedby manmade objects. Hence,these features can be consideredto be
the discriminating criteria betweenimagesthat contain signi cant manmadeobjects and those that
do not.

A 3-dimensional feature vector is extracted from these features. The feature spaceis assumed
to be partitioned into three classes:imagescontaining signi cant structure exhibited by manmade
objects, images containing none, and images cortaining intermediate-level structure. We analyze
two databasescontaining color imagesof monocular outdoor scenes,using a K nearest neighbor
sthemeto classify the images.

The rest of the paper is organized as follows: section 1.1 presens the current image retrieval
paradigms, section 1.2 describes previous work in the application of perceptual grouping, section
2 explains the extraction of structure via perceptual grouping, section 3 summarizesthe statistics
generatedand the feature vector extracted, section4 outlines the results obtained, and nally , section

5 preserts the conclusions.

1.1 Paradigms in image retriev al: model-based and view-based

Recognizing objects in a sceneis a primary task of computer vision. The ability to extract and
describe distinct 3D objects in a complexsceneis crucial for imageunderstanding. Broadly speaking,
we can classify objects in a natural sceneinto two types: manmadeand natural objects. Computer
perception of manmade objects in outdoor sceness a challenging task due to the presenceof both
manmadeand natural objects. Natural objects, sucth astreesand other vegetation, rivers, rocks and
clouds, coexist with manmade objects and are unspeci ed; their appearanceis unpredictable. Very
few objects have compact shape descriptions, and it is dicult to establish complete boundaries
betweenthe objects of interest and the badground objects [6]. The complexity of this task depends
on many factors, such asthe number and complexity of objects, the number of objects in the model
database,and the amount of a priori information about the scene.

Current techniquesin image retrieval fall into two broad categories: model-lasal and view-tase.
While view-basedtechniques are basedon recognition of similar visual attributes such as color and
texture, model-basedtechniquesretrieve imagesbasedon shape, which requires segmetation of the
image into objects. The segmeted objects are described by meansof a 3D or 2D CAD model that
outlines the interrelations between primitiv e geometric image features such as lines, vertices and

ellipses. Extracted image featuresare usedto de ne the model properties and construct a 3D CAD



model of a manmadeobject of interest [7]. Model-basedapproacesare generally usedfor manmade
object recognition. Manmade objects are generally rigid, therefore these models can adequately
de ne their shape descriptions. However, the model-basedapproad is limited by the lack of 3D or
2D represenation of natural objects. Model-basedtechniques extract semartic information. They
require a priori knowledge about the shape of objects (object models), which is usedto predict
image features for matching to featuresin the image or in a transformed feature space.

Segmetmation of an imageto obtain di erent regions,followed by the analysis of their structural
information to recognize the desired model, is a top-down approach. Automatic segmemation and
recognition of objects via object models is a dicult task. The quality of segmemation directly
a ects the performance of an image retrieval system, which tends to classify image similarity on
the basis of similar objects. The complexity arisesout of the dicult y in establishing complete
boundariesbetweenobjects of interestsin natural scenesand the fact that very few natural objects
have compact shape descriptions [6]. Consequetly, image retrieval using model-basedrecognition
is usedlessfrequertly than view-basedapproades.

View-basedapproadcestend to characterize what is really obsened in an image instead of mak-
ing someunderlying assumptionsabout the CAD represetations of the objects. These techniques
inherently exploit the color / intensity or luminance information in the image, as the shape de-
scriptions of the objects by 3D models are not available. The basic idea is to usecolor / intensity
information, which doesnot depend on the geometric features of the objects. Current view-based
retrieval techniques analyze image data at a lower level on a strictly quantitativ e basis for color,
intensity, contrast and texture features[8, 9, 10, 11, 12, 13].

As stated above, model-basedtechniquesfor shape determination and recognition of 3-D objects
[14, 15] and segmetmation [16] are usedlessfrequertly for imageretrieval. Until a complete solution
to the segmemation problem is found, image retrieval systemsmust assumesomesort of automatic
or semiautomatic segmetation. Input in the form of user-de ned, manually segmeted regions
[17], automatically segmeited objects and editing [18] aids the processof image retrieval. Spatial
interrelations betweenobjects presert in an image, represerted as a spatial-orientation graph [19] or
a 2D string structure [18, 20] summarizing the spatial content of an image in an iconic form, have
also beenused. User-drawvn sketches are also usedfor image retrieval. These sketchesare usedas
elastically deformable templates to de ne object shape similarity for shape matching [21].

Our approad is model-based;we seard for regular features (models) merntioned in the intro duc-
tion using perceptual grouping to identify the presenceof manmadeobjects. Howewer, our approac
is bottom-up, as opposedto top-down, since we generatehigher-level structures from primitiv e im-
agefeaturesvia a hierarchical grouping process.In our approac, segmetation and detailed object

represeration are not required.



Many researt groups are actively pursuing content-based indexing, storage and retrieval of im-
ages. Somesystemshave already beenbuilt which provide content-based imageretrieval [17, 22, 23,
24]. These systemsrequire user interaction, which emphasizesshape, color, and texture featuresto

build queries. For a survey on the content-based accessof images,refer to [25)].

