PROC. OF IEEE CONFERENCE ON COMPUTER VISION AND PATTERN RECOGNITION, PP. 676-681, KAUAI, USA, 2001

VIRTUAL SAMPLE GENERATION
FOR TEMPLATE-BASED SHAPE MATCHING

D.M. Gavrila and J. Giebel

Image Understanding Systems, DaimlerChrysler Research, Ulm 89081, Germany
{dariu.gavrila,jan.giebel }@DaimlerChrysler.com, www.gavrila.net

ABSTRACT

This paper presents a method for improving the perfor-
mance of matching systems that correlate using shape
templates. The basic idea involves extending an ex-
isting set of training shapes with generated ”virtual”
shapes, in order to improve representational capabil-
ity. Yet no a-priori feature correspondence is necessary
among the original shapes in the training set. Instead,
an integrated clustering and registration approach par-
titions the original shape samples into clusters of sim-
ilar and registered shapes; in each cluster a separate
feature space is embedded. This allows for each cluster
the derivation of standard compact parameterizations.
This paper demonstrates that sampling these low-order
spaces can produce an extended training set which fa-
cilitates a superior matching performance, as measured
by a ROC curve. In the experiments, we consider a
realistic application involving thousands of pedestrian
shapes and perform correlation matching based on dis-
tance transforms.

1. INTRODUCTION

For many interesting object detection tasks there are
no explicit prior models available to support a match-
ing process. This is typically the case for the detection
of complex non-rigid objects under unrestricted view-
points and/or under changing illumination conditions.
This paper deals with shape-based systems which cap-
ture object appearance by a set of shape templates and
which use correlation as basic tool for matching. The
appeal of such systems lies in their robustness and gen-
erality. Their robustness is derived from a template-
driven approach which reduces the burden on error-
prone segmentation. Correlation copes relatively well
with missing data due to occlusion or incorrect segmen-
tation. Their generality relates to the ease in dealing
with a broad class of shapes, without requiring feature
correspondences or parameterizations of the training
shapes.

Among appearance-based systems using shape tem-
plates, those that correlate using distance transforms
[1] have proven to be particularly successful. The smooth-
ness of the resulting correlation measure with respect
to shape perturbations and changes in transformation
parameters enables the use of very efficient pruning and
hierarchical techniques for matching [3] [12] [6].

An important prerequisite, however, for such appear-
ance-based systems is that their training set adequately
covers the object’s shape distribution. All possible ob-
ject instances should ideally have a dissimilarity value
below the matching threshold with respect to existing
templates. Yet the ability to collect training samples
is for many applications limited by practical reasons.
This paper presents a technique for enlarging a set
of training shapes with generated, ”virtual” shapes,
for improving representational capability (for the use
of virtual samples outside the shape domain, see e.g.
[15]). The examples used throughout this paper involve
closed contours, although extensions to open contours
are possible. The method is general in the sense that
it does not require prior feature correspondence among
the shapes in the training set.

Our approach is summarized in Figure 1. From an
original set of training shapes, we derive K separate
parameterizations for the shape distribution, based on
an integrated clustering and registration approach, fol-
lowed by dimensionality reduction. In each of the K
resulting feature spaces we fit and sample a Gaussian
distribution to obtain virtual samples for an extended
training set. The main result of this paper is that
the proposed shape parameterization and re-sampling
method can result in an extended training set which fa-
cilitates a superior matching performance, as measured
by a ROC curve.

The outline of this paper is as follows. The next
Section reviews previous work on shape learning. Our
approach to shape modeling and sampling is presented
in Section 3. Section 4 provides the experiments, fol-
lowed by the conclusions in Section 5.
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Figure 1: Extending the ”physical” training set with
?virtual” samples

2. PREVIOUS WORK

A fair amount of literature exists on learning shape
models from examples. A typical approach involves
two components: a method for shape registration and
a method for deriving feature spaces and associated
parameterizations.

