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Abstract We briefly present the research activities in which Computer
Vision group of the Department of Computer Science of the University of
Verona is involved. Then we focus on one of the latest research direction
that directly involve us.

1 Overview of VIPS lab

Shape Analysis has recently become one of the major research topic in the
Vision, Image Processing and Sound Laboratory (VIPS) in Verona. The
meeting of different research experiences in Computer Vision, Computer
Graphics and Pattern recognition of the group members has lead to the de-
velopment of several project related to local and global shape description,
shape retrieval, medial representations and real world applications.

In recent works, for example, novel methods to create local generative
shape descriptors have been presented and tested for different applica-
tions [1, 2], new kinds of medial representations and related global shape
descriptors have been proposed [3, 4], and frameworks to perform shape
retrieval have been presented as well [5].

Real world applications of this kind of techniques demonstrated the po-
tential benefits of applying state of the art geometry processing algorithms
to measure and classify digital acquisition of real 3D objects. We focused in
particular on medical applications, developing classifiers able to discrim-
inate healthy and pathological brains [6, 7] and on digital anthropometry,
working on techniques for the measurements of human body characteris-
tics [8].

In our lab undergraduated students are also working on the development
of demo applications for capturing and processing 3D information with
low cost devices and on the use of geometrical processing for applications
related to Human Computer Interaction.

FIGURE 1. From left to right: D. Boscaini, U. Castellani, D. Peruzzo, A. Giachetti, V. Garro,

C. Lovato, VIPS Lab.

2 Introduction

In 3D object retrieval is very important to define reliable shape descrip-
tors, which compactly characterize geometric properties of the underlying
surface. To this aim two main approaches are considered:

• global approaches are effective in describing the whole object but
they are very sensitive to missing parts, so they are not suitable for
the description of partial models.

• local approaches are more suitable to characterize small parts of the
shape but is necessary a strategy for compare local descriptors be-
longing to different shapes, e.g. compute the correspondences be-
tween the two shapes in exam.

With this work we address the problem of the quantization procedure:
from a set of local descriptors how can one describe the whole shape? The
overall aim is to obtain the advantage of both the approaches. From one
side we are able to compare global shapes rather than a set of single points.
From the other side, we exploit local informations which, in general, is
more robust to noise and missing parts and more suitable to deal with
partial objects.

A popular method is to introduce a sort of counting approach by collect-
ing local informations into a histogram which leads to a local-to-global
signature. Such examples are signature distance distributions or the bag
of words approach. In [9] we propose to go beyond of these approaches
by exploiting sparse coding techniques.

3 Sparse coding framework

Suppose we have a sentence s and a dictionary D. We want to explain the
sentence s with words contained in D. This problem could be formalized
as

min
α

‖s− αD‖2
2
.

The idea is that vector α picks up only the words that describe the sentence
s. In general a dictionary is over complete: there are a lot of words with
the same or similar meaning. For this reason we might be interested to
consider the minimum number of words as possible.

In this case Tychonoff regularization theory could help. Reformulating the
previous problem as:

min
α

‖s− αD‖2
2
+ λR(α). (1)

and choosing R(α) = ‖α‖1, we are promoting the sparsity of the solution.
This problem is known as Lasso formulation.
In general s could be though as a generic signal generated by αD.

Often the dictionary D is not available. We are therefore interested in infer-
ring both the vector α and the dictionary D from the signal s. The problem
(1) becomes:

min
D

(

min
α

‖s− αD‖2
2
+ λ‖α‖1

)

. (2)

SPAMS tool solve problem (2) employing an alternating minimization
method between the variables D and α.

As a further step we should consider the more general case, in which,
instead of a single signal s, we have a collection of signals s = {si}i=1,...,N .
Therefore, equation (2) can be generalized as:

min
D

1

N

N
∑

i=1

min
αi

‖si − αiD‖2
2
+ λ‖αi‖1, (3)

where α = {αi}i=1,...,N is though as a collection of vectors.

4 Local-to-global shape descriptor

Since we want to employ sparse coding techniques for shape analysis pur-
poses we need a signal s related to the geometrical properties of the shape
examined and possibly robust to its non-rigid deformations.

For this reason we chose to take advantage of Laplace-Beltrami operator
properties and consider as local signatures diffusion geometry descrip-
tors:

• Heat Kernel Signature (HKS), it could be thought as a collection of
low-pass filters. This damages the ability of the descriptor to pre-
cisely localize shape features,

• Wave Kernel Signature (WKS), it could be thought as a collection of
band-pass filters and exhibits superior feature localization.

