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This paper addresses the problem of learning shape models
from examples. The contributions are twofold. First, a comparative study
is performed of various methods for establishing shape correspondence based on shape decomposition, feature selection and alignment. Various
registration methods using polygonal and Fourier features are extended
to deal with shapes at multiple scales and the importance of doing so is
illustrated. Second, we consider an appearance-based modeling technique
which represents a shape distribution in terms of clusters containing
similar shapes; each cluster is associated with a separate feature space.
This representation is obtained by applying a novel simultaneous shape
registration and clustering procedure on a set of training shapes. We
illustrate the various techniques on pedestrian and plane shapes.
Abstract.

1

Introduction

For many interesting object detection tasks there are no explicit prior models
available to support a matching process. This is typically the case for the detection of complex non-rigid objects under unrestricted viewpoints and/or under
changing illumination conditions. In this paper we deal with methods for acquiring (i.e. "learning") shape models from examples. Section 2 reviews existing
methods for establishing shape correspondence and modeling shape variation.
Shape registration methods bypass the need for tedious manual labeling and
establish point correspondences between shapes in a training set automatically.
Although a sizeable literature exists in this area (e.g. [1] [2] [3] [5] [9]), there
has been little e ort done so far in comparing various approaches. We perform
a comparative study on various shape registration methods in Section 3 and
demonstrate the bene t of describing shapes at multiple scales for this purpose.
The best performing registration method is combined with a clustering algorithm to describe arbitrary shape distributions in terms of clusters containing
similar shapes; each cluster is associated with a separate feature space, see Sec-

tion 4. Bene ts of such representation are discussed in Section 5, after which we
conclude in Section 6.

2
2.1

Review
Shape Registration

A review of previous work on shape registration shows that a typical procedure
follows a similar succession of steps: shape decomposition, feature selection, point
correspondence and nally, alignment.
The rst step, shape decomposition, involves determining control ("landmark") points along a contour and breaking the shape into corresponding segments. One way of doing this is to consider the curvature function along the
object's contour and to determine the locations of the minima and maxima. The
curvature function is computed by convolving the edge direction function of a
contour point with the rst derivative of a Gaussian function. The parameter 
in the Gaussian function determines the smoothing of a shape, see for example
[11] [12] [13]. A di erent method for determining control points is described in
[14], where points are removed according to a criticality measure based on the
area of three successive points.
Once shape segments have been determined, the next step involves selecting
features that are transformation invariant (e.g. translation, rotation and scale).
These features are usually selected based on an approximation of the shape
segments; most common are straight-line (i.e. polygonal) [3] [5] [9] [11] and
Fourier approximations [7]. Similarity measures are typically based on length
ratios and angles between successive segments for the polygonal case (e.g. [11])
and weighted Euclidean metrics on the low-order Fourier coeÆcients, for the
Fourier approximations (e.g. [7]).
At this point, correspondence between the control points of two shapes can
be established by means of either combinatoric approaches or sequential pattern
matching techniques. Each correspondence is evaluated using match measures
on the local features discussed earlier. Combinatoric approaches [3] [11] select
iteratively a (e.g. minimal) set of initial correspondences and use various greedy
methods to assign the remaining points. The advantage of this approach is that
the overall goodness of a match can be based on all contour points simultaneously. Additional e ort is necessary, though, to account for ordering constraints.
Sequential pattern matching techniques, on the other hand, inherently enforce
ordering constraints. Dynamic programming is widely used [5] [7] since it is an
eÆcient technique to come up with optimal solutions for the case of an evaluation
measure which has the Markov property.
Finally, after correspondence between control points has been established
(and possibly, between interpolated points), alignment with respect to similarity
transformation is achieved by a least-squares t [2]. The above techniques for
shape registration have important applications for partial curve matching in
object recognition tasks [5] [7] [11]. Next subsection deals with their use for
modeling shape variation.