1.2 Previous work in perceptual grouping

To discover and describe structure, the human visual systemusesa wide array of perceptual group-
ing medanisms. Theserange from the relatively low-level medanismsthat underlie the simplest
principles of grouping and segregation,to relatively high-level mecanismsin which complexlearned
assaiations guidethe discovery of structure. Perceptual grouping generallyresultsin highly compact
represerations of images,facilitating later processing,storage, and retrieval [26].

The importance of perceptual grouping for recognition cannot be overemphasized.In the absence
of information for perceptual grouping, it is dicult 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 elemerts of signi cant collinearity, end point proximity, parallelism and symmetry
were removed demonstrated the di cult y perceived by humans subjects in recognizingthe objects
[3]. With the addition of an elemen at a key location, the human subjects were able to perceive
the line drawings with remarkable ease. Presumably, if the added elemert had been placed at
somelocation that did not lend itself to perceptual grouping, the changein recognition times would
have been negligible. The ability to inuence recognition times by controlling the formation of
perceptual grouping illustrates the seard-basednature of this process,and it hasbeenhypothesized
that perceptual grouping can be a key elemert in seard spaceand recognition time reduction.

Many computer vision systemsimplicitly use someaspects of processingthat can be directly re-
lated to the perceptual grouping processe®f the human visual system[27]. Frequertly, however, no
claim is madeabout the pertinenceor adequacyof the digital models, asembodied by computer algo-
rithms, to the proper model of human visual perception [28]. Edge-linking and region-segmetation,
which are used as structuring processedor object recognition, are seldom consideredto be a part
of an overall attempt to structure an image [27]. This enigmatic situation arisesbecausereseart
and dewvelopmert in computer vision is often consideredquite separatefrom researd into the func-
tioning of human vision [3]. A fact that is generally ignored is that biological vision is currently the
only measureof the incompletenessof the current stage of computer vision, and illustrates that the
problem is still open to solution.

Perceptual grouping principles have beenincorporated into computer vision researt beginning
with the detection of manmade objects in the early 80's. Approachesbasedon perceptual grouping

principles are computationally expensiwe, but advancesin computing technology have made them



possible. Their functional role has beenaddressedby a number of researtiers. The most important
functions of perceptual grouping are consideredto be segmetation, 3D inference,and indexing of
world knowledge[3]. Useof thesefunctions canleadto a signi cant reduction of the seart spacefor
object recognition. An interesting formulation of perceptual grouping principles is preseried in [27],
where they have beenformulated in an energy minimization framework for object characterization.

Various techniques have been proposedfor the application of perceptual grouping principles to
group lower level primitiv e image features, such as edge points, into meaningful higher-level rep-
reserations [29, 30, 31]. Solving practical computer vision problems relating to the detection of
manmade regions has accrued greater signi cance [4, 32, 33, 34, 35. Building detection using per-
ceptual grouping is an emergingareaof the application of the Gestalt laws of psychology to computer
vision. Generic models are usedto locate buildings in the images. Detection of buildings in aerial
imagesusing the principles of stereovision has beeninvestigated by a number of researters [36).
Theseresearders have usedshadaws, walls, and shape from shadinginformation extracted from the
stereovision pairs for the detection of buildings. Learning systemsto automatically detect rooftops
are also being dewveloped [37]. Most of the above-mertioned work is con ned to locating manmade

objects like buildings in aerial images.

2 Structural analysis: Emplo ying perceptual grouping for re-
triev al

This section focuseson the dewvelopmert of a methodology for feature extraction using higher-level
image analysis employing structure extracted via perceptual grouping. The following discussion
highlights the extraction of saliert information from an image that will help in making a decision
regarding the presenceof manmade objects in an image depicting an outdoor scene. The original
idea of the Gestalt psydologistswasto nd a simple way of describing visual perception. Howe\er,
\simplicit y" is not a very well-de ned term. In the 1950's,an agreemen was reached on a general
principle of simplicity, alsocalled\the minimum principle" [38], which stated that if other constraints
are equal, then a perceptual responseto a stimulus will be obtained that requiresthe least amourt
of information to specify.

This idea has motivated a lot of work. An attempt was made to describe the visual content of
an image by only \high curvature line fragmens" [39]. It was shown that after retaining only high
curvature line fragmens, an image was still recognizableby humans. This instigated a strong belief
that maximum curvature is perceptually signi cant to human vision. However, other researders
have argued that maximum curvature was not perceptually signi cant, and that it is rather the

perpendicular proximit y of the image curvesto the projections of the object curvesthat is signi cant



for human visual perception [3].

A lot of researth has beendone in the automatic extraction and formulation of signi cant fea-
tures from images. Current image retrieval methods cannot determine the type of image data to be
extracted, and someform of human involvemert becomesindispensablein the selectionof discrimi-
nating feature points.

At the lowest level of computer vision, potentially useful image events suc as edgesand line
segmeltts can be extracted from an image without any knowledge of the image corntent. For uncon-
strained ervironments, wherethe viewing angleand depth are not known, the bottom-up approadc of
hierarchically grouping meaningful edgesegmetrs into higher-level structures appearsto be promis-
ing for the extraction of semaric information.

