It isinteresting to note that virtually all proposed algorithms use local operators
to infer more global structures. Also note that many of the schemes are iterative, rely-
ing on one relaxation (or minimization) scheme or another, and are similar in that
sense. The main differences are in the choice of the compatibility measures or the

function to minimize.

Complexity comparison

It is hard to compare the complexity of the various algorithms since many of
them are iterative in nature. The number of iterations required for a given algorithm

was only stated empirically, and not as a function of the data, as is often the case.

Also, the different features chosen do not allow for a meaningful comparison on

a standard scale.
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2.4 Comparison and summary

The main features of some of the more important works are summarized in the

following table:

Table 1. Comparison of different grouping techniques

Mohan ety
Ahuja& Dolan & Py Ullman & Parent- & von our
Lowe[42] | Tuceryan Weisq[17] Nevatia Sha'ashua | Zucker der scheme
[2] [48] [61] [50] Heydt
[26]
Operator Loca Local Local Local Extensible | local Global Global
(local)
Primitives | Straight Dots Straights | curves straight curves end- dots, lines
lines linesand points and
curves and T- curves
junctions
Control Onepass | lterative | Iterative Relax- Parallel- relax- onepass || One-pass
ation progres- aion convolu-
Progres- | sive(itera- tion
sive tive)
Noiseim- Not clear | Good Good Good Moderate Good Not han- || Very
munity died good
Scale One One Hierarchy | One One One One One
Parameters | Yes No Yes Yes Yes Yes Yes None
Pre-atten- Yes Yes Yes No (yes) | Yes Yes Yes Yes
tive (Do-
main free)
Specia fea- | First Dot clus- | Multi-res- | Symme- | Saliency local Saliency
ture tering. olution try, high- | map kernels map, uni-
parame- level con. fied, pa-
ter free rameter-
free
Sensitive Yes No Yes? Yes Yes Yes No None
computa-
tions
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Kanizsa square since the input can be explained nicely by a bright square surface float-

ing above four dark disks.

In arecent work [83], Williams et al. adopt an approach which is based on ours.
They employ vector field convolutions with stochastic extension properties to assign
saliency to image locations. Williams departs from the Gestalt constraints, and relies
on a single constraint, namely, that the prior probability distribution of boundary com-
pletion shape can be modeled by a random walk in alattice whose points are positions
and orientations in the image plane. With the above assumption, Williams derives
fields which are surprisingly similar to ours. All examples shown deal with perfect da-

ta
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2.3.9 Parent and Zucker

Parent and Zucker [50] describe a relaxation labeling where local kernels are
used to estimate tangent and curvature. These kernels use support functions based on
co-circularity. Somewhat similar kernels are used in our scheme, but applied in a very

different way.

2.3.10 Heitger and von der Heydt

Heitger and von der Heydt [26] make use of anisotropic selective filters which
are combined pair-wise to recover mainly occluding contours. The scheme takes as in-
put endpoints and T-junctions, and results in the most natural connections of those. It
is based on neurophysiological observations, but does not handle noise, and assumes
that endpoints and T-junctions are available by some other means. The authors present

convincing results on real images.

2.3.11 Williams

Williams [82] takes a more global 1ook at completion of illusory contours. In his
system, the input data is described as a set of occluding surfaces and the interactions
between them. This is clearly a more global view of the problem, since the derivation
of surface involves ‘looking’ everywhere in the input image. The mechanics of occlu-
sion of one surface by another are described by a set of integer linear constraints. Out
of the feasible solutions that this system produces, it is possible to select the one the
best explains the image structure. Such approach works well for inputs similar to the
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2.3.7 Parvin

In thiswork ([51]), a set of simultaneous differential equations are set to encode
weak smoothness constraints. Every segment and vertex in the original image is as-
signed a token and a decay rule (a differential equation). The dynamic system is then
solved by one of the standard methods (e.g. simulated annealing). Noise is handled in
a consistent way. The input is in the form of range data, which removes some of the
complexities inherent in 2-D images. Also, a consistent labeling scheme is incorporat-
ed into the system, thus allowing only valid objects to ‘survive’ the relaxation. Similar
to Lowe's work, the network ‘ connections' are between pairs of nodes only, and global

structures due to co-curvilinearity cannot be reveal ed.