Once HKS or WKS are computed for each vertex of the shape, we consider
them as the collection of signals s = {si}i=1,...,n. Then, generative learning
techniques are employed for solving problem (3). We consider the result-
ing dictionary D as the global signature for each shape. The query phase
could be done employing the classical leave-one-out approach: compar-
ing the dictionary of the query shape with the dictionary of all the other
shapes in the database.

FIGURE 2. Null shapes of our database taken from TOSCA and Sumner databases. From left to

right we find man, dog, cat, man, woman, horse, camel, cat, elephant, flamingo, horse and lioness. In

all our experiment we consider correct the matching between two men, cats or horses.

FIGURE 3. Examples of deformations types considered in our database, taken from SHREC 11

robust benchmark. From left to right we find the null shape, affine, holes, micro holes, scale, sampling,

noise, shot noise, topology and view deformation.

FIGURE 4. Comparison between Precision-Recall curves of Shape DNA (blue), SDD (green) and

sparse coding approach (red) on the SHREC 2011 Robustness benchmark.

5 Local-to-global class descriptor

If we consider as s the collection of local signatures of each instance of
an entire class of shapes, and then repeat the procedure illustrated above,
with very little effort we have a descriptor that takes into account the be-
havior of the entire class of shapes.
In this fashion several deformation of the same object (e.g. noise or topo-
logical deformations) can contribute in learning the dictionary.

In order to deal with multiple classes of shapes, several dictionaries
{Dc1 , Dc2 , . . . , Dcn} can be trained: one for each available class. In the
query phase, given a shape O and its collection of local signatures s we
have to solve problem (1) for each dictionary Dci and we obtain vectors
αci . At the shape O is assigned the class c such that

‖s− αcDc‖ = min
i
‖s− αciDci‖.

Principal advantages:

• our method is that it allow to compare the signature of a query shape
only with the dictionary of the classes of the shapes present in the
database considered,

• the dictionary encodes more instances of the same non-rigid defor-
mation, making the proposed signature a descriptor of the entire
class of deformations rather than a descriptor of a single shape.

TABLE 1. Comparison between Nearest Neighbor performances of SDD, Shape DNA and sparse

coding approach.

Deformation
SDD Shape DNA sparse coding

corrects % corrects % corrects %

Affine 45/72 0.67 49/72 0.68 59/72 0.82
Holes 36/72 0.50 58/72 0.81 65/72 0.90
Micro holes 65/72 0.90 64/72 0.89 65/72 0.90
Scale 72/72 1.00 71/72 0.99 72/72 1.00
Sampling 67/72 0.93 69/72 0.96 72/72 1.00
Noise 71/72 0.99 72/72 1.00 72/72 1.00
Shot noise 70/72 0.97 72/72 1.00 72/72 1.00
Topology 58/72 0.80 55/72 0.76 72/72 1.00
View 11/72 0.15 16/72 0.22 49/72 0.64

Average 495/648 0.76 526/648 0.81 598/648 0.92

6 Shape-to-shape comparison

The dictionary obtained in this way is the descriptor of an entire class of
objects and this cause problems with well known techniques for the evalu-
ation of the retrieval performances of the proposed method, e.g. Precision-
Recall curves or dissimilarity matrices. In fact, in order to obtain these
evaluation criteria, we need a shape-to-shape comparison rather than a
shape-to-class one.

To overcome this difficulty we define a class-based similarity function be-
tween shapes: given two shapes A and B, and the associated class dictio-
naries DA and DB , we consider as the error function between the shapes
the function

e(A,B) = ‖sA − αAD
B‖2

2
+ ‖sB − αBD

A‖2
2
.

FIGURE 5. Left: class-signature dissimilarity matrix for noise deformations. Blue colors represent

lower values, red colors represent higher values. Right: comparison between Precision-Recall curves

of Shape DNA (blue), SDD (green) and sparse coding approach (red) on the SHREC 2011 Robustness

benchmark.

FIGURE 6. Some instances of SHREC 2007 Partial Matching queryset.

FIGURE 7. Comparison between NDCG curves of sparse coding approach (red) and shape DNA

(blue) on the SHREC 2007 Partial Matching track. Left: single shape descriptor, right: entire class

descriptor.

Conclusions We propose a new approach to deal with the issue of ex-
tending local signatures to global shape descriptor based on sparse coding
techniques. This seem very promising, in fact sparsity enforces the encod-
ing of essential information.
There is still a lot to do, some open question are:

• is there a criterion for choosing free parameters (e.g. the size of dic-
tionary)?,

• how to adopt a discriminative approach into the generative frame-
work?
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