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ABSTRACT

The estimation of 30 surface correspondence constitutes a fundamental problem in shape matching and
analysis applications. In the presence of non-rigid shape deformations, the ambiguity of surface
correspondence increases together with the complexity of registration algorithims.

I this paper, we alleviate this problem by means of 3D pose normalization using One-Class Support
Vedor Machines (OCSVM ) In detail, we show how OCSVM are employed in order to increase the
consistency of translation and scale normalization under articulations, extrusions oF the presence of
outliers. To estimate the relative ranslation and scale of an object, we use the 30 distribution of points
that is modelled by employing OCSVM o estimate the decision surface corresponding to the surface
points of the objed under a preset tolerance to outliers. By discarding the outliers in the estimation of
the object's center and size we compute the canonical pose of the core distribution that is less sensitive
to intra-class shape variations The effectiveness of the proposed method is demonstrated through the
increased stability of ranslation and scale normalization and fuether justified by improving the precision

of content-basad 3D object retrieval

1. Introduction

The increasing availability of 3D content together with the
advent of affordable 3D acquisition technology has stimulated
research in methods that facilitate the subsequent processing of
3D objects. Within the plurality of applications where 3D objects
are used, one of the most commonly encountered problems is pose
normalization which decomposes into the normalization of the
translation, scale and rotation. Pose normalization is most often
performed in applications such as content-based retrieval, thumb-
nail generation, visualization and modelling where 3D objects
need to be positioned in a canonical frame. Pairwise surface
registration provides the optimal solution for the shape corre-
spondence problem that is drawing an increasing research interest
and has recently been introduced in SHREC (SHape REtrieval
Contest) [1,2]. Pose normalization is an alternative approach that
provides a single, global solution for each 3D object instance
which results in significant efficiency gains at the cost of sub-
optimal surface cormrespondence.

In this paper, we focus on the translation and scale normal-
ization components of the 3D pose normalization problem that

have been relatively undervalued in comparison to rotation
normalization. However, all three components are equally impor-
tant to obtain consistent shape comrespondence. We demonstrate
that the state-of-the-art approaches for translation and scale
normalization become insufficient as class-variation increases
due to non-rigid shape deformations such as articulation, extru-
sion or the presence of isolated-outlying parts. To alleviate this
problem, we propose the usage of a novelty detection algorithm,
namely, the One-Class Support Vector Machines (OC5VM) [3.4] as
a more robust approach. Using OCSVM we estimate the support of
the high-dimensional distribution corresponding to a set of points
sampled from the surface of a 3D object and denve the underlying
distribution corresponding to the object as the 3D volume that is
constrained within the boundanes of the OCSVM decision surface
in 3D space. This distribution is then used to derive the relative
translation and scale of the object in order to perform a more
consistent normalization. This is achieved by lowering the sensi-
tivity of normalization to relatively trivial parts of the object
through outlier identification and employing a volume-based
approach that is more descriptive compared to solely considering
the surface of the object. A significant advantage of the proposed
approach is its applicability to polygon soup 3D objects in contrast
to state-of-the-art methods whose application is constrained to
watertight 3D objects [2]. To evaluate the performance, we use a
dataset of 3D objects where we introduce various extrusions,
articulations or outlies and demonstrate the increased



consistency of intra-class surface correspondence. We comple-
ment our experiments by demonstrating the performance gain
that is achieved in content-based 3D object retneval after employ-
ing the improved pose normalization process.

This paper complements and extends previous work presented
in [5] mainly in the following aspects: (i) a thorough elaboration is
provided in support of the formulation of the optimization
problem, choice of the kernel, the setting of the parameters and
implementation details, (i) additional qualitative examples are
provided from training to evaluation and (iii) the proposed
approach is effectively employved to improve the performance of
non-rigid 30 shape retrieval in several standard benchmarlks.

The remainder of the paper is organized as follows: In Section 2,
we discuss related work in the area of translation and scale
normalization and outline the limitations of the state-of-the-art
approaches in order to motivate the proposed methodology. In
Section 3, we formally describe the context in which we employ
OCSVM to estimate the distribution of a 3D object that is used to
derive the corresponding normalizing translation and scale. In
Section 4, we provide a guantitative evaluation that demonstrates
the superiority of the proposed method in increasing the consis-
tency of surface comrespondence and in turn the performance of
content-based retrieval, and finally, in Section 5, we summarize the
contributions of this paper.