Shape registration methods bring shapes into corre-
spondence and normalize for certain geometrical trans-
formations. They follow a similar succession of steps:
shape decomposition, feature selection, point correspon-
dence and finally, alignment. The first step, shape de-
composition, involves determining control (”landmark”)
points along a contour and breaking the shape into cor-
responding segments. This can be done by considering
the extrema of the curvature function [13] [16], or by
considering a criticality measure based on the area of
three successive points [18].

The next step involves selecting features that are
transformation invariant (e.g. translation, rotation and
scale); these features are derived from straight-line (i.e.
polygonal) [5] [7] [11] [13] or Fourier approximations
[9] of the shape segments. Similarity measures are typ-
ically based on length ratios and angles between suc-
cessive segments for the polygonal case (e.g. [13]) and
weighted Euclidean metrics on the low-order Fourier
coefficients, for the Fourier approximations (e.g. [9]

[17]).

At this point, correspondence between the control
points of two shapes can be established by means of ei-
ther combinatoric approaches [5] [13] or by sequential
pattern matching techniques such as dynamic program-
ming [7] [9]. The latter has the advantage of inherently
enforcing ordering constraints and being efficient, while
at the same time, producing an optimal solution. Af-
ter correspondence between control points has been es-
tablished (and possibly, between interpolated points),
alignment with respect to similarity transformation is
achieved by a least-squares fit [4].

Registration establishes point correspondence and
aligns a pair of shapes. The straightforward way to ac-
count for IV 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 se-
lecting one reference shape (typically, the ”closest” to
the others) and aligning all others to it, or by employing
a somewhat more complex hierarchical procedure [11].
The resulting vector space allows the computation of
various compact representations for the shape distri-
bution, based on radial (mean-variance) [8] or modal
(linear subspace) [2] [4] [11] decompositions. Combina-
tions are also possible [10].

Our approach, discussed in the next Section, differs
from previous work by the use of an enhanced shape
registration method based on multiple shape scales [14]
and the use of a more general shape representation
based on multiple feature spaces (similar to [5]). Yet
arguably the most important distinction concerns the
general procedure. Rather to derive shape parameteri-
zations from examples and use them directly for track-
ing purposes, we proceed with a re-sampling step which
reverts samples back to their template representations.
We do this because we are primarily interested in the
object detection application and would like to take ad-
vantage of the before-mentioned efficient template sys-
tems based on distance transforms (now equipped with
an improved training set).

3. SHAPE LEARNING AND
(RE)SAMPLING

To establish a sound basis for shape learning, our first
step in Figure 1, we compared four shape registration
methods. These were obtained by considering all pos-
sible combinations between before-mentioned two tech-
niques for control point detection (Gaussian-based fil-
tering of the curvature function [13] and critical point
detection [18]) and two techniques for feature selection
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Figure 2: Established point correspondences between
two (a) planes and (b) pedestrians and their pairwise
alignment, (c) and (d). Aligned shapes are superim-
posed in grey.

and similarity measurement (using polygonal approxi-
mations [13] and piecewise Fourier decompositions [9]),
respectively. We chose as matching algorithm invari-
ably dynamic programming, because of its efficiency
and optimality property, see previous Section.

Extending previous shape registration methods, we
represented shapes at multiple scales. For the method
of [13], this is achieved by using multiple Gaussian
values (e.g. [14]), whereas in [18] this involves using dif-
ferent area criteria. For registration, we selected among
all scales the one which minimized the mean alignment
error. Our study involving several large datasets (e.g.
pedestrians, planes) consistently identified the hybrid
based on Gaussian curvature filtering for control point
detection [13] and Fourier coefficients features [9], as
best performing; this hybrid was used to embed shapes
in feature spaces, as described below. See Figure 2
for some registration results under similarity transform;
the registration method is quite successful here in pair-
ing up physically corresponding points (e.g. the tip and
wings of the planes, the heads and feet of the pedestri-
ans).