2.3.8 Huttenlocher and Wayner

In this work [31], a different property of natural scenes is exploited to find
groupings, namely, convexity. Objects are usually composed of closed and convex ar-
eas, and the segmentation scheme generates a description in terms of these convex ar-
eas. The method is able to segment an edge image into an optimal set of convex groups
of edges. It uses a more general form of the Voronoi tessellation for edges, thus creat-
ing a parameter-free neighborhood system. The complexity of finding the convex
groups is now reasonable. The issue of noise is not addressed, and all lines from the
original image are considered in the description. This makes the algorithm highly un-
stable with respect to noise.
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logical saliency, and relies on constraints such as smoothness, length, and constancy

of curvature. A typical input image is depicted in Figure 2.5 (similar to the images we

Figure25  Atypical input image (after [61]). The algorithmwill assign high values
of saliency along the fragmented circle.

handle). The scheme prefers long curves with low total curvature, and does that by us-
ing an incremental optimization scheme (similar to dynamic programming). This is
done in order to reduce the exponential complexity involved in picking subsets from
a large set of data. Because of this restriction, an extensible, rather than a global op-
erator is defined. This operator is capable of locally choosing the best continuation
from a given segment. Locality is defined in terms of the number of neighbors. As be-
fore, such a scheme cannot account for large gaps, and can be fooled by erroneous seg-

ments along a correct curve.

The process runs iteratively on alocally connected network, which sets the size
and the number of the neighbors as the number of connections to each node of the net.
The number of iterations equals the length of the minimal salient curve found, and is
reported to be in the order of dozens.
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interact to correct possible errors in a previous step. Many empirical parameters are

used throughout the process, but they claim tolerance to them.

The representation extracted so far has to be treated now to eliminate competing
or contradicting features. For example, two rectangles sharing an edge are considered

competitive, while features which are part-of other features are considered supportive.

A constraint satisfaction network scheme using the above ‘rules plus measures
of belief for each group is used to extract the ‘correct’ and most meaningful rectan-

gles.

In alater work ([48]), Mohan and Nevatia present a more general scheme which
makes use of symmetries in the image. Symmetries (parallel or mirror) between
curved lines impose very strong constraints on groupings. Thisis used here to segment
a scene into ribbons. All symmetry axes are extracted and are fed into a constraint sat-
isfaction net to resolve competitions. The system works well when the curves are long
and the amount of noiseissmall. Again, some thresholds are used to reject hypotheses,

in order to reduce the complexity of the process.

2.3.6 Sha’ashuaand Ullman

Sha’ ashua and Ullman [61] suggest the use of a saliency map to guide the group-
ing process, and to select features in the image. A saliency map is a dense map having
the size of the image, where the value of each point corresponds to the degree of im-
portance that point plays in the image. ‘Importance’ is measured in terms of psycho-

Chapter 2-Survey of Related Research (2-D) 23



Some geometrical properties are defined on each of the Voronoi polygons3, and
relaxation labeling nets are constructed to reach a steady state. Several different nets
are set up to relax various constraints. In some cases, interaction between the nets is
enabled, to reach the final result of a consistent labeling of all tokens. Noise points are

labeled ‘Isolated’ by this scheme.

The results shown in [2] seem superior when compared to previous attempts at
clustering dot images[33]. The relaxation scheme offers a high degree of robustness,

and allows for correction of results generated at an early step by a later step.

2.35 Mohan and Nevatia

Mohan and Nevatia's [47] original work aims at grouping straight edges in an
image, but assumes apriori knowledge of the contents of the scene. A model of the de-
sired features is defined, and the grouping is guided according to that model. This pro-
cess is more robust than other general methods, since it basically searches for
occurrences of the desired shape and not for just any ‘acceptable’ shape. In their later
work [48], the goal is to detect rectangles (or combination of rectangles) which repre-

sent buildings as seen from aerial photographs.

The approach works in a bottom-up fashion, first grouping line fragments into
lines, then grouping lines into parallels and eventually, grouping parallels into U-

shaped groups and (wherever possible) complete rectangles. The different levels can

3. Like Compactness, Area, Elongation, Eccentricity, and Squeezedness.
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b
Figure24 A t)EZi)cal input handled by Ahuja and Tuceryarf [)1] in (&), and the result
of applying their method in (b).