2. Related work

3D pose normalization accounts for the normalization of the
translation, scale and rotation of 3D objects. This step is required in
applications where 3D objects need to be positioned in a canonical
coordinate frame as, in general, these three characteristics are
arbitrarily set. For example, it is necessary in content-based retrieval
when shape matching is based on the establishment of correspon-
dences between the surfaces of objects and achieving invariance to
iIs0metric or non-isometric transformations.

In the domain of shape matching, the problem of achieving
invanance to shape transformations may be viewed from three
alternative perspectives. One family of methods concerns the
extraction of transformation invarant shape features. As an
indicative reference to related work, we may point to the ‘Shape-
DNA® signature [6] as well as variants of diffusion and heat kernel
descriptors such as those described in [7-10] that have become
very popular due to their inherent invariance properties and
discriminative power. Another family of methods address the
problem of shape matching through pair-wise surface correspon-
dence mainly on the basis of the well known ICP algorithm, that is
often adjusted to provide more robust solutions according to the
context, e.g. as in [11,12] or [13].

The last family of methods regards the normalization of the 3D
pose of objects, in terms of similarity transformations. Among the
three normalization problems, it is generally admitted that rota-
tion normalization is the most challenging problem with a
significant amount of related work [14-18], where the spatial,
orientation or symmetry distribution of the surface has been used
to determine the rotation of the frame of the object. However,
since rotation normalization is performed on the basis of an
appropriately chosen center of an object, translation normalization
determines the effectiveness of pose normalization to a greater
extent. Therefore, we focus on the translation normalization of 3D
objects as well as scale normalization that has been relatively
undervalued although it is adifficult problem in a number of cases.

Translotion normalization. This problem is most frequently
addressed by computing the center of mass of a 3D object and
by translating it to make its center coincide with the coordinates
origin. For 3D geometric objects consisting of polygons, the center
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Fig. 1. Translation normalization using the centroid of the surface of the ohject; (a)
example in an object with and without a nen-rgid deformation and (b) inan ohject
with and without extruding parts.

of the object is computed as a weighted average of the total set of
the polygon vertices [ 19], or centroids of the polygons [14], ie. as
the centroid of its surface. For the majority of 3D objects, this
method is effective and objects are well nommalized with respect
to translation. However, there are cases where this method is not
appropriate such as articulated 3D objects or objects with isolated-
outlying or extruding parts. Such cases are demonstrated in Fig. 1
(a) and (b), respectively.

Intuitively, we would agree that the centers of the two
objects in either case should coincide (in a semantic context).
However, by setting the centroid of the surface of an object as its
center, we obtain a result that does not agree with our percep-
tion. As it is evident from the examples, a small change in the
shape of 3D objects can have significant impact on the resulting
translation normalization which may in turn negatively affect
gcale and rotation normalization. Clearly, we expect that the
perturbation of the centroid of the surface of an object becomes
more pronounced as the amount of articulation or extrusion
INCreases.

In the work of Podolak et al. [16], the authors propose the
center of symmetry computed by the Planar Reflective Symmetry
Transform as an alternative approach to compute the center of an
object. They show that this method is more robust in consistenthy
determining the center of 3D scans of objects, however the
performance of the method depends on the symmetry properties
of the objects that become less descriptive in the presence of non-
rigid transformations.

The smallest enclosing ball of an object [20] has also been
considered as a method to determine its center as well as its scale
[21]. However, this approach is directly dependent to the outlying
parts of an object which makes it the most unstable method as
will be demonstrated at Section 4.

Liu and Ramani [18] identified the negative effect of outliers in
the rotation normalization component of pose normalization and
employed a Random Sample Consensus (RANSAC) [22] approach
to find the best model of the object's pnncipal directions. However
they did not investigate the effect of outliers in the estimation of
the relative translation or scale, that together have a greater
impact on the consistency of pose normalization.

Scale normalization. This problem is traditionally addressed by
setting the scale of a 3D object to fit within a bounding volume of
fixed size (unit cube or unit sphere), or to a size proportional to the



Fig. 2 Scale morrnalization to the unit cube The scale normalized version of the 30
object shown in (a) i not consistent in terms of shape correspondence with the
seale normalized version of its deformed wersion with elongated camiage axis
ini(bL

average distance of the surface of an object from its centroid
[15,14].

