Chapter 5

Perceptual Organization of Shape
James H. Elder

5.1 Introduction
Computing the correct bounding contours of objects in complex natural scenes is
generally thought to be one of the harder computer vision problems, and the state
of the art is still quite far from human performance, when human subjects are given
an arbitrary amount of time to delineate the shape of these contours [1]. How do we
explain this gap? One possibility is that, when given enough time, humans fall back
on high-level, deliberative reasoning processes. If this is true, then it is possible that
when faced with detecting and recognizing objects in an active vision timeframe
(hundreds of milliseconds), we may rely upon a simpler “bag of tricks”, using appearance cues such as texture and color to discriminate objects.
To address this possibility, let us consider the specific task of rapidly detecting
animals in natural scenes. Humans perform this task remarkably well: evoked potential studies indicate that the corresponding neural signals can emerge in the brain
within 150 msec of stimulus onset [32], and eye movements toward animal targets
can be initiated in roughly the same timeframe [20].
Until recently, little was known about the cues that humans use to achieve this
impressive level of performance. However, a recent study by Elder & Velisavjlević [10] sheds some light on this question. This study made use of a standard computer vision image dataset called the Berkeley Segmentation Dataset (BSD) [26].
For each image in the dataset, the BSD provides hand segmentations created by
human subjects, each of which carves up the image into meaningful regions. Elder
& Velisavjlević used this dataset to create new images in which luminance, color,
texture and shape cues were selectively turned on or off (Fig. 5.1—top). They then
measured performance for animal detection using these various modified images
over a range of stimulus durations (Fig. 5.1—bottom left), and estimated the weight
of each cue using a multiple regression technique (Fig. 5.1—bottom right).
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Fig. 5.1 Psychophysical animal detection experiment. Top: Example stimuli. The letters indicate
the cues available: Luminance, Color, Texture, Shape. ‘SO’ stands for ‘Shape Outline’. Bottom left:
Stimulus sequence. Bottom right: Estimated loadings for four cues to animal detection. From [10]

The results show that humans do not use simple luminance or color cues for
animal detection, but instead rely on shape and texture cues. Interestingly, shape
cues appear to be the first available, influencing performance for stimulus durations
as short as 10 msec, within a backward masking paradigm. These results suggest that
contour shape cues are not “luxury items” used only when time is not a factor, but
rather underlie our fastest judgements about the objects around us. So the question
remains: how does the brain rapidly and reliably extract contour shape information
from complex natural scenes?

5.2 Computational Models
Computer vision algorithms for contour grouping typically assume as input a map
of the local oriented elements to be grouped into chains corresponding to the boundaries of objects in the scene. This is a combinatorial problem—exhaustive methods
have exponential complexity and are thus infeasible as algorithms or models for
information processing in the brain.
To tame this complexity, most research has focused on modelling and exploiting
only the first-order probabilistic relations between successive elements on bounding contours, in other words, modelling contours, either explicitly or implicitly, as
first-order Markov chains. In the psychophysics community, this has led to the notion of an “association field” encoding these local relations [13, 28], identified with
long-range lateral connections known to link compatible orientation hypercolumms
in primate striate cortex [16]. The probabilistic expression of this model has been
supported by studies of the ecological statistics of contour grouping, which have
also focused principally upon first-order cues [7, 15, 21, 35].
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Fig. 5.2 Contour grouping algorithms. Right column: Single scale. Left three columns: multi-scale,
with coarse-to-fine feedback. From [12]

Similarly, many computer vision algorithms for contour grouping have employed
a Markov assumption and have focused on first-order cues [3, 4, 8, 11, 18, 24, 28,
33, 41, 43]. However, these first-order Markov algorithms have generally not performed well unless augmented by additional problem-domain knowledge [8] or user
interaction [5]. An example from [8] is shown in Fig. 5.2 (right column). The algorithm proceeds by greedy search over the exponential space of possible contours,
monotonically increasing the length of the contour hypotheses, and pruning those
of lower probability. As can be seen in this example, closed contours corresponding to parts of objects can sometimes be computed in this way, but for complex
scenes it is rare that the entire object boundary is recovered exactly, unless additional domain-specific constraints are brought to bear.
Recently, however, Estrada & Elder [12] demonstrated that the same algorithm
performs much more effectively when placed within a coarse-to-fine scale-space
framework (Fig. 5.2—left three columns). In this framework, a Gaussian scale-space
over the image is formed, and greedy search is first initiated at the coarsest scale.
Since the number of features at this scale is greatly reduced, the search space is much
smaller and the algorithm generally finds good, coarse blob hypotheses that code the
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Fig. 5.3 Feedback in the human object pathway. The diagram on the upper right is modified
from [39]. Solid arrowheads indicate feedforward connections, open arrowheads indicate feedback
connections

rough location and shape of the salient objects in the scene. These hypotheses are
then fed back to the next finer level of resolution, where they serve as probabilistic
priors, conditioning the likelihoods and effectively shrinking the search space to
promising regions of the image.
The success of this simple framework raises the possibility that the brain may
also use a feedback mechanism to transmit global shape constraints to the early
visual mechanisms involved in contour grouping.