Certain scenestructures will always produce imageswith discernablefeatures regardlessof view-
point, while other scenestructures virtually never do. This correlation between salienceand in-
variance has suggestedthat the perceptual salienceof viewpoint invariance is due to the leverageit
provides for inferring geometric properties of objects and scenes. It has beennoted that many of
the perceptually saliert image propertiesidenti ed by the Gestalt psydologists, such as collinearity,

parallelism, and good contin uation, are viewpoint invariant [40].

2.1 Principle of non-acciden talness

As mertioned above, it isdi cult to establisha precisede nition of simplicity of interpretations that
guide the perceptual grouping of lower-level primitiv e features. One alternativ e is that the preferred
con guration of featuresis onethat correspondsto the properties of meaningful physical structures
present in an image, e.g., surfacesand objects. Consequeltly, perceptual grouping may operate
by exploiting regularities in input that are non-accidental in that they arise due to regularities
that are likely to occur in the physical world [5]. A non-acciderial property may be de ned as
a con guration of features for which the probability of occurring due to chanceis essetially very
small; or corversely as a con guration for which the number of times it arisesdue to a coheren
structure in the physical world is large comparedto the times it arisesdue to chance. Thus, it can
be consistently inferred that a particular feature con guration correspondsto a particular structure.
The principle of non-acciderialnessmay be usedto accourt for the grouping phenomenadiscussed
earlier. For example, the principle of proximity may be explained by the fact that if two features

are adjacert in an image, they are likely to be adjacert in the 3D world.

2.2 Extraction of salient information from the images

Manmade objects generally have sharp edgesand straight boundaries. The prominent characteristics

of a manmadeobject are the apparert regularity and the relationship of its componert features. An



image containing a large manmadeobject will exhibit a large number of signi cant edges,junctions,
parallel lines and groups, and closed gures comprised of polygons, comparedto an image with
predominarntly non-manmadeobjects (such as scenef vegetation). Thesestructures are generated
by the presenceof cornersin the object, such as windows, doors and the boundaries of a building.
These higher-level features exhibit apparert regularity and relationship, and are strong evidenceof
structure in an image.

Straight lines extracted from imagescontaining no manmade object are generally randomly dis-
tributed. The presenceof the distinguishing features mentioned above follow the \principle of
non-accidenalness" and, therefore, are more likely to be generatedby manmade objects. Hence,
these features can be consideredto be the discriminating criteria between an image cortaining

predominant manmade objects and an image containing natural objects.

2.3 Data representation

To detect the presenceof manmadeobjects in an image using the principles of perceptual grouping,
the following features are extracted from an image:

straight line sggments

longer linear lines

coterminations

\L" junctions

\U" junctions

parallel lines

parallel groups

\signi ¢ ant" parallel groups

cotermination graph

polygons

Manmade objects are generally rigid (in a still image, articulated objects also have rigid rep-

resenations), therefore, theserepresenations adequately de ne their shape descriptions [41]. The
extraction processis hierarchical. The rst stageis the extraction of straight line edges,which
tend to be small fragmerts that are grouped to form longer linear lines, which then are used to
nd coterminations. A set of lines terminating at a common point is called a cotermination. The
cotermination is an important relation. According to the proximity rule of perceptual grouping, the
human visual system easily groups coterminouslines. In fact, it has beensuggestedthat the major
function of eye movemerts is to determine coterminousedgeg42]. Cotermination is a non-accidental
relationship and, hence,re ects signi cant structural information [4]. Coterminations are grouped

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



The linear lines are also usedto extract parallel lines. A large number of manmade objects con-
tain parallel structures. Human vision can rapidly identify parallel lines [3]. A parallel relation is
a non-accidenal relationship that can be usedto infer relationships in three-space. These parallel
lines are grouped together to nd parallel groups, which are then usedto extract signi cant parallel
groups. Coterminations are also used to extract a cotermination graph. Polygons are extracted
using the cotermination graph. A polygon is also a signi cant image relation. According the clo-
sure rule of perceptual grouping, human vision tends to complete curvesto form enclosedregions.
Extracting closed gures corresponds to this feature of human vision. Polygons are non-accidenal
imagerelationships, sincethe coterminations forming them are non-accideral. Hence,polygonsrep-
resen signi cant structures in an image. Polygonsmay alsobe usedfor 3D inference,for example,a
closed gure in an image usually suggestsa closedstructure in 3D space. Polygons are higher-level
structures than lines and coterminations.

The rationale for the perceptual grouping relations described above is the following [4]:

Spatially closedprimitiv e structures are likely to be related and to re ect meaningful structures.
Spatially closed primitiv e structures are more likely to be perceptually grouped according to the
proximity grouping rule.

Someprimitiv e structures may be causedby accidertal image relations of natural objects. For
example, line segmeits extracted from a cluster of tree leavesmay accidertally form a parallel group
or a polygon. Such parallel groups or polygonstend to be randomly and sparsely distributed and
unlikely to form meaningful structures.

Manmade objects usually consist of regular structures related structurally and spatially.

The subsequeh sectionsdescribe in detail the extraction of eadh of thesedata items.