Previous work in that direction (as summarized in [2]) attempted to find a parti-
tion of the space, such that an objective function is maximized. This can be achieved
in several ways. Usually an initial labeling of the data is performed according to some
local maximum likelihood criteria. Then, arelaxation scheme is used to iteratively sat-
isfy the global constraints. Hierarchical methods start from a degenerate partition

where each feature belongs to a different class, after which features are merged to cre-

ate higher-level representations (bottom-up method).

The reverse approach (top-down) is also widely used. The actual objective func-
tion consists of a set of similarity measures (or a compatibility metric) of highly heu-

ristic nature.

Ahuja and Tuceryan use the Voronoi tessellation and its dual, the Delaunay
graph as the basic geometry on which all compatibility measures are defined. The
Voronoi graph defines a scale independent (and parameter free) neighborhood system,
where two points are considered neighbors if they share a polygon side.
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2.3.3 Zucker

Zucker was the first to address the problem of dot clustering [85]. In his work,
each dot in the image is labeled as being either an edge, interior, or noise dot. A re-
laxation process for labeling the functional roles that the dots appear to be playing in
a given arrangement is presented. This labeling information can later be used to com-
pute global shape descriptions. A more detailed description of the algorithm is present-
ed in Ahuja and Tuceryan’s work [2], which is described next and builds on top of

Zucker’s algorithm.

In a later work [86], Zucker et al. propose a new method of curve detection. A
coarse tangent is inferred along curves, and a subsequent stage of spline fitting is then
applied to this coarse tangent field. The algorithm is capable of producing spline rep-

resentation of the desired curves.

2.34 Ahujaand Tuceryan

Ahuja and Tuceryan [2] suggest methods for clustering and grouping sets of

points having an underlying perceptual pattern. A typical input is shown in Figure 2.4.

The authors attempt to label the points as either Interior, Border, Curve, or 1so-
lated. Furthermore, the Delaunay edges2 are also labeled as being either a Border, Non
Border, or Curve. Other constraints incorporated explicitly into the algorithm are

aimed at smoothing of borders and curves.

2. Derived as the dual from the Voronoi Tessellation (for a survey see [3]).
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Computational Paradigm

The authors describe a three step iterative algorithm to extract the hierarchical

representation. The cycle consists of:

1) Linking of line segments,

2) Selecting acceptable groups,

3) Replacing agroup of several segments by one higher-level segment.

These three steps are repeated, starting at the finest level (of the initial tokens)
and up to the coarsest representation of the image, which might consist of only a hand-

ful of tokens, being a rough approximation of the image edges.

An important notion is the perceptual window. This circular window determines
the scope of grouping from one level of the hierarchy to the next. Only tokens within
a window are participating in the choice of the higher-level token. This window can

and does change its size as the level becomes coarser.

The constraints used for linking two segments together are very similar to what
was used by Lowe, namely, proximity, angular compatibility, and continuation. Again

the constraints are implemented locally only.

Other details from the work are not relevant to our research and are omitted here.
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The (somewhat heuristic) significance measures for the three types of groupings
do not seem to behave well in all situations. To best evaluate the suitability of the mea-
sures, one could ‘fix’ all but one parameter in a given measure, and test the behavior
by changing the free parameter to its extreme bounds. We consider, for example, the
colinearity relation. Suppose we fix all parameters but s. When s = 0 the measure
equals zero regardless of all other parameters. Thisis clearly inaccurate, since the gap

g can now be huge, but the grouping would still be considered highly significant.

2.3.2 Dolan and Weiss

Dolan and Weiss [17] demonstrate a hierarchical approach to grouping. They
emphasize the scale issue which makes a hierarchical approach very appealing. It al-
lows gradual construction of the original image from coarse to fine, and offers views

at different scales, which could be used for later processing.

The tokens used in the tree representation are straight lines and conics (in spline
form). With these two tokens (in combination), it is possible to describe cusps, inflec-

tion points, corners, and of course straight lines.

