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Extended Abstract

1 Intro duction

In this paper we useperceptual grouping for image structure extraction for both imageretrieval
and classi cation. Image retrieval refersto the retrieval of imagessimilar to a given query image,
whereasimage classi cation denotesthe classi cation of all imagesin a databaseinto a known set
of classes.The deweloped approad is invariant to re ection, rotation and translation of imagedata.
In addition, segmetation and detailed object represemation is not required. For recert advances
in the eld of content-basedaccesof images,referto [1].

The human visual system can detect many classesof patterns and statistically signi cant ar-
rangemetts of image elemeits. Perceptual grouping refersto the human visual ability to extract
signi cant imagerelations from lower-lewel primitiv e image featureswithout any knowledgeof the
image content. The grouping processhierarchically groups these relations cortinuously until a
meaningful semaric represemation is acieved that may be usedby a higher-lewel reasoningpro-
cess.The grouping principlesproposedby Gestalt psydologistsenbodied sud conceptsasgrouping
by proximity, similarity, continuation, closure, and symmetry [2]. It hasbeennoted that many of
the perceptually saliert image properties identied by the Gestalt psydologists (in their study of
perceptual grouping of lower-level primitiv e image everts into meaningful higher-lewel structures),
sud as collinearity, parallelism, and good cortinuation, are viewpoint invariant [3]. Quartitativ e
analysis of image structure can also help to detect changesin image structure in a sequenceof
imagesl[4].

2 Structure extraction via perceptual grouping { Feature selection

We extract the following features hierarchically in an unconstrainedenvironmen, i.e., with no
constrairts on the viewing angle and depth, using the approad detailed in [5]: line segments,
longer linear lines, coterminations, \L" junctions, \U" junctions, parallel lines, parallel groups,
\signi ¢ ant" parallel groups (Figures 1(a) - (f)). As an enhancemeh to that approad, we also
extract closed gures comprisedof polygons(Figure 1(g)). Perceptual grouping rules of similarity,
continuity, parallelism and closureare usedto extract thesefeatures.

Polygonsare closed gures formedby non-parallellines. A polygonis a signi cant imagerelation.
Accordingto the closure rule of perceptualgrouping, human vision tendsto completecurvesto form
enclosedegions[2]. Extracting closed gures correspndsto this feature of human vision. Polygons
are non-accidemal image relationships, sincethe coterminations forming them are non-accidemal.

This work was supported in part by the Army Researty O ce under contracts DAAD19-00-1-0044,DAA G55-
98-1-0230and DAAD19-99-1-0012(Johns Hopkins University subcorntract agreemem 8905-48168).
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Figure 1. Visualization of the groupings. (a) Longer linear line (b) Coterminations (c) \L" junctions (d) \U"
junction (e) \U" junction (f) Parallel groups(g) Polygons

Hence, polygons represen signi cant structure in an image. Elemerts of graph theory [6] are
employed to extract polygonsfrom an image using the cotermination graph. The underlying idea
is to take advantage of the one-to-onecorrespndencebetweenthe closed gures comprisedof line
segmets and the circuits in the graph. The connectedcomponerts of the graph are found, and eat
sub-graphcorrespnding to ead componert is processedseparately The weight of a spanningtree
is the sum of the weights of all the branchesin the tree. We seard for the maximal spanningtree,
which may be found by slightly altering the minimal spanningtree algorithm to incorporate the
verticesresulting in maximal-weight spanningtree [6]. The maximal spanningtree is employed to
extract the fundamenal circuits. Each fundamenal circuit represeis a closed gure in the image,
where edgeson this circuit correspnd to line segmets on the closed gure.

2.1 Feature extraction

In the generalform the extracted feature vector s expressedas X s = (xs,;  ;%s,)', whered is
pi 's(D)

DA
characteristic (indicator) function, | is a longer linear line, ! | is the set of all longer linear lines,
and ! g is the set of all higher-lewel structures extracted of a particular type. It is evidert that
s 2 [0;1] (i 2 [1; ;d]), i.e., the feature spaceis represeted by a unit hypercube.

For the generationof resultsfor both retrieval and classi cation, wesetd = 3. Welet! 5 represem
\L" junctions, \U" junctions, and \(signi can t) parallel groups and polygons" for i 2 f1;2;3g,
respectively, i.e., xs, represets the correspnding normalized number of lines. Hence,the feature
vector extracted is expressedas X s = (xs,; Xs,; Xs,)', where

the dimensionality of the feature spaceand xs, = In this represemation  denotesthe

# of linesin \L" junctions

= . . 1
X1 Total # of longerlinear lines @)
# of linesin \U" junctions
Xs, = - : (2)
Total # of longerlinear lines
# of linesin (signi cant) parallel groupsand polygons
x'Ss = (3)

Total # of longerlinear lines

Detailed justi cation for using this feature vector is provided in [7]. In addition, elimination of
weaak-algal line segmets, and lines shorter than a threshold help to keepbadkground clutter to a
minimum [5, 7].
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Figure 2: Image retrieval: An image query { a building facade. (Databases#1 and #2.)