2.4 Extraction of straight line segments

Burns' straight lines detector [43] has beenusedto extract straight line segmers. The distinction
betweenthe terms \line segmens" and \lines" will be made on the basisthat a line is obtained by
grouping thesefragmened line segmems. Burns' operator usesthe orientation of the local gradiert
in the neighborhood of a pixel to obtain \line-support" regionsof similar gradiert orientation. The
structure of the assaiated intensity surfaceis examinedto extract the location and properties of

the edge.

2.5 Extraction of strong-algeal lines

Burns' operator generatesa lot of \spurious" line segmeits, which are low cortrast segmeis that
arise from slight variations in the local intensity. The line segmems forming the linear structure of

a manmade object should be strong-edge lines.



If line segmens with edgestrength of lessthan a threshold are retained, then a spurious structure
may be generatedby a higher-level grouping process. Thus, it is necessaryto get rid of them at
this stage. All segmems are examined for edge strength To eliminate low cortrast line segmets,
the edgestrength assaiated with a segmem is examined and only those segmeits which meet the
following criteria are retained:

E(Li)> e 1)

where E( ) represens the ratio of the edgestrength assaiated with a segmen L; to the maximum
edgestrength in the image,and . is a threshold. Edge strength is calculated asthe averagegradient
magnitude in the support region bounded by the segmen.

For practical purposes,the extracted straight line segmeims may not re ect well the linear struc-
tures present in the image. Further processingis required to get \good" linear lines from these

segmets, as described in the next section.

2.6 Extraction of longer linear lines

In practice, the straight line segmens obtained from the Burns' operator are fragmented and must
be grouped together to obtain longer linear lines at a higher granularity level. To accomplishthis
task, a representativeline to a set of closely bunched and similarly oriented straight line segmers
obtained from the Burns' operator should be found. This is due to fact that the longer straight line
edgesrepresett the linear structure of an object at a higher granularity level than the line segmers
themseles[32].

The processis described as follows. Many colinearization techniques [29, 30] are not suitable
for extracting linear structure becausethey only link approximate collinear lines by examining the
neighborhoods of the end points of ead line segmem. This processis called line segmen extension.
A line folding processis described in [32], where the spacearound ead straight line edge (line
segmet) is folded onto the segmem repeatedly to obtain a single line represering the grouped
straight line. This process,however, doesnot perform line extension. The line folding and extension
processdescribed below is employed [2].

Proximate line segmeits with similar orientations are perceived as cortin uous lines, accordingto
Gestalt laws of proximity, similarity, and cortinuation, and are perceived to have originated from
the samelinear structure in the scene.Hence,they should be mergedinto oneline.

The symmetric orthogonally elongated region of width ; = 2 ,, with a line segmen L} asthe
medial axis (as showvn in gure 1) is searted to collect a set of segmetts, S; (Which alsoincludes
the original segmen denoted asbasesegmeni). This setis replacedby a representativeline L, if the

following conditions are satis ed:
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@)

A(LbLi)< a @)
maxfD o(Lb; €;); Do(Lb;€,)g< n ®)
(b) either
D(e;g)< n (4)
or
#(' L, (Li);Lj) >0 (5)

where L denotesthe basesegmen, L; and L; denote any two segmets in Ste, A(; ) denotesthe
absolute value of the smaller angle in radians betweenthe two segmetms, and , is a threshold. In
the above equations, e and g are the end-points of the segmems 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( ) represeits the distance betweenthe end-points of L; and L; that are nearer
to eat 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;. are approximately collinear to L. Equations
4 and 5 require that any segmen in St must be either close to (end-points fall in a circular
neighborhood of radius ), or overlap at least one other segmen in S;¢, respectively, to ensure
continuity .

To x the representativeline L, asshowvn in gure 1, we needone point through which it passes
(we calculate the mid-point of L), its orientation, and its length. The mid-point and orientation of
L, are obtained asthe weighted averageof the mid-points and the orientations of all line segmeits in
the set St ¢, respectively. The weights are determined using the lengths of the segmers. To obtain
the length of L, the end-points of all segmets in S; are orthogonally projected onto L, and the
two farthest points are taken as the end-points of L, [44].

The processis continued until no merging occurs. Termination of the processis guaranteed after
obtaining a nite number of longer linear lines, as there are a nite number of line segmeits and

their number decreasesfter ead iteration.

2.6.1 Extraction of longer lines

After the extraction of linear lines by the line folding and extension processdescribed above, some
small lines may still exist in the image. Theselines do not have any other linesin their neighborhoods
and, hence, could not be grouped to obtain larger lines. These lines are not very signi cant in

describing the linear structure of a manmade object and may be eliminated. Their elimination will
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also reduce the computational cost. All lines, including the longer linear lines, are analyzed, and

those lines meeting the following criteria are retained:

L(Li)> (6)

where L () outputs the length and | is a threshold. These lines are referred to as the \retained

lines".