The initial model for the input is in the form of unit length tangent segments ex-

tracted from a directional edge detector.
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2.3.1.3 Collinearity Grouping

The same parameters as before are used here, and the most important parameter
is the positive gap (g) between the two segments. In other words, we consider only
pairs of segments which do not overlap in the direction of the assumed collinearity.
Here only the shorter of the two Ilines is used in the measure

E = (©s(g+1,))/ (1) . The smaller E is, the better the fit. As before the rationale

—

Figure 2.3 Parameters used in computing the collinearity of two segments.

is to put parameters that improve the overall likelihood of the grouping in the denom-

inator and vice versa

At this point, Lowe suggests an exhaustive search to extract all possible group-
ings in a given image. He also mentions some possible shortcuts. In his paper [43], he
proceeds by performing model-based object recognition, one of the first attempts at in-

corporating perceptual grouping to that field.

The above grouping method computes a compatibility figure between any two
segments in the image. As such, it cannot reveal global structures which are a compo-

sition of many segments, and obviously cannot support curved lines.
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2.3.1.2 Parallelism Grouping
By the same method, a measure of parallelism is defined between two lines in

the image. Several parameters are considered here. First, the angle © between the two

Figure 2.2 Parameters used in computing the parallelism of two segments.

lines is obviously the most important parameter. Then, the perpendicular distancel sis
important, since the farther apart the lines are, the less likely it is that the lines form
a group. Lastly, the actual lengths of the segments (I, and |,) must play arole in the
measure (we would want them to be roughly the same length). L owe suggests the fol-
lowing measure, E = (Osl,) / (1d?) ,(I,=1,) . When E is close to zero, we have a
strong parallelism relation and vice-versa. When lines are exactly parallel (which is
rare in real live images), the angle © equates to zero, and E=0, meaning the highest
significance possible. The logic behind the construction of the above equation is the
following: parameters which intuitively increase the likelihood of the desired relation-
ship as they grow are put in the denominator, while parameters which decrease it are

put in the numerator.

1. measured from the center of the shorter line perpendicular to the longer line.
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2.3.1.1 Proximity Grouping

Lowe [43] suggests a metric to quantify the significance of proximity of two end-
points of line segments. Significance is a loose term for probability, where no attempt
is done to normalize the entire sample space so that it integrates to 1. As such, it only
provides a relative measure of importance. The assumption is that no a priori knowl-
edge of the scene is available. Thus, the 2-D model assumed is of line segments uni-

formly distributed with respect to orientation, position, and scale.

L 5

Figure 2.1 Parameters used in computing the proximity of two end-points.

With these assumptions, the (un-normalized) ‘probability’ N, of proximity being
accidental isgiven by (N =drr?) /min (11, 12) 2, wherer is the distance between end-
points and d is the density of endpoints per unit area. Clearly, the significance is in-
versely proportional to the square of the distance. Since d in not independent of the
length of the line segments, further normalization is possible. Lowe suggests dividing
the above by the square of the length of the shorter of the two line segments involved.
This makes the measure invariant to scaling and also favors longer segments with

greater gaps.
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2.3 Edge-based organization

The largest body of research in perceptual organization deals with images repre-
sented by their edges. It has been shown (see Barrow and Tenenbaum [5]) that in many
cases, edges convey most of the required information and other cues (such as shading,
color etc.) are secondary. Moreover, we tend to prefer edge information over other
cues when such cues are conflicting (see [5]). Also, line drawing of complex objects

are recognized as quickly as full color images

231 Lowe

Lowe [43] discusses the Gestalt notions of co-linearity, co-curvilinearity and
simplicity as important in perceptual grouping and, in fact, was the first to introduce
them to the computer vision community. His claim is that these properties are invariant

to the point of view, and are unlikely to appear by accident.

Assuming a projective model of the camera, colinear lines in the real world
would project to co-linear lines in the image. Proximity has the same property with the
complicating exception that far away points in real life may project to close by points

with any arbitrary probability.

Since there is no hope of finding exact co-linear lines or perfect parallels, Lowe

employs various functions to estimate the degree of significance of a desired relation.

We will now describe in some detail the basic ideas and assumptions suggested
by Lowe and used by many other researchers with minor changes.
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symmetry. They make use of local grey-level differencesto pair up locationsin the im-
age that share a symmetry relation. The claim is that such locations have special mean-
ing to humans, and as such can be used as a focus-of-attention areas. Computing this
symmetry operator on images with faces results in the detection of points near the eyes
and mouth, which are highly symmetrical. It is not clear from their paper whether the

technique works when the faces are not straight ahead.