It is, however, an open secret that existing auto-
matic shape registration do not always produce the
nice results of Figure 2. In fact, they tend not to
be able to deal well with appreciably different shapes.
For example, even with our extension to multi-scale
shape representation, none of the shape registration

variants we analyzed were able to correctly register a
pedestrian shape with the two feet apart with one with
the feet together. Approaches that have initially all
shapes embedded in a single feature space (i.e. the
result of a registration step having established point
correspondences across the entire training set) [2] [4]
[11] typically involve benevolent data sets, incorporate
application-specific constraints for registration, or al-
low for some manual processing.

We opted instead for a more general registration
approach, which does not forcibly try to 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 spaces. The idea is similar to [5], but makes use
of a different clustering algorithm. Rather than com-
puting all possible N N shape registrations off-line
and iteratively selecting a reference shape to which to
map all the remaining matching shapes to, like in [5],
we incrementally register our shape templates to vari-
ous existing prototype, and update the latter at each
iteration. QOur clustering algorithm has a K-means-like

avor:

. pick an initial shape  and add it to cluster

as prototype:

)
there are shapes left do

1. select one of remaining shapes:

2. compute mean alignment error ( ) from
element to the existing prototypes
where ranges over the number of clusters
created so far

3. Compute ( ) ( ).
( )
assign to a new cluster
assign  to existing cluster
and update its prototype:
ean( )

Integrated in the clustering algorithm, at Step 2, is
our best performing hybrid shape registration method
for establishing point correspondences and computing
alignment errors. The resulting point correspondences
are used for the prototype computation in Step 3, the
latter being the rocrustes average [8]. arameter is
a user-defined dissimilarity threshold that controls the
number of clusters to be created. Figure 3 illustrates
some typical clustering results.



Figure 3: Shape clustering: each row contains the ele-
ments of a different cluster

The output of the registration approach is a set of K
clusters containing similar shapes for which point cor-
respondences have been established. These enable the
introduction of K separate feature space by consider-
ing the x- and y- coordinates of (corresponding) shape
points within a cluster. Subsequently, a principal com-
ponent analysis is performed on each of the K feature
spaces to obtain a more compact representation. The
dimensionality of the reduced feature spaces varies, de-
pending on how many dimensions are needed to meet
a user-supplied variance criterion (e.g. capturing 95
of variance).

The last step in Figure 1 involves the generation
of new samples; this is achieved by fitting in each of
the K reduced feature spaces a Gaussian distribution
and sampling it. Samples are then transformed back
to their original template representation.

. E PERIMENTS

Generating virtual samples is not beneficial by itself.
The purpose of the experiments is to demonstrate that
an original set of training shapes can be extended in a
way that it produces concrete advantages in terms of
matching performance, offsetting inevitable drawbacks
related to increased matching effort and higher memory
requirements.

To quantify these advantages, we considered a real-
world application involving pedestrian matching. The
application is of interest in the context of smart vehi-
cles, where by detecting dangerous situations ahead of
time, one aims to reduce (or avoid altogether) the ef-
fects of a collision. Earlier work showed the promise of
a template matching system based on distance trans-
forms (e.g. [6]). Therefore, we opted for correlation

with distance transforms as basic matching tool for our
experiments, and in particular for the chamfer distance
[1].  atching using chamfer distance in its most basic
form is illustrated in Figure 4. It involves two binary
images, a template (Figure 4b) and an edge image (Fig-
ure 4c) derived from the original scene image (Figure
4a).  atching consists of applying the chamfer dis-
tance transform on the edge image, resulting in a dis-
tance image (Figure 4d) which contains at each pixel an
approximation of the Euclidean distance to the nearest
feature pixel in the corresponding edge image. See Fig-
ure 4d, increasing distances are shown in lighter shades
of grey. The template is then positioned over the dis-
tance image, and one considers the pixel values of the
distance image which lie beneath the feature pixels of
the template. The lower these distances are, the bet-
ter the match. One typically averages the individual
distance contributions to obtain an overall measure of
match.