2.2

Modeling Shape Variation

Registration establishes point correspondence between a pair of shapes. The
straightforward way to account for N shapes is to embed all N shapes in a
single feature vector space, based on the x and y locations of their corresponding points. This is done either by selecting one shape (typically, the "closest"
to the others) and aligning all others to it, or by employing a somewhat more
complex hierarchical procedure [9]. The resulting vector space allows the computation of various compact representations for the shape distribution, based on
radial (mean-variance) [6] or modal (linear subspace) [1] [2] [9] decompositions.
Combinations are also possible [8].
The assumption that point correspondence can be established across all training shapes of a particular object class by means of automatic shape registration
is in many cases problematic, however. For example, none of the shape registration methods we analyzed were able to correctly register a pedestrian shape
with the two feet apart with one with the feet together, without operator input
or prior knowledge. A more general registration approach does not forcibly embed all N shapes into the same feature vector space. Instead, it combines shape
clustering and registration, embedding only the (similar) shapes within a cluster
into the same vector space. This is the approach pursued in Section 4, adapted
from earlier work [3].
Finally, some approaches [4] [5] do not try to embed shapes into a vector space
altogether; a hierarchical representation is built solely on the basis of pairwise
dissimilarity values. See also Section 5 and [10].

3

Shape Registration

In this study, we jointly compare the performance of control point detection, feature extraction and matching algorithms for the purpose of shape registration.
Under consideration are two techniques for control point detection, the rst is
the Gaussian-based ltering of the curvature function [11] and the second is the
critical point detection algorithm described in [14]. We furthermore compare two
techniques for feature selection and similarity measurement: one based on polygonal approximations [11] and one based on piecewise Fourier decompositions [7].
We choose as matching algorithm invariably dynamic programming, because of
its eÆciency and optimality property. This leads to a total of four methods under
consideration. The experiments involve computing pairwise alignments between
all elements of a particular shape data set and recording the mean Euclidean
distance between corresponding contour points after alignment, i.e. the mean
alignment error. Dense point correspondences are inferred by interpolating the
correspondences between the control points.
Our study furthermore extends previous shape registration work [7] [11] by
representing shapes at multiple scales. For the method of [11], this is achieved
by using multiple Gaussian  values (e.g. [12] [13]), whereas in [14] this involves
using di erent area criteria. In the experiments, we compute shape registrations
for all scales and consider the one which minimizes the mean alignment error.

Two data sets were used to evaluate the four method combinations, a set
of 25 plane contours (height 100 - 200 pixels) and a set of 50 pedestrian contours (height 80 pixels). See Figure 1. Figure 2b illustrates the multi-scale shape
representation resulting from the Gaussian ltering of the curvature function.
Figure 2c shows the e ects of varying the number of Fourier coeÆcients, at one
particular scale.
The importance of maintaining shape representations at multiple scales is
demonstrated in Figure 3. The histogram shows the number of alignments (y axis) at which a particular scale  -interval (x-axis) results in the best pairwise
alignment in terms of minimizing the mean alignment error. This particular
data pertains to the registration method that combines control point detection
by Gaussian curvature ltering and the use of Fourier features for the pedestrian
data set. From the Figure one observes that a wide range of scales are utilized for
the "best" alignment; a registration approach that would only use a single scale
representation (i.e. choosing a single bar of the histogram) would be non-optimal
for most of the shape alignments considered.
Some typical point correspondences and alignments are shown in Figure 4.
As can be seen, the registration method is quite successful in pairing up the
physically corresponding points (e.g. the tip and wings of the planes, the heads
and feet of the pedestrians).

(a)
Fig. 1.

(b)

Example (a) pedestrian shapes (b) plane shapes.

Figure 5 summarizes the results of the shape registration experiments. It
shows the cumulative distribution of the mean alignment error for the plane
(Figure 5a) and pedestrian (Figure 5b) data sets, for the four combinations
analyzed and based on 600 and 2450 pairwise alignments, respectively. For example, about 80% of the pedestrian alignments resulted in a mean alignment
error smaller than 9 pixels (on a pedestrian size of 80 pixels) for method c-,
Gaussian curvature ltering with polygonal features. More revealing is relative
performance of the methods. From the Figure one observes that Gaussian ltering of the curvature function provides a better multi-scale shape representation

(a)

(b)

(c)
Multi scale representation (a) original shape (b) polygonal approximations
(decreasing  value from left to right) (c) Fourier approximations (increasing number
of coeÆcients used from left to right)
Fig. 2.