Zielke [84] has demonstrated a fast algorithm to detect cars in traffic through
their inherent symmetry, again using grey-level information. The general approach is
here is to hypothesize groupings between similar derivative along horizontal scan
lines. The assumption is that the typical car has a vertical symmetry axis. A subse-
guent step attempts to detect straight vertical symmetry axis, and derive the extent of

the car from that.

Ahuja[1] has devised a multi-scale skeleton and edge contours extraction system
that works directly on grey-level images, and provides some degree of gap filling. The
emphasis, though, is on properties of the approach rather than on experiments on real
or simulated data. Here, a distance transform is computed, and properties of the result-
ing skeleton are evaluated and back-projected to bridge gaps. The examples are on
very simple two (or three) shade inputs, making it unclear as to how the technique is
applied to real grey-scale images.
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Manjunath and Chellappa (in [45]), and Malik and Perona (in [44]) use a basis
set of even and odd directional wavelet masks (with different orientations and scales).
This set is convolved with the image to provide a representation of the image which
is orientation selective and has optimal localization properties. An inhibition net is
then set to converge to the desired features followed by grouping of peaks in the gra-

dient response.

Perry and Lowe [54] use a similar decomposition scheme (wavelets) but proceed
with aregion-growing strategy to segment the image. Bovik et al. [12] and Farrokhnia
and Jain [20] suggest a multichannel (hierarchical) approach where the Gabor func-

tions are tuned to a set of selected bands, corresponding to the hierarchy.

Reed and Wechsler [56] present a comparison between several commonly used

representations and demonstrate the feasibility of such schemes to pre-attentive vision.

Recently, Manjunath and Ma [46] have proposed a scheme that makes use of Ga-
bor functions in content-based retrieval of images from large imagery databases. They

report high success rates.

2.2 Grey-level organization

Some interesting work has been done on grey-level images, ailmost without any
stage of preprocessing. This section is brought here since part of our work can be ap-
plied to grey-level images. Reisfeld et al. [57] suggest a symmetry operator that re-
sponds to positions in the image that are on a symmetry axis, especially for circular
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Texture segmentation attempts to find boundaries between neighboring texture
patches, where physical edges do not exist. Texture classification, on the other hand,
is not only interested in locating the boundaries, but also to characterize the texture in

some way (statistical or structural), to facilitate classification.

Most work in segmentation and classification of textures uses local properties
measurements, which are later used in one of the classical segmentation methods, de-

vised for grey-levels or color.

Among the most popular properties measured are the response to directional
masks, especially Gabor functions which have the property of being optimally local-
ized both in the frequency and position domains. This allows for accurate segmenta-

tion in image domain, based on measurements in frequency domain.

( Input ’ most related work
|
( Texture’ Grey Features
[ 1

Statistical Structural
( Classify ’ Segment

Qter ative’non-iterativa

Chart 2.1 A classification of work in Perceptual Grouping
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Chapter 2

Survey of Related Research (2-D)

Work in the field of perceptual organization is fairly limited in the computer vi-
sion community. Numerous researchers have used ad hoc methods somewhat similar
to what Lowe [43] proposed (See “Lowe” on page 14), in order to build systems in
computer vision. Such efforts do not fall into any of the categories we are about to de-

scribe, and will not be further discussed.

Attempting to classify work done in perceptual grouping can be done along
many different axes. Among the most natural are: type of input, nature of the operator
used, mechanism of the algorithm, and model of the output. This survey of related
work is arranged as a ‘tree’ by the order described above (see Chart 2.1). Following
the above categorization precisely is not possible, since the boundaries between the

categories are not sharp, so some diversions will occur.

2.1 Texture segmentation and Classification

We do not attempt to handle inputs in the form of statistical textures, even
though they can be classified correctly as being a perceptual grouping phenomena. A
brief discussion in this subsection is provided for the sake of completeness.
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to find the ‘correct’ scale of perception, but rather offer the perception at all different

scales (See “Multiple Resolution” on page 63).
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Figure1.6  Different perceptionsat different scales. (after [17]). The crooked
linein (c) isseen asa straight vertical line (d) at a coarser scale,
and as either a straight tilted line (a) or a curved segment in (b).

ferent from scale to scale, and in general it is hard to determine what the correct scale
is, or even whether one scale is suitable for a given image. Nevertheless, in many cas-
es a single scale is assumed by humans, based on their expectations from the scene.
Other clues, such as a familiar object or a familiar context, also help reach a decision
regarding the correct scale. These observations are supported by Wertheimer [81] and
other Gestalt researchers. Subriana-Vilanova and Richards [67] also argue that al-
though the pre-attentive process is essentially a bottom-up one, in some difficult situ-
ations, recognition (or even lower-level segmentation) is not possible without the high-
level help (or hint), which is in a sense a top-down process. (The dalmation dog is a

good example of this top-level hint).