2.7 Extraction of coterminations

A set of lines terminating at a common point is called a cotermination (gure 2). In practice, a
small neighborhood is constructed around a point to allow the linesto terminate in a small common

region. Each pair of linesfL;;L;g in a cotermination satis es the following conditions:

c c (7)
maxf abgdy (e ;g ));abgdi(e;€))g 8

where is the angle betweenL; and L;, . is the similarity angle and , is a threshold. The
cotermination is the intersection of two lines obtained by extending the endpoints & and g of
lines L; and L;, respectively, which fall in a common region. In the above equation, dy(& ;€ )
and dy(e;€) are dierences in the y and x coordinates of & and g, respectively, and abq:) is
the absolute value of the input argumert. Equation 7 ensuresthat lines which are approximately
collinear are eliminated. Equation 8 requires the two lines to fall within a small neighborhood to

constitute a valid cotermination.

2.8 Extraction of \L" junctions

\L" junctions are formed by coterminations that have an internal angle closeto - radians. These
junctions are strong evidenceof saliert cornersin an image and, hence, indicators of a manmade
structure (e.g., onethat may be attributed to a building). Each pair of linesfL;;L;g, wherei 6 j,

in an\L" junction satis es the following conditions:
D(e;g)< n 9)

5 A(Li;Lj) < 1a (10)
where |, is a threshold. Equation 10 requires that the angle formed by L; and L; be within a
threshold |4 from 5 (gure 3). In an oblique view, the angle enclosedby an \L" junction may be
far from 5. Relaxation of the value of |5 can accommalate an oblique viewing angle.

It may be noted that two \L" junctions may sharea common line. It is important to consider

this whenlinesin \L" junctions are courted, sothat commonlines are not counted more than once.
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2.9 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, in particular, and generally
by regular structures in other manmade objects. Their presencein an image is a strong indication
of the presenceof a manmade object. Two typesof \U" junction are possible: (1) \U" junctions
that have a commonline betweenthe \L" junctions, and (2) thosethat do not have a commonline.
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, asshown in gure 4(a).

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

the following conditions:

(@)
A(Lll;l—ur)< ua (11)
A(L21;Lu) < wa (12)
(b) either
D(ewr;€1) < 2y (13)
or
#(' Ly (L11);L21) >0 (14)

(c) L1z and Ly, point in approximately similar direction.

where L1; and L,; are the lines in the two \L" junctions that are perceived to be \p ointing"
towards eat other, as shown in gure 4(b), L1, and L, are the two \other" linesin the \L" junc-
tions, L, is the representativeline obtained by joining the mid-points of the internal end-points of
the lines forming the \L" junctions, and , is a threshold.

Equations 11 and 12 imply that the anglesbetweenL, and Lj;, and betweenL, and L1,
should be lessthan ; to ensurea valid \U" junction. The threshold in equation 13 may be set to
any value closeto but greaterthan , (in section2.6). If this threshold is setlessthan or equalto ,,
then no groupingsfrom disjoint \L" junctions, with their end-points falling in a small neighborhood,
may be possible,asL1; and L,; may already have beengrouped together to form a larger collinear
line. We have chosenthe threshold value of 2 , for corvenience. If this condition is not satis ed,
then equation 14 examinesthe linesL 1; 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 smallest

is matched with the target \L" junction.
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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 single line is closeto one of the lines of 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.

2.10 Extraction of parallel lines

All \retained" lines are seardied to extract setsof parallel lines. A setis collected by picking a base

line Ly in the image and nding all lines that satisfy:
A(LpLi)< a (15)

whereL; is a line other than L, 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.

2.11 Extraction of parallel groups

Parallel groups are obtained by grouping the parallel lines that signi cantly overlap ead other.
The overlapping is determined by orthogonal projection [32, 33]. However, certain groupings of
parallel linesthat have intrinsic orientation di erent from their local orientation may not be grouped
together.

Consider the image shown in gure 5. In gure 5(a), a linear line segmem L, is orthogonally
projected onto another linear line segmem L,. The end points of the projected line are given as
A and B, as shown in the gure. There is a signi cant overlapping of the projection of line Ly
onto line L,. ThereforeL; and L, are said to constitute a valid parallel group. In gures 5(b) and
5(c), there is an angular di erence betweenthe intrinsic and local orientations of the set of lines,
resulting in insigni cant overlap in the orthogonal direction. Howewer, there is enough overlap in
the vertical and horizontal projections of the linesin gures 5(b) and (c), respectively, to constitute
a valid parallel group.

We employ a general procedure for extracting parallel groups that also accourts for the di er-
encein the intrinsic and local orientations of lines [4]. A parallel group is a set of lines Spy =
fLy;Lo; i Lmg, whereM 2, which satis es the conditions that for ead line L; 2 Syq, there
existsaline Lj 2 Spg, wherei 6 j, sud that:

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

L(Li)
AR

(16)

where 4, is a threshold. (L; is assumedto be shorter in length than L;, here and subsequetly.)

The threshold g, may be relaxed to accommalate a possibleoblique view.
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(b) L; and L; are \r elatively" closg i.e.,

D(€mid ; ; €mid ; )

Lavg(Li;Lj) P2 an
where enig; and emig; are the mid-points of L; and L; respectively, Layg() denotesthe average
length of the two lines, and g, is a threshold.

(c) L; and L; have\sucient overlap" in one of the three projections, i.e.,

H(' vaie (Li)3" v (L)) S

LC v (L1) P> (18)
#(' Xais (Li);" Xaes (Lj))

Ly (19)

#C L (L)L) 0

L( (L) Poe

where Yayis and Xais represen the Y-axis and the X -axis of an image, respectively, and g, is a
threshold.