The performance of the first method is problematic in the
presence of outlying parts that will cause an undesired shrinking
of the entire object in order to make it fit within the bounding
volume. A charactenstic example is shown in Fig. 2 where the
objects are scaled so as to fit within the unit cube. The object in
Fig. 2 (b) is the same in every aspect as the object in Fig. 2 (a) not
considering the elongated carnage axis. However, the scale nor-
malized versions of the two objects are significantly different.

Although scaling to a size proportional to the average distance
of the surface of an object from its centroid alleviates this problem,
it 15 more a heunstic than a sound methodology. In fact, the
consistency of the normalization can only be evaluated by visually
examining each 3D object individually. Moreover, the computation
of the average distance is still dependent on the entire surface
which implies that the effect of trivial outlying parts is not trivial if
they are distant from the main cluster of points.

3. Pose normalization using one-class support vector
machines

One-class support vector machines (OCSVM) is a novelty detec-
tion algorithm [3] that estimates the support of a high-
dimensional distribution characterised by a set of points labeled
as belonging to the distribution. It has been employed for
applications that range from classification [23-26] to medical
imaging [27], outlier detection [28,29] and surface reconstruction
[30], but this is the first time that it is employed to address the
translation and scale normalization of 3D objects.

3.1. Distribution estimation of a 3D object

We use OGSV to estimate a 3D distribution comresponding to
the surface of a 3D object that enables a more consistent
computation of its relative translation and scale. In detail, we
consider the surface of a 3D object as a collection of 3D points that
are sampled from the corresponding 3D distnbution and we use
OCSVM [31] to compute the decision surface that separates this
distribution from the residual Euclidean space. The distribution
that corresponds to the object is the volume that is constrained
within the boundaries of the decision surface.

Let X = (%).Xa, ....Xm) denote the set of points that are densely
sampled from the surface of a 3D object, where m is the number of
points, ;T and T = B, as shown in Fig. 3. In our experiments we
have set the number of sampled points to a fixed value, namely
4000 points, in order to render the proposed approach imvariant to

Fig. 3. Points X = [Xg, %2.....%Xq} =ampled from the surface of a 30 object and wsed
for training the OCSWRL

varying resolutions and at the same time provide a sufficient
number of training points.

Let & be a feature mapping from space T to a dot product space
H and kix.y) a kernel function such that {(x)., &x) = kx x,
where {., .} denotes the dot product in H. We want to compute a
hyper-sphere with center ¢ and radius R that contains the max-
imum number of points X; while having the minimum possible
radius. This enables identifying parts that are comparatively small
to the overall shape and distant from the main cluster of points
that could cause a drifting in the computation of the relative
translation and scale. Here, the notion of small parts of a 3D shape
compared to the overall shape can be considered as a portion less
than 50% of the overall shape. While there cannot be a general
definition of smallness the aforementioned definition could com-
prise a minimal, reasonable expression.

The computation of the hyper-sphere is formulated as an
optimization problem described as follows:

min R24_- E 5. subject to  |ldx;)—cl? <R + &, (i
e Beh '|-"|'T.|j -1
Here 5 denote the "slack™ variables that permit the exclusion of
outliers from the interior of the hypersphere, Le. parts that are
relatively trivial if they reside far from the primary distribution of
points. Slack variables enable dealing with non-rigid shape defor-
mations such as extrusions and articulations or isolated parts of
the object that ideally should not affect the determination of the
relative translation and scale. The parameter ve(0, 1] is used to
control the amount of slack, in other words, the tolerance to
outliers. By decreasing the value of v, we increase the tolerance of
the algorithm to outliers, while increasing the value of v we
achieve the opposite effect.

To solve the problem, we convert the objective function to its
dual form and derive the Lagrangian, from which we get the dual
problem:

m m
min ¥ oehdX, X)— ¥ askixg, x50,

T i=1

Im
subject to 0 <a < % and ¥ a;=1 (2)

im=1

We solve Eq. (2) by employing Sequential Minimal Optimization
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Fig.4. Example 3D objects and their estimated distribution (depicted in green) using OCSVM for varying ¢ and v parameters (p=[ 1,15 31,43} and w0001, 0 2, 0.4, 06} ] (For
interpretation of the eferences to color in this Agure caption, the reader is eferred to the web version of this article.)