Histogram showing number of alignments (y -axis) at which a particular scale
 -interval (x-axis) results in the best pairwise alignment, using Gaussian curvature
ltering [11]
Fig. 3.

than that derived from the critical point detection algorithm (compare graphs
a- and c- versus graphs b- and d-), at least as far as our implementation is
concerned. Also, the Fourier features proved to be more suitable in dealing with
the curved shapes of our data sets (compare graphs a- and b- versus graphs cand d-).

4

Shape Clustering

After the comparative study on shape registration, we used the best performing
method (i.e. Gaussian curvature ltering for control point detection and Fourier
coeÆcients as features) to embed the N shapes of the training set into feature
spaces. As mentioned in Subsection 2.2, for many datasets it is not feasible to

(c)

(d)
(c)
(d)
Fig. 4. Established point correspondences between two (a) planes and (b) pedestrians
and their pairwise alignment, (c) and (d). Aligned shapes are superimposed in grey.
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(b)
Fig. 5. Cumulative distribution of the mean alignment error for the (a) plane and
(b) pedestrian data of the four methods analyzed (a- Gaussian curvature ltering [11]
multi-scale with Fourier features [7], b- "critical point" [14] multi-scale with Fourier
features [7], c- Gaussian curvature ltering [11] multi-scale with polygonal features [11],
and d- "critical point" [14] multi-scale with polygonal features [11]). The horizontal
axis is in units of pixels. Object size 100 - 200 pixels for (a) and 80 pixels for (b)

map all N shapes onto a single feature space because of considerable shape differences. Therefore, we follow a combined clustering and registration approach
which establishes shape correspondence only between (similar) shapes within a
cluster. The clustering algorithm is similar to the classical K-means approach:
pick an initial shape S1 and add it to cluster C1
as prototype: C1 = fS1 g, P1 = S1
while there are shapes left do
1. select one of remaining shapes: Sk
2. compute mean alignment error d(Sk ; Pi ) from
element Sk to the existing prototypes Pi ,
where i ranges over the number of clusters
created so far
3. Compute dmin = d(Sk ; Pj ) = mini d(Sk ; Pi ).
if d(Sk ; Pj ) > 
0.

30

assign Sk to a new cluster Cn+1 :
= fSk g; Pn+1 = Sk
else assign Sk to existing cluster
Cj = fSj 1 ; :::Sjn g and update its prototype:
Cj = Cj [ fSk g
Pj = Mean(Sj 1 ; :::; Sjn ; Sk )
then

Cn+1

end

In the above, Step 2 consists of applying our best performing shape registration
method (see previous Section) to establish point correspondences and compute
alignment errors. The resulting point correspondences are used for the prototype
computation in Step 3. See Figure 6a. Parameter  is a user-de ned dissimilarity
threshold that controls the number of clusters to be created. Compared to [3], the
above formulation has the advantage that it does not require the computation
of the full dissimilarity matrix d(Si ; Sj ). It furthermore adjusts the prototype
whenever new elements are assigned to a group. Figure 6b illustrates some typical
clustering results.

(a)

(b)

(a) Computing a "mean" or prototype shape (in black) from aligned shape
samples (in grey) (b) Shape clustering: each row contains the elements of a di erent
cluster
Fig. 6.

5

Outlook

Learned shape models can be used for matching and tracking purposes. We are
currently utilizing the approach described in previous Section for learning pedestrian shapes and improving the performance of the Chamfer System [4], a system for shape-based object detection. At its core, the system performs template
matching using distance transforms. It has an o -line phase where a template
hierarchy is built by clustering shapes recursively; clustering is solely based on
dissimilarity values [4]. Here, the followed shape registration and modeling approach establishes feature spaces which facilitate the computation of improved

shape prototypes, i.e. the arithmetic mean of the shape cluster elements. Furthermore, the presence of a feature space enables standard data dimensionality
reduction techniques which can used for the generation of "virtual" shapes, enriching the training set of the Chamfer System.

6

Conclusions

This paper performed a comparative study of various methods for shape registration and identi ed a multi-scale method based on Gaussian curvature ltering
and Fourier features as best performing one. This registration step was incorporated in a shape clustering algorithm which allows the representation of arbitrary
shape distributions in terms of clusters of similar shapes, embedded in separate
feature spaces.
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