Perceptual grouping rules of proximit y, parallelism, and similarity have beenutilized to formulate

the aboverules, which ensurethat lineswith similar length, orientation, closure,and su cien t overlap

are groupedtogether. The linesthat do not follow theserules are discardedand not grouped together

becausethey are not likely to originate from the sameparallel group.

2.11.1 Extraction of \signican t" parallel groups

Someof the parallel groups obtained in the last section may not be consideredto be \signi can t,"
since they may be generated by structures other than the sharp corner edgesgenerated by, say,
windows or doors in a building. Therefore, the following criteria are 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
A(Li;Yaxis ) < spga (21)
or
A(Li; Xaxis ) < spga (22)

where L; is any line in a parallel group and spga is a threshold. The threshold 4 (in section
2.8) accommalates an oblique viewing angle in (a). Equations 21 and 22 provide a control on the
obliquenessof the viewing angle. The threshold spqa may be setequalto ; radiansto allow parallel

groupsin any orientation (viewing angle).
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2.12 Extraction of polygons

Polygonsare closed gures formed by non-parallel lines. Finding closed gures may be doneby trac-
ing the lines of coterminations. Starting from an end-point of a line and going along the given lines
or cotermination, if we cancomebad to the starting point, a closed gure is found. Practically, asin
extracting coterminations, we cannot expect a point connectionbetweenlines and to trace back to a
point. Instead, we should considersmall regions. Howewer, the time-complexity of this kind of direct
seard is exponertial. Alternativ ely, a polynomial time algorithm basedon elemeris of graph theory
[45] is employed to extract polygonsfrom an image using the cotermination graph. The underlying
idea is to take advantage of the one-to-onecorresppndencebetweenthe closed gures comprised of
lines and the circuits in the graph. The approach nds a set of independert and su cien tly-closed
gures using the cotermination graph. A set of fundamental circuits is then searded and extracted.
The closed gures (or circuits) are then cheded with the conditions described below to determine
if they constitute a valid polygon.

Let G = (V;E) be a cotermination graph, where V and E are the set of vertices and the set
of edgesof G, respectively. Let &j 2 E be an edgeconnecting vertices v, ¥, 2 V. The weigh
of &; is dened asw(e; ) = degv;) + deq(vj), where deq ) is the degree of a vertex, that is, the
number of edgesincident with the vertex. The edgeweights are collectedby extracting the adjacency
matrix of the graph. If two (di erent) vertices are connectedto ead other, the adjacency matrix
has the corresponding entry setto 1, otherwiseit is setto 0. Adjacency matrix is symmetric. The
connectedcomponerts of the graph are found, and eat sub-graph corresponding to eacd componert
is processedseparately The weight of a spanning tree is the sum of the weights of all the branches
in the spanning tree. We seard for the maximal spanning tree, which may be found by slightly
altering the minimal spanning tree algorithm to incorporate the vertices resulting in the maximal-
weight spanning tree [45. The maximal spanning tree is employed to extract the fundamental
circuits. Each fundamental circuit represents a closed gure in the image, where edgeson this
circuit correspond to line segmets on the closed gure.

A polygon, P, is de ned to be that fundamenrtal circuit extracted that meetsthe following re-
quiremens [4]:

(a) the polygonis simple, i.e., the edgesof the polygon do not intersect among themselves,

(b) the polygon s relatively compact,

Q(P)  oQ(CP)) (23)

where C( ) is the corvex hull of P, and ¢ is a threshold, and Q( ) is de ned as:

_ perimeter 2(P)

QP) = APy 24)
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(c) the polygon does not have many cavities,
N; cv Ney (25)

where n; is the number of vertices of P inside C(P), n, is the number of vertices of P on C(P), and
o 1lis aconstart,
(d) the numker of edgeson the polygon does not exeed a given threshold, ne.
Figure 6(a) displays someclosed gures that comprise polygons, whereas gure 6(b) shavs some

closed gures that do not constitute polygons.

3 Feature extraction and classi cation

This section explains the processof feature extraction from an image and the corresponding classi-

cation of the image.

3.1 Statistical analysis of data items extracted from a sample image.

Table 1 lists the signi cant data items extracted from the image showvn in g 7. These statistics

were collected by assaiating a data structure of the following type to ead of the lines:

Structure:  begin
Ty
T2

Tn

end

where T; denotesthe number of times a particular line L; is a member of a certain image event T;
and N is the number of image events. For example T; may refer to the evert that the line is one
of the lines forming an \L" junction. Membership in a particular image event is determined if the
following predicate is true:

Pr, (Li) = TRUE (26)

where Py, () is the predicate that determinesthat the line is a member of an event T;. The number
of times the predicate operating on L; is true is courted and the value is denoted by T;. Common

lines are only courted once.
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3.2 Feature extraction

In the generalform, the feature vector extracted is expressedas:

X = (%1;%2;%3)" (27)
where

_ # of linesin \L" junctions
*1= Total # of retained” lines (28)

_ # oflinesin \U" junctions
*2= ot # of retained” lines (29)

# of linesin (signi cant) parallel groups and polygons

X3 = (30)

Total # of \retained" lines
The numerators in equations 28, 29 and 30 are normalized by the number of \retained" lines to
ensurefair comparisonbetweenimages. Common lines in the respective calculations of x;, x, and
%3 are only counted once.