Another important parameter related to the scaling issue is the viewing distance.
Clearly, perceptual grouping is not just an objective phenomenon inherent to the image
itself. It is a combination of the image and (among other things) the viewing distance.
We discuss some of these issues in the following chapters. However, we do not attempt
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and good continuation as depicted in Figure 1.4. To see how these laws can conflict,

consider, for example, Figure 1.5. Here, groupings due to proximity conflict with
o ® [ ]

";\\>
<

(b)

(©)

igure1l.5  Conflict between proximity grouping and good continuation. (a) a set of
input points. (b) Theresultsof connecting each point to its nearest neighbor.
(c) the correct connections can only be inferred based on a more global
view of the scene.

groupings based on co-curvilinearity. Towards the right end of the formation, applying
the proximity rule yields one grouping (wrong in this case), while applying the good

continuation yields another (correct).

1.3 Scale Dependency
Both attentive and pre-attentive perceptions occur at many scales. Figure 1.6
shows a curve when viewed at different scales [17]. The perception is obviously dif-
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tours is found in the Kanizsa illusion [34] shown in Figure 1.3(c). Here we perceive
edges which have no physical support whatsoever in the original signal. Figure 1.3(d)
depicts a dot formation. Again, grouping of certain dots is possible, and salient curves

are noticeable.

Among the first to address the issues of pre-attentive perception were the Gestalt
psychologists (e.g. [81,7]). Many ‘laws of grouping’ were formulated (One hundred
and fourteen, to be exact [27]), but none put in any computational (or algorithmic) lan-
guage. Furthermore, the rules tend to supply conflicting explanations to many stimuli.

This makes the computational implementation of such laws non-trivial.

1. Proximity - OO OO OO OO
2. Similarity - 00000000

- —
3. Good Continuation - ~

-
»

—

Figure1.4  Important laws of Gestalt we use in our work.(after [58])
1. Proximity tends to group close-by objects.
2. Smilarity will group similar objects.
3. The dashed lines group based on good continuation properties.
4. Symmetric features tend to group.

Figure 1.4 lists some important laws of grouping. Since most of our work deals
with input in the form of edges, the laws most relevant to our work relate to proximity
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Figure1.3 (&) & (b) Two instances of perceptual arrangements. (c) The Kanizsa
Sguare. (d) A dot formation.

known to only take several hundreds of milliseconds (200-500 ms) to complete, and

are thus not likely to utilize any high-level reasoning mechanism in the brain [7].

The circle in the middle of figure 1.3(a) is easily distinguishable from its noisy
background. Furthermore, we tend to fill the gaps and accept the fragmented circle as
a complete one. More precisely, we are able to complete the circle mentally. The same

holds for the geometrical patternsin 1.3(b). A more striking example of illusory con-
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TOVOTA!

a

Figure 1.2 Examples of attentive perceptual groupings. (From[60] and [22])

familiar word TOY OTA. The letters become recognizable when put in the familiar for-

mation of a word, and with the help of the word being a common one (after [60]).

Figure 1.2(b) also makes use of our representation of a dog in order to recognize

the dalmation dog. Any part of the image by itself is not salient (from [22]).

Attentive processes take considerably longer than the pre-attentive ones. Exam-

ples are known (e.g. in [43]) where perception takes as much as several minutes.

Our work does not attempt to replicate scenarii which are of the attentive kind.
It does, however, tries to computationally mimic perceptual phenomena of pre-atten-
tive nature. Figure 1.3 depicts examples of perceptual groupings which are of interest

to us, and considered to be the result of a pre-attentive process. Such processes are
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recognition schemes (like [65]) rely on at least partial connectedness of the edges, and
cannot function if the edge image is very fragmented. Also, the amount of noise is di-
rectly proportional to the computational cost of finding ‘real’ objectsin a scene, since

all features (true and noise) have to checked against the database of valid objects.