[32], from which we obtain the coefficients «; and denve the
center ¢ of the hyper-sphere. The decision function that models
the distribution of points is determined by f.(x) = sgn(f(x)) where
sgn 15 the sign operator, giving +1 if the input is positive, — 1 ifitis
negative and 0 otherwise, and f(x) is given by

i=1

2
fix) =R —(e—ox)® =R2—[ b2 a,-m{x,-]]

I
+ 2 (X)X — [ x) ]

i=1

—R Elf.r sk, Xj) + 2 EI bl %, X)— ki X, X) (3
ij= im

If fixi= +1 then @(x) lies inside the hypershere and x is
considered to belong to the estimated distribution, while if
f.x)=—1, @ix) lies outside the hypersphere and x is considered
not to belong to it. If f,(x) = 0 then x lies on the decision surface, as
in the case of support vectors. Hence, the 3D object is now
modelled as the sublevel set of f, wherein f.(x)=0.

In general, OCSVM can be employed using different kernels and
settings of parameters that determine the finmal shape of the
decision surface in the observation space. Following the results
presented in [3] and [33], we choose the Gaussian kernel
koia, b= "™ ¥ where a beT, since it bears a number of
desirable properties:

® By the definition of the Gaussian kemel, the product of all
mapped points is always positive which implies that they all lie
on the same orthant of the projection space. The latter,
combined with the fact that all mapped points have unit
length, ensures that they are separable from the origin in the
projection space [34] and hence there is always a solution.

® [n comparison to the polynomial kernel, the Gaussian kernel
produces decision surfaces that are generally more tight to the
data points [33].

® The problem of estimating the minimum bounding hyper-
sphere becomes mathematically equivalent to the problem of
estimating the hyperplane that separates the data from the
ongin with maximum margin, essentially giving the same
cshape of decision surface in the original space [34].

® Through proper moderation of the « parameter of the kemel
and the slack parameter v, we have direct guaranteed control
on the number of support vectors lying on the decision surface,
hence, controlling the complexity of the iso-surface.

Using the Gaussian kernel the OCSVM algorithm is parameter-
ized by the y variable of the kernel and the variable v that controls
the slack. The y variable controls the shape of the decision surface
in 3D space in terms of its similarty with respect to the sphere and
the underlying surface of the object. In particular, as y—0 the
decision surface approaches the shape of the sphere, while, as y
increases, the decision surface fits better to the surface of the
object. This can be better understood by considering that y is
inversely proportional to the «2 of the Gaussian kemel, thus, when
7—0 the uncertainty is decreased and the decision surface tends
to fit the surface of the object. The v variable controls the amount
of points from the surface of the object that will reside within the
decision surface and it can be used to improve the mmbustness of
the algorithm with respect to articulated, extruding or outlying
parts. As v—0 outliers are minimized while the opposite is true as
v—1, In Fig. 4 we demonstrate the effect of different y and »
settings in estimating the distribution of 3D objects.

3.2, Translation and scale normalization

OCSVM methodology applied to translation normalization lets
us overcome the limitations of conventional approaches that
cannot face increasing intra-class variation of 3D objects. The
insufficiency is due to the assumption that the center of a 3D
object is the center of mass of the surface of the object. This
approach is not robust when non-rngid shape deformations are
applied to 3D objects, such as articulations, extrusions or the
presence of outlying parts (see Fig. 1) where the center of mass of
the surface can be considerably perturbed.

The solution that we propose provides an alternative method
for computing the center of an object that is less sensitive to the
aforementioned scenarios. More specifically, an object center is
taken to be the centroid ¢ of the distribution estimated according
to the OCSVM method, and whose volume V is within the
boundaries of the decision function f,(x) in the observation space.



The centroid of the distnbution is computed as

1
Cn = Wy =0 dx dy dz 14)

where p=(x v, 21T and V = f]-_[;ﬂ,,a.:, dx dy dz.