5.3 Feedback in the Primate Object Pathway
Physiologically, it is certainly plausible that feedback might be involved in the perceptual organization of contours in the human brain. Figure 5.3 (right) shows the
known connectivity of visual areas in the object pathway of primate brain. While
processing is often described by default as a feedforward sequence V1 → V2 →
V4 → TE/TEO [37], in fact there are feedback connections from each of the later
areas to each of the earlier areas, as well as additional feedforward connections.
While some have argued that animal detection by humans and other primates is
too fast to allow time for feedback [20, 32, 37], behavioral and physiological reaction times are always broadly dispersed, with a long positive tail. Thus even if the
very fastest reactions (perhaps on the easy conditions) are strictly feedforward, there
is time for feedback on the rest. Furthermore, recent evidence suggests that visual
signals arrive in higher areas much faster than previously thought [14], allowing
sufficient time for feedback even on the fastest trials.
What exactly are the grouping computations effected by the recurrent circuits in
primate object pathway? We are far from being able to answer this question, but
Fig. 5.3 (left) illustrates one specific conceptual model (see also [2, 22, 38, 42]). For
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concreteness, let us suppose that earlier areas (e.g., V1, V2) in the visual pathway
compute and encode specific partial grouping hypotheses corresponding to fragments of contours. These fragment hypotheses are communicated to higher-order
areas (e.g., V4 or TEO), which use them to generate more complete hypotheses of
the global shape. These global hypotheses are then fed back to earlier visual areas to
sharpen selectivity for other fragments that might support these global hypotheses.
A central component of this architecture is a generative model of shape that is
capable of producing probable global shape hypotheses given partial shape information. This generative shape module will be our focus for the remainder of the
chapter.

5.4 Generative Models of Shape
While there are many computational theories and algorithms for shape representation, few are truly generative, and those that are or could be have not been fully
developed and tested (e.g., [23]). An important exception is the shapelet theory proposed by Dubinskiy & Zhu [6]. The theory is based upon the representation of a
shape by a summation of component shapelets. A shapelet is a primitive curve defined by Gabor-like coordinate functions that map arclength to the plane. Shifting
and scaling shapelets over the arclength parameter produces a basis set that, when
combined additively, can model arbitrarily complex shapes.
The shapelet approach has many advantages. For example, components are localized, albeit only in arclength, and scale is made explicit in a natural way. However,
like other contour-based methods, the shapelet theory does not explicitly capture
regional properties of shape. Perhaps most crucially, the model does not respect
the topology of object boundaries: sampling from the model will in general yield
non-simple, i.e., self-intersecting, curves.

5.4.1 Localized Diffeomorphisms: Formlets
A different class of model that could be called region-based involves the application
of coordinate transformations of the planar space in which a shape is embedded.
This idea can be traced back at least to D’Arcy Thompson, who considered specific classes of global coordinate transformations to model the relationship between
the shapes of different animal species [36]. Coordinate transformation methods for
representing shape have been explored more recently in the field of computer vision (e.g., [19, 34]), but these methods do not in general preserve the topology of
embedded contours.
While general smooth coordinate transformations of the plane will not preserve
the topology of an embedded curve, it is possible to design a specific family of diffeomorphic transformations that will [9, 17, 27]. It then follows immediately by induction that a generative model based upon arbitrary sequences of diffeomorphisms
will preserve topology.
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Specifically, let us consider a family of diffeomorphisms we will call formlets
[9, 27], in tribute to D’Arcy Thompson’s seminal book On Growth and Form [36].
A formlet is a simple, isotropic, radial deformation of planar space that is localized within a specified circular region of a selected point in the plane. The family
comprises formlets over all locations and spatial scales. While the gain of the deformation is also a free parameter, it is constrained to satisfy a simple criterion that
guarantees that the formlet is a diffeomorphism. Since topological changes in an
embedded figure can only occur if the deformation mapping is either discontinuous
or non-injective, these diffeomorphic deformations are guaranteed to preserve the
topology of embedded figures.
This formlet model is closely related to recent work by Grenander and colleagues
[17], modeling changes to anatomical parts over time. There the problem is: given
two MRI images It and It+1 of an anatomical structure taken at two successive times
t and t + 1, first (a) compute the deformation vector field that associates each pixel
of It with a pixel of It+1 , and then (b) represent this deformation field by a sequence
of local and radial diffeomorphisms. They demonstrated their method, which they
called Growth by Random Iterated Diffeomorphisms (GRID), on the problem of
tracking growth in the rat brain, as revealed in sequential planar sections of MRI
data. Subsequent work has focused on the generalization of this method to other coordinate systems [29], on establishing the existence and uniqueness of a continuous
‘growth flow’ given a specified forcing function [31] and on investigating regularized versions of the GRID formulation [30].
The underlying mathematics here are very similar, although there are some important differences in the exact nature of the localized diffeomorphisms and the
manner in which parameters are estimated. But the crucial question of interest here
is whether these ideas can be extended to model not just differential deformations
between two successive images, but to serve as the framework for a generative
model over the entire space of smooth shapes, based upon a universal embryonic
shape in the plane such as an ellipse.