3 Euclidean isotrop y of Xg

In image analysis, the input and output are functions of <2. An appropriate notion of the
isotropy of computationsis the Euclideaninvariance{ any rotation, translation or re ection of the
input should produce an identical result under these transformations, thus achieving orientation
and position invariance. Theseimage transformations are generatedby the action of the planar
Euclideangroup (the semi-directproduct of the orthogonal group and the translation group). The
Euclideangroup is the group of isometriesof <2 { mappingsthat presene distances{ and its action
on the spaceof positions and directions <?  S*, where positions are represeted using <? and
directions using the unit circle S*, generatesisometric geometrical objects. Indeed, it has been
arguedthat visual computations occur on <2 S1, rather than on just <2 [8]. In our cortinuing
work [9] we have demonstratedthat X s obtained after perceptual grouping is a represemation of
isotropic mapping { mapping that is invariant to the action of the Euclidean group.

4 Results obtained

Our image databasesconsist of 266024-bit color images. Database#1 consistsof 2139images
of sizeadjustedto 1024 1024 acquiredfrom two CDs obtained from \The Visual Delights Inc."
(http://lwww.visualdelights.net) . Database#2 consistsof 521imagesof sizeadjustedto 512
512 acquiredfrom the ground level using the Sory Digital Mavica camera.

Figure 2 displays an exampleof imageretrieval using both databases#1 and #2, wherea query
image is presened, and imagessimilar to it are retrieved. Figure 2(a) shows the rst 12 images
retrieved using the proposedapproad of extracting structure via perceptual grouping. A distance
function basedupon the Euclidean norm is usedfor this purpose. For comparison, Figure 2(b)
shows the imagesretrieved for the samequery image using a 512-binuniformly quartized CIE Lab
spacecolor histogram. Similarly, Figure 2(c) shaws the imagesretrieved by texture analysisusing
a channel enegy madel employing a bank of 16 even-symmetric Gabor Iters in 4 scalesand 4
orientations and measuringthe energyin eat channel of the CIE Lab space. (For details of the
channelenergymodel se€g[10]; in this paper the original approat hasbeenextendedfrom grayscale
to color images, and the texture analysisis done in the CIE Lab space. Refer to [9] for more



Class| T R C | Recall | Precision|[ Recall | Precision|[ Recall | Precision
(CIT) | (CIR)
S 255] 235|198 77.65%]| 84.26% || 64.31%| 68.62% || 48.24%| 75.00%
N 140| 143| 114 81.43%| 79.72% || 70.00%| 55.37% || 45.71%| 65.31%
I 96 | 113| 49 | 51.04%| 43.36% | 28.13%| 36.00% || 58.33%| 24.45%
(a) Perceptual (b) Histogram (c) Texture
Table 1: Image classi cation: Recall and precision. (Database# 2.) T = Total, R = Retrieved, C = Correct.

Class| 1-100| 201-300| 301-400| 401-500| 501-521| T M | E=M/T E E
S 78 78 68 24 7 255| 200| 78.43% || 58.82%| | 59.22%
N 86 38 15 1 - 140| 109 | 77.86% || 42.86%|| 52.86%
I 47 21 9 16 3 96 | 45 | 46.88% || 45.83%| | 34.38%
(a) Perceptual (b) Hist. (c) Tex.

Table 2: Image classi cation (Database# 2): Distribution of imagesactually belongingto a particular classin the
\b est matches" for that class,in intervals of 100images(best matches), and the e ciency of the system. T = Total
# of imagesbelongingto a certain class,M = # of imagesthat actually belongto a certain classin the rst T best
matchesfor that class,and E = E ciency .

information.) The results obtained show the e cacy of using perceptual grouping over histogram
and texture measuredor the query presened.

The results for image classi cation were obtained using a nearestneighbor classi er and parti-
tioning the image spaceinto three classes Structure, Non-structure and Intermediate, denoted as
S, N, and |, respectively, basedupon the measureof structure preser in an image. A total of 30
training imagesare employed. Eacd classis represeted by 10 training images. Table 1 displays
performancemeasuredin terms of recall and precision. For comparison,the results obtained for
color histogram and texture analysis, as mertioned above, are also displayed. Table 2 shaws the
distribution of imagesthat actually belongto a particular classwithin the \b est matches" for that
class,in intervals of 100images,and the correspnding e ciency of the system. The best matches
were obtained by sorting imagesbasedupon their distancefrom the training samplesof ead class.
Again, perceptualgrouping performsbetter than histogram and texture measuredor analyzingthe
structural cortent of an image.

Spacelimitation precludesdescribinga retrieval methodology basedupon a combination of struc-
ture, histogram and texture. For a detailed exposition of two di erent methods of sud a combina-
tion, referto [9, 10].
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