The motivation behind the proposed approach for computing
the object center is two-fold. First, by using OCSVM we are able to
decrease the sensitivity to extruding-outlying parts by appropri-
ately setting the slack, i.e. the v vanable. And second, we adopt a
volume-based approach for computing the centroid which is more
stable than only considering the surface area of the object. This is
achieved by considering not only the decision surface, i.e. where
f.Ax)=0 but also the space where f,(Xx)= + 1. Furthermore, this
enables the computation of a volumetric center even for objects
that are not watertight.

After translation normalization, we can use the computed
distribution that comresponds to the 3D object to perform scale
normalization. To normalize the scale we estimate the average
distance d,, of the distribution of the object from its center and
scale the object so that this distance is unit. The average distance
d,, is computed as

1
dm:_
1%

where ||| denotes the L, norm.

The resulting scale normalization will be more consistent as by
employing OCSVM with a preset tolerance to outliers we succeed
in lowering the sensitivity of the normalization to trivial parts of
the objects. Furthermore, we directly benefit from the more
consistent determination of the center of an object using OCSVIM
since the average distance is computed with respect to this point.

In practice, Egs. (4)-{5) are evaluated over a finite uniformly
distributed set of points p that form a 3D s« 5 »« 5 voxel gnd that
incorporates the 3D object, where s is the underlying resolution.
The function f,(p) is evaluated over the whole 3D grid to identify
the voxels that belong to OCSVM 3D distribution which are then
used to compute the center ¢, and the average distance d,,.
Determining a particular value for s depends on the desired level
of detail that is needed to model a 3D object that should be
balanced to the required computation time, whose complexity is
(§s?) {in our experiments setting s=64 appeared as a satisfactory
trade-off).

@,{Pl:ﬂ”p_fm”dx d_'l"' dz 59

4. Results

In this section we evaluate the performance of the proposed
methodology in terms of the consistency of pose normalization in
the presence of outliers or when non-rigid transformations such as
articulations and extrusions are applied to a variety of 3D objects.
Furthermore, we demonstrate the performance gain that is
attained in content-based 3D object retrieval after employving the
improved pose normalization process.

41, Dataset for training and evaluation of translation and scale
normalization

To evaluate the performance of pose normalization, we have
generated a set of categorized 3D objects (Fig. 5) that contains 120
generic 3D objects in total, evenly distributed in 12 classes,
namely, human, dolphin, chair, tree, pot, desktop computer, hand,
dog, guitar, piano, spider and horse.

Each class of the set was created using a reference 3D object. To
build the dataset, we introduce various non-rigid deformations to
the reference object of each class and generate various articula-
tions, extrusions or add-remove outlying parts. By applying such
maodifications to the reference object, we create new instances of

the same object which altogether constitute a particular class.
Since the geometry of the generated objects is different than the
geometry of the respective reference object, we expect that the
geometric center of the objects should also be altered. However,
we do not apply any similarity transformation to the generated 3D
objects, therefore, the objects of the same class are pose normal-
ized with respect to their core part. This is required in order to
evaluate pose normalization and to our knowledge there is no
publicly available dataset that satisfies this requirement, therefore
standard databases such as [35.36] or [37] cannot be used for this
evaluation.

We should note here, that the effect of the y parameter, unlike
the v parameter, is related to the scale of the objects. For example,
employing OC5VM with y = C to a particular 3D object would give
the same shape of decision surface as employing OCSVM with
p=4C to the same object at half its size. Therefore, prior to the
generation of the dataset, we have normalized the scale of the
reference 3D objects so that they fit within the unit cube in order
to ensure a consistent evaluation of the pefformance and that no
particular class will bias the results. The initial scaling could have
also been avoided without any implication on the results, in which
case, the values of the optimal value for the y parameter of the
Gaussian kernel would have been obtained proportionally to a
constant rather than obtaining an absolute value. Despite the fact
that the final results would have been equivalent, however, we
choose not to give relative values for the ¢ parameter but absolute,
since this allows our implementation to be replicated.

42 FEvaluation of translation and scale noermalization

By comparing the standard deviation for the centroid of the
surface of an object and the centroid of the distribution of the
object as computed by OCSVM, in each class of the dataset, we can
evaluate the performance of OCSVM under different settings of the
¢ parameter of the Gaussian kernel and the slack r. With respect to
the y parameter, we have evaluated the performance for y=(0.50].
The value of the upper limit was determined considering the effect
of overfitting the estimated distribution to the points of the 3D
object.

In Fig. 6{a) we demