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Abstract

Automatic construction of Shape and Appearance
Models from examples via establishing correspon-

dences across the training set has been successful in the
last decades. One successful measure for establishing

correspondences of high quality is minimum description

length (MDL). In other approaches it has been shown
that parts+geometry models which model the appear-

ance of parts of the object and the geometric relation

between the parts have been successful for automatic
model building. In this paper it is shown how to fuse the

above approaches and use MDL to fully automatically
build optimal parts+geometry models from unlabeled

images.

1 Introduction

MDL [1, 3, 12] has been applied both to estab-
lish corresponding parameterizations of manually pre-
segmented object outlines and in order to group-wise
register the entire training images [13]. In other ap-
proaches parts+geometry models have been success-
ful for fully automatic model building ([9, 8, 2, 5]).
In this paper it is shown how to fuse the above ap-
proaches and use MDL to fully automatically build op-
timal parts+geometry models from unlabeled (i.e. dif-
ferent images in the training set can be of objects from
different object classes) images. MDL is here used as a
framework for a number of decisions, not only to deter-
mine correspondences. Decisions about classification
(what object class the object in each image belongs to),
model complexity selection (e.g. number of parts), what
to include in the modeling and what to consider as out-
liers and missing data are done using MDL. A similar
but more limited approach is used in [11].

From a set of images a number of parts are ex-
tracted by calculating corners/edge-points and sampling
patches around these points on a number of scales.

To begin with, assume that all the images are of ob-
jects from the same object class. Assume that a num-
ber of examples S = {S1, . . . , Sn} are given, where
each example Si is a set of unordered feature points zi,j

(with surrounding patches) Si = {zi,1, . . . , zi,ki
}, from

image i.

Assuming for the moment that the model contains
N points with patches, an ordering of the parts can be
represented as a matrix O of size n × N . The entries
in O are either 0 - representing that a model point is
not visible (missing) in an image or an identity number
between 1 and ki signifying which image point is to be
considered as a representative of the model point. Also
introduce the set I consisting of pairs of indices (i, j)
such that model point j is visible in image j.

Given an ordering matrix O the data can be re-
ordered, possibly with missing data into a structure T
of N points in n images, i.e.

Ti,j =

{

zi,Oi,j
if (i, j) ∈ I

undefined if (i, j) #∈ I.
(1)

For such a ordered set T with missing data one
can align the shapes from the different images with
a Procrustes analysis with respect to a transformation
group G giving a mean shape m and transformations
{g1, . . . , gn}. After this a Principal Component Analy-
sis handling missing data can be performed on the resid-
uals between g−1

i (Ti) and m. From this, d shape varia-
tional modes, denoted {vl}, and mode-parameters{λli}
can be determined.

For each N model points all the patches be-
longing to that model point are also analyzed
with a PCA. These PCA’s then result in mean
patches {mp

i }
N
i=1, numbers of modes used {dp

i }
N
i=1,

patch-modes {vp
ij}i=1...N,j=1...d

p
i

and patch-mode-

parameters {λp
ijk}i=1...N,j=1...dp

i ,k=1...n.

We need to assess a number of different choices:
the number of model points N , the ordering O, the
mean shape m, the transformation group G, the trans-
formations gi, the number of shape variation modes
d, the shape variation modes vl, the shape coordinates
λli, mean patches {mp

i }
N
i=1, numbers of patch-modes

{dp
i }

N
i=1, patch-modes {vp

ij}i=1...N,j=1...dp
i

and the

patch-mode-parameters {λp
ijk}i=1...N,j=1...dp

i ,k=1...n.
The idea here is that a common framework such as the
minimum description length framework could be used
to determine all of these choices.

The whole process can thus be seen as an optimiza-
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Figure 1. The selected model points on a
subset of the images.

Figure 2. The selected model points on a
subset of the images.

Next the algorithm was tested on images with syn-
thetic occlusions. For every image in the training set
there was a 50% chance of putting in a random occlu-
sion. As can be seen in Figure 2 the algorithm handles
the occlusions well. Occluded points are set as missing
and the correspondences of remaining points are not de-
stroyed by the occlusions.

Next we test the algorithm on unlabeled images. We
use the head shots from the above experiments together
with some images of star fish from the Caltech101
database [7]. The images are mixed together in random
order before they are fed to the algorithm. The result is
that all images are classified correctly and we get two
separate sets of correspondences and models as illus-
trated in Figure 3. Then we also test the algorithm on
unlabeled images with occlusions. The images are as in
the previos experiment but for every image there was a
40% chance of putting in a random occlusion. All im-
ages are still classified correctly and the occluions are
handled well, see Figure 4. Finally we also let the num-
ber of classes be unknown. The algorithm correctly se-
lects two classes and works as before, see Figure 5 and
6.

6 Conclusions

In this paper we have solved the problem of auto-
matic construction of parts+geometry models from un-
labeled images with occlusions using MDL.

Figure 3. The selected model points on a
subset of the images. Stars/dots denote
that the image is classified as belonging
to class 1 / class 2.

Figure 4. The selected model points on a
subset of the images. Stars/dots denote
that the image is classified as belonging
to class 1 / class 2.
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