(a) (b)

(c) (d)
Figure 4: (a) original image (b) template (c) edge im-
age (d) T image

Our data set contained roughly 5000 pedestrian shape
templates, extracted from real images in a quite time-
consuming manual labeling process. The data set was
subdivided in a training and test set of about 2500
shape templates each, with no overlap between the two
sets. The training set consisted only of the pedestrian
templates. The test set contained, in addition, a to-
tal of 5000 noise or ”garbage” templates, cropped im-
age edge structures which did not contain pedestrians.



These garbage template were selected from those im-
age parts which showed already a good chamfer dis-
tance match with respect to the pedestrian templates
(i-e. were not sampled randomly).

The original training set of 2500 shapes was ex-
tended using the methods described in the previous
Section. Re-sampling was done in a manner that in-
creased the original training size by a factor of 6. The
newly generated virtual samples replaced, rather than
augmented, the original samples in the extended train-
ing set. Two cases are now considered, the test set
against the original training set, and the test set against
the extended training set.

Chamfer Distance

Figure 5: Cumulative histogram of chamfer distances:
original pedestrian vs. pedestrian (dark grey), origi-
nal pedestrian vs. garbage (white), extended pedes-
trian vs. pedestrian (black), extended pedestrian vs.
garbage (light grey). First and second term refer to
object classes in training and test set, respectively.

Figure 5 shows the four relevant cumulative his-
tograms of chamfer distances between the object classes
in the training and test set, for the original and ex-
tended training set. The underlying distance distribu-
tions were computed by looping through the elements
of the relevant object class in the test set and aggre-
gating the minimum chamfer distances (i.e. the "best”
match) with respect to the pedestrian templates in the
training set. From Figure 5 one observes that, the
pre-selection notwithstanding, elements of the garbage
class are more dissimilar to those of the pedestrian
class, than the elements of the pedestrian class are
among themselves (see dark grey versus white histograms
and black versus light grey histograms, respectively).
Furthermore, the distances from both the pedestrian
and garbage test set to the training set decrease, when
extending the latter. See Figure 6 for the (virtual)

pedestrian-garbage template pairs with the lowest cham-
fer dissimilarity measure.

From the two cumulative histograms involving the
original (or extended) training set, one derives the cor-
responding ROC curve, the rate of correct detections
versus false positives. This is done by considering a
particular chamfer distance threshold (x-axis of his-
togram) and identifying the fraction of pedestrian and
garbage samples which have lower distance values (the
detection and false positive rate, respectively). The re-
sulting two curves are shown in Figure 7. The figure
quite convincingly demonstrates the benefit of our vir-
tual shape generation procedure; one observes that in
a sizable (and application-relevant) detection rate in-
terval (0.75 - 0.90), the ROC involving the extended
training set outperforms the one related to the original
training set. For this interval, the false positive rate is
reduced by at least factor 1.5 by equal detection rates.

ut Figure 7 also illustrates another important point,
that by increasing the detection rate above a certain
threshold (here at about 0.93) one no longer profits
from a given virtual sample set. At a certain point, the
associated chamfer distance thresholds become so large
that any representational ”gaps” in the pedestrian dis-
tribution are already covered by the original training
samples. Increasing the distance thresholds further will
now mainly increase the false positive rate. From Fig-
ure 7 one observes that this turning point occurs at a
high false positive rate exceeding 0.015 for the current
virtual sample set. On the other hand, one could try to
sample the object shape distribution even more finely,
to attempt to "squeeze” yet more performance out of
the ROC curve.

Figure 6: The most similar (virtual) pedestrian-
garbage pairs in the data set
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Figure 7: ROC performance for the original training
set (solid line) and the extended training set (dotted
line)

. CONCLUSIONS

This paper presented a general method for artificially
enlarging a set of N shapes, without requiring a-priori
shape correspondence. The method involved a para-
meterization-re-sampling framework, in which training
shapes were first partitioned into K groups, by com-
bined shape registration and clustering. Thereafter,
point correspondences were used to derive reduced fea-
ture spaces which then were sampled. We demonstrated
that this approach can be beneficial for a template-
based matching system in terms of improving ROC
performance.