5.5 Formlet Coding
5.5.1 Formlet Bases
We represent the image by the complex plane C, and define a formlet f : C → C
to be a diffeomorphism localized in scale and space. Such a deformation can be
realized by centering f about the point ζ ∈ C and allowing f to deform the plane
within a (σ ∈ R+ )-region of ζ . A Gabor-inspired formlet deformation can be defined
as

z−ζ 
ρ |z − ζ |; σ, α , where
|z − ζ |

 2

−r
2πr
.
exp
ρ(r; σ, α) = r + α sin
σ
σ2

f (z; ζ, σ, α) = ζ +

(5.1)
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Fig. 5.4 Example formlet
deformations. The location ζ
of the formlet is indicated by
the red marker. From [27]

Thus, each formlet f : C → C is a localized isotropic and radial deformation of
the plane at location ζ and scale σ . The magnitude of the deformation is controlled
by the gain parameter α ∈ R. Figure 5.4 demonstrates formlet deformations of the
plane with positive and negative gain.

5.5.2 Diffeomorphism Constraint
Without any constraints on the parameters, these deformations, though continuous,
can fold the plane on itself, changing the topology of an embedded contour. In order to preserve topology, we must constrain the gain parameter to guarantee that
each deformation is a diffeomorphism. As the formlets defined in Eq. (5.1) are both
isotropic and angle preserving, it is sufficient to require that the radial deformation
ρ be a diffeomorphism of R+ , i.e., that ρ(r; σ, α) be strictly increasing in r. It can
be shown [9, 17, 27] that this requirement leads to a very simple diffeomorphism
constraint:


1
(5.2)
α ∈ σ − , 0.1956 .
2π
By enforcing this constraint, we guarantee that the formlet f (z, ζ, σ, α) is a diffeomorphism of the plane.
Figures 5.5(a) and (b) show the radial deformation function ρ(r; σ, α) as a function of r for a range of gain α and scale σ values respectively. Figures 5.5(c) and (d)
show the corresponding trace of the formlet deformation of an ellipse in the plane.

5.5.3 Formlet Composition
The power of formlets is that they can be composed to produce complex shapes
while preserving topology. Given an embryonic shape Γ 0 (t) and a sequence of K
formlets {f1 , . . . , fK }, the new shape Γ K (t), defined as


(5.3)
Γ K (t) = (fK ◦ fK−1 ◦ · · · ◦ f1 ) Γ 0 (t) ,
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Fig. 5.5 Formlet
transformations as a function
of scale and gain. Red
denotes invalid formlet
parameters outside the
diffeomorphism bounds of
Eq. (5.2). From [27]

Fig. 5.6 Shapes generated by random formlet composition over the unit circle. Top row: shapes
resulting from a sequence of five random formlets. The red dot and circle indicate formlet location
ζ and scale σ , respectively. Bottom row: example shapes produced from the composition of many
random formlets. From [27]

is guaranteed to have the same topology as the original embryonic shape Γ 0 (t).
Figure 5.6 shows an example of forward composition from a circular embryonic
shape, where the formlet parameters ζ, σ , and α have been randomly selected. Note
that a rich set of complex shapes is generated without leaving the space of valid
shapes (simple, closed contours).
A more difficult but interesting problem is inverse formlet composition: given an
observed shape Γ obs (t), determine the sequence of K formlets {f1 , . . . , fK }, drawn
from a formlet dictionary D producing the new shape Γ K (t) that best approximates
Γ obs (t), according to a specified error measure ξ . Here, we measure error as the L2
norm of the residual.
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5.6 Formlet Pursuit
To explore the inverse problem of constructing formlet representations of planar
shapes, Oleskiw et al. [9, 27] employed a set of 391 blue-screened images of animal models from the Hemera Photo-Object database. The boundary of each object
was sampled at 128 points at regular arc-length intervals. The full dataset of object
shapes used is available at www.elderlab.yorku.ca/formlets.
To estimate the optimal formlet sequence {f1 , . . . , fK }, a version of matching
pursuit for sparse approximation was employed [25]. Specifically, given an observed target shape Γ obs , the model was initialized as a an embryonic elliptical
shape Γ 0 minimizing the L2 error ξ(Γ obs , Γ 0 ). At iteration k of the formlet pursuit
algorithm, the formlet fk (z; ζk , σk , αk ) is selected that, when applied to the current
model Γ k−1 , maximally reduces the approximation error.
This is a difficult non-convex optimization problem with many local minima.
Fortunately, the error function is quadratic in the formlet gain α, so that, given a
specified location ζ and scale σ , the optimal gain α ∗ can be computed analytically
[9, 27]. Thus, the problem comes down to a search over location and scale parameters. In practice, this problem can be solved effectively by a dictionary descent
method, which combines a coarse grid search with local gradient descent at promising locations in the parameter space [9].

5.7 Evaluation
This shape model can be evaluated by addressing the problem of contour completion, using the animal shape dataset. In natural scenes, object boundaries are often
fragmented by occlusion and loss of contrast: contour completion is the process
of filling in the missing parts. Note that this is precisely the task of the generative
model in the feedback process illustrated in Fig. 5.3.
Oleskiw and colleagues [9, 27] compared the formlet model with the shapelet
model described in Sect. 5.4 [6]. For each shape in the dataset, they simulated the
occlusion of a section of the contour, and allowed the two methods to pursue only
the remaining visible portion. They then measured the residual error between the
model and target for both the visible and occluded portions of the shapes. Performance on the occluded portions, where the model is under-constrained by the
data, reveals how well the structure of the model captures properties of natural
shapes. Implementations for both the formlet and shapelet models are available at
www.elderlab.yorku.ca/formlets.
Figure 5.7 shows example qualitative results for this experiment. While shapelet
pursuit introduces topological errors in both visible and occluded regions, formlet
pursuit remains topologically valid, as predicted. Figure 5.8 shows quantitative results. While the shapelet and formlet models achieve comparable error on the visible
portions of the boundaries, on the occluded portions the error is substantially lower
for the formlet representation. This suggests that the structure of the formlet model
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Fig. 5.7 Example of 30 % occlusion pursuit with shapelets (red) and formlets (blue) for
k = 0, 2, 4, 8, 16, 32. Solid lines indicate visible contour, dashed lines indicate occluded contour.
From [9]

Fig. 5.8 Results of occlusion pursuit evaluation. Black denotes error for Γ 0 (t), the affine-fit ellipse. From [9]

better captures regularities in the shapes of natural objects. The two principal reasons for this are thought to be [9] (a) respecting the topology of the shape prunes off
many inferior completion solutions and (b) by working in the image space, rather
than arc length, the formlet model is better able to capture important regional properties of shape.

5.8 Discussion
Strictly feedforward algorithms for contour grouping based upon first-order Markov
models of contours tend to work poorly on complex natural scenes, yet humans
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are able to make effective use of contour shape information for object detection
[10]. Proven performance advantages of coarse-to-fine methods for contour grouping [12], together with the massive feedback connections that are known to pervade
primate object pathway [39, 40] suggest that the human brain may employ a recurrent computation to group contours and efficiently extract shape information from
natural scenes.
A key requirement for this recurrent network is a generative model of shape capable of producing global shape “hallucinations” based on contour fragments computed in early visual cortex. These global shape hypotheses can then be fed back
to early visual areas to condition search for additional fragments that might support
the hypotheses.
The main problem in establishing such a generative model has been topology:
prior models do not guarantee that sampled shapes are simple closed contours (e.g.,
[6]). Recently, however, a novel framework for shape representation has been introduced that guarantees that sampled shapes will have the correct topology. The theory
[9, 27], based upon localized diffeomorphic deformations of the image called formlets, has its roots in early investigations of biological shape transformation [36],
and is closely related to recent work modelling growth in biomedical imaging data
[17]. The formlet representation is seen to yield more accurate shape completion
than an alternative contour-based generative model of shape, which should make it
more effective at generating global shape hypotheses to guide feedforward contour
grouping processes.
These findings suggest a number of future experiments and computational investigations: (1) Is there any psychophysical evidence that humans exploit higher-order
shape features to segment contours in complex, cluttered scenes? If we do, is there
any evidence that this involves a feedback circuit? (2) Many shapes have highly
elongated parts that are not efficiently modelled by isotropic formlets. Is there a
way to generalize the theory to incorporate oriented formlets? (3) Applying the theory effectively for problems of grouping, detection and recognition will require a
probabilistic model over formlet sequences. What is an appropriate structure for
this model, and how can its parameters be learned?
Answers to these questions will bring us considerably closer to an understanding
of the perceptual organization of shape.
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