Using global perceptual considerations when attempting to connect fragmented
edge images can alleviate many of the above problems, as we show later in this doc-

ument.

1.2 Perceptual Grouping

Perceptual Grouping refers to a class of visual phenomena where grouping of
physically non-connected elements in the image occurs. This task turns into a figure-
ground problem when patterns are embedded in noise. A simple every-day example
would be a car moving behind a tree. Humans have no problem deciding that the two
‘half-cars' visible from both sides of the tree belong to the same object, and in a sense
we group the elements into one entity. Many rules (or mechanisms) have been pro-

posed to explain our grouping decisions, as we discuss next.

We divide perceptual grouping into two main branches, attentive and pre-atten-

tive brain processes.

An attentive process is one which needs to use previously acquired knowledge
in order to perceive an object in an image. Figure 1.2 shows two examples of attentive
groupings. The character T (Figure 1.2(a)) is not recognizable when isolated from the
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1.1 Motivation

Consider, for example, the scene shown in Figure 1.1(a) and its edge image! as
shown in Figure 1.1(b). As the edge image clearly shows, the outlines of the objects
are not perfect, noise is present, and in many areas in the image no local support is
present to produce an edge. Furthermore, in most cases, manual tuning of thresholds

isrequired in order to get acceptable edges.

Methods for edge labeling (like [28,15,80]) assume perfect segmentation and
connectivity, and define constraints which are only valid under these assumptions.
These methods cannot work on such edges. Other methods, like shape from contour
[78], and representation of objects [59, 68], also rely heavily on the connectedness of

the edges and can benefit from the removal of noise (erroneous segments) Pattern

u\ % \\““r%

igurel.l  Animage and its edges as produced by state-of-the-art edge detectors.

1. Using a Canny edge detector [14] with a high threshold of 2 (CME system)

Chapter 1-Introduction 2



Chapter 1

Inferencein 2-D

| ntroduction

Thiswork aims at bridging the gap between what is produced by state-of-the-art
low-level algorithms (such as edge detectors) and what is desired as input to high level
algorithms (perfect contours, no noise, no fragmentation, etc.). Many researchers re-
sort to using synthetic data as their input because of these weaknesses. We believe that
this gap can be bridged only by imposing constraints which are non-local. The con-

straints we impose here are derived from perceptual and computational considerations.

We treat the problem in 2-D and in 3-D. Chapters 1 through 3 discuss the 2-D
case where input is expected in the form of a sparse edge map and/or a set of un-ori-
ented points, and our output describes the same scene in terms of connected curves. In
the 3-D case (Chapter 4) we expect a 3-D cloud of points with or without normal in-
formation. Here our approach attempts to describe the scene in terms of triangulated

surfaces, space curves, and 3-D junctions.

Chapter 1-Inferencein 2-D 1



The scheme is non-iterative, parameter-free, can handle multiple objects, each
with any size genus, and does not require an initial guess. Moreover, it can handle
large amounts of noise, both in the form of erroneous input primitives, and in the lo-

calization accuracy of valid input samples.

We present results on synthetic and real data.
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Abstract

We address the problem of inferring high-level descriptions from sparse and
noisy input data in 2-D and in 3-D. We claim that a local process cannot always cap-
ture meaningful structure among input data points, and more global constraints need
to be imposed. Our system employs a global voting scheme that makes use of percep-
tual grouping constraints. The constraints relate to properties such as smoothness, co-
curvilinearity, proximity, and curvature. These are captured into a single vector field
applied at each input site. Thus, the voting process becomes a superposition of these

fields over the entire input space.

The result of the voting phase is represented in a compact way, by keeping a co-

variance matrix at each site (2x2 in 2-D, and 3x3 in 3-D).

The interpretation of the voting phase generates a dense saliency map which
lends itself to easy extraction of high-level primitives. These include junctions and

edges in 2-D, and junctions, space curves, and surfaces in 3-D.

The result is in the form of dense saliency maps for curves and junctions (in 2-
D), and surfaces, intersections between surfaces, and 3-D junctions (in 3-D). These sa-
liency maps are then used to guide a ‘marching’ process to generate a high-level de-
scription. In the 2-D case, the description is in terms of connected curves and
junctions, while in the 3-D case it consists of polygonal meshes, polygonal space
curves, and 3-D junctions.
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