As evident, x; 2 [0;1], wherei 2 f1;2;3g, i.e., an imageis mapped into a feature spacebounded
by a unit cube. The feature vector X represens the coordinates of the mapped imagein this space.
In our experiments X is obtained by using the threshold values shawvn in table 2. The anglesare
displayed in degrees.Thesethreshold valuesare kept constart for the generation of results.

We have striven to dewvelop a system with no constraints on the viewing angle or depth. In the
absenceof any knowledgeof thesetwo fundamertal quartities, we believe that the empirical selection
of the above parametersis justi ed, and that the threshold valuesshown in table 2 may be treated
as constants instead of variable parameters. Moreover, since these values are applied constartly to
all imagesin the database, all imagesare equally a ected. These values were carefully chosento

accommalate a wide variety of viewing anglesand depths.

3.3 Identication of image classes

We assumethat the image spaceconsistsof three classes:structure, non-structure and intermediate,
which are denotedas ;, , and 3, respectively. The intermediate classis addedto accourt for
the fact that some outdoor images are too ambiguous to reliably classify as either structural or
non-structural, even for human operators. Sampleimagesof the three classesare showvn in gure 8.
Each of thesethree classes, 1, 2, 3, hasan assaiated discriminant function, denoted as g,
02, and gs, respectively. Represeiiing 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 ; if:
g(X)>g(X); j6i i;j 211239 (31)

where ties are resolved arbitrarily .
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3.4 Selection of g

Images are assignedto one of the three classesusing the K nearest neighbor classier. The
K nearest neighbor classi er assignsa feature vector X to the class ;, i 2 f1;2;3g, with the
largest number of nearesttraining feature vectorsin the K nearestvectorsto X in the feature space.

i.e., X is assignedto that classwhich hasthe highest discriminant value given by the equation 31:
NN (X) =i g(X)>g(X); 821239 (32)

where nn (X) assignsa classlabel to the test feature vector X, and g« (X), k 2 f1;2;3g is the
number of training feature vectors belongingto ¢ that are among the K nearest vectors to X
in the feature space. A distance function d(X; X,) measuresthe distance between a test feature
vector X and the n" training vector X, belongingto the k" class,and may be selectedasthe ~,

norm:

; B
d(X;Xkn) = jiX Xl = (X Xkn)' (X Xkn) (33)

4 Results obtained

This section describesthe results obtained by analyzing two di erent image databases,a combined
total of 2660images. For the analysis of both image databases,we assumedthat the image space
consistsof three classes:structure, non-structure and intermediate. We seekto retrieve imagesin

all classes.

4.1 Database #1:

This databaseconsistsof 2139color imagesof size1024 1024acquiredfrom two CDs obtained from
the Visual Delights, Inc. (http://www.visualdelights.net) , VAustin and Vicinity: The Human
World" and \Austin and Vicinity: The World of Nature".

4.2 Database #2:

The seconddatabase consistsof 521 color imagesof size512 512 acquired from the ground level

using a Sory Digital Mavica camera.

4.3 Experiments performed

Figures 9-11display the rst 25imagesretrieved for ead classusing databases#1l and #2. A total
of 48 imagesare chosen(16 of ead of the three classes)astraining images. The imageswere sorted

on the basis of the distance of the corresponding feature vector extracted from the certer of the
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corresponding class. The remaining 2612imageswere classi ed using a K -nearestneighbor classi er
to one of the structure, non-structure or the intermediate classes.The value of K was chosento be
5.

For statistical analysis, database#2 was usedto quartify retrieval results in terms of recall /
precision and the e ciency of the system. This databasecontained 255 structure classimages, 140
non-structure classimagesand 96 intermediate classimages. A total of 30 imageswere chosen(10
of eadh of the three classes)as training images. The value of K was chosento be 1. Tables3 - 6
display theseresults.

Table 3 shaws the overall retrieval rate. Table 4 displays class-conditional retrieval performance
measuredin terms of recall and precision. Recall is de ned as the fraction of the total number
of imagesthat are correctly retrieved for a particular class. Precision is de ned as the fraction of
imagesretrieved for a particular classthat are actually correct. The retrieval statistics are showvn
fully in the confusionmatrix shown in Table 5.

Table 6 displays the results of another experimert. It shows the distribution of images that
actually belong to a particular classwithin the \b est matches" for that class,in intervals of 100
images,and the corresponding e ciency of the system. The best matcheswere obtained by sorting
all imagesin the ascendingorder basedupon their distancesfrom the training samplesof eat class.
E ciency is de ned asthe ratio of the number of imagesthat actually belongto a particular class
in the block of closestbest matches, to the size of the block, where the block sizeis equal to the
number of imagescorresponding to that class.

The proposedsystemis alsoapplied to special casesof outdoor imagescontaining natural objects
that have edgesthat might generatestructures similar to those generatedby manmadeobjects. For
example,tall treeshave sharp (piece-wise)straight-line edges.Figure 12 displays four imagesof trees
with such edges. The systemwas able to correctly classify them as belonging to the non-structure

class. Full statistics of theseimagesare displayed in table 7.

5 Conclusion

This paper has presered perceptual grouping asan e ectiv e tool for the retrieval by classi cation of
imagescontaining large manmadeobjects sud as buildings, towers, bridges, and other architectural
objects. Basedon the semariic interrelationships of di erent primitiv e image features, a methodol-
ogy is preserted for the application of perceptual grouping rules for the extraction of structure. In
our approad, segmemation and detailed object represenation were not required. Two databasesof
monocular outdoor imageswere employed to shaw the e cacy of using structure for retrieval.

The systemanalyzed ead imageto extract featuresthat were strong evidenceof the presenceof
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manmade objects. Thesefeatures are generatedby the strong boundariestypical of the structures
that comprisethe manmadeobjects: straight line segmetts, longer linear lines, coterminations, \L"

junctions, \U" junctions, parallel lines, parallel groups, \signi can t* parallel groups, cotermina-
tion graph and polygons. These features were obtained by perceptual grouping of primitiv e image
features, by bottom-up processing. The image spacewas partitioned into three classes:structure,
non-structure and intermediate. A K -nearestneighbor framework analyzed these features and re-
trieved imageswhich it perceivedto contain manmadeobijects (structure class). The judicious useof
structure extracted by perceptual grouping, as demonstrated by the results, illustrates the e cacy

of applying perceptual grouping rules for the retrieval of imagescontaining manmade objects.
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Figure 1: Linear line obtained.
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Figure 2: Extraction of coterminations.

Figure 3: Extraction of \L" junctions.
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Figure 4: Extraction of \U" junctions.
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Figure 6: (a) Closed gures comprising polygons. (b) Closed gures not comprising polygons.
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Figure 7: An image of a building.

(a) Structure.

i AL B g . et

(c) Intermediate.

Figure 8: Sampleimagesbelongingto the three classes.
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Figure 9: First 25 imagesretrieved for the structure class(databases#1 and #2).
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Figure 10: First 25imagesretrieved for the non-structure class(databases#1 and #2).
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Figure 11: First 25 imagesretrieved for the intermediate class(databases#1 and #2).
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Figure 12: Images containing natural objects that have edgessimilar to manmade objects. The

imagesshawn are successfullyclassi ed to the non-structure class.
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Item #

All lines 5526
Lines with edgestrength < 3650
Strong-edgedlines 1876
Lines extended 930
Lines obtained by extension 411
Lines after extension 1357
Lines with length < | 955
Retained lines ? 402
Coterminations 108
\L" junctions 107
\U" junctions 27

Lines in coterminations 173
Lines in \L"junctions ? 172
Linesin \U" junctions ? 84

Parallel lines 401
Parallel types (clusters) 14

Parallel groups and polygons 73

Signi cant parallel groups and polygons 57

Lines in parallel groups and polygons 401
Lines in signi cant parallel groups and polygons? | 225

Table 1: Statistics of saliert data items extracted from the image showvn in gure 7. ? indicates a

key statistic usedin the computation of the feature vector.

e a n c | la ua

01| 5° 5 30 10 | 30° | 3C°

P9y | P92 | Pgs | spga Q cov ne
05| 25| 05| 30 | 225|033 20

Table 2: Valuesof thresholds usedto generatethe results.
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Total | Training | E ectiv e | Correct RR
T D C (C/D)
521 30 491 361 73.52%

Table 3: Overall retrieval rate (database#2). T = Total # of images,D = E ectiv e # of images,

C = Correct and RR = Retrieval rate.

Class T R C Recall | Precision
(CIm (C/IR)
Structure 255|235 198 | 77.65% | 84.26%
Non-structure | 140 | 143 | 114 | 81.43% | 79.72%
Intermediate | 96 | 113 | 49 | 51.04% | 43.36%

Table 4: Recall and precision (database#2). T = Total, R = Retrieved, C = Correct.

Class Structure | Non-structure | Intermediate
Structure 198 16 41
Non-structure 3 114 23
Intermediate 34 13 49

Table 5: Confusionmatrix (database#2). Entries presened in rows, e.g.,198structure classimages

classi ed as structure, 16 as non-structure, and 41 as intermediate.

Class 1-100 | 101-200| 201-300| 301-400| 401-491| T Q | E.=Q/T
Structure 78 78 68 24 7 255 | 200 | 78.43%
Non-structure 86 38 15 1 - 140 | 109 | 77.86%
Intermediate 47 21 9 16 3 96 | 45 46.88%

Table 6: \Best matches" and e ciency (database#2). Distribution of imagesactually belonging

to a particular classin the best matchesfor that class,in intervals of 100 images (best matches),

and the e ciency of the system. T = Total # of imagesbelonging to a certain class,Q = # of

imagesthat actually belongto a certain classin the rst T best matchesfor that class,and E .

E ciency .

34



Item #

Total images 109

Incorrectly classi ed to the structure class 2

Correctly classi ed to the non-structure class 93

Incorrectly classi ed to the intermediate class 14

Recall 85.32%

Table 7: Statistics of imagesthat have edgessimilar to manmade objects. Some examplesof suct

imagesare shovn in gure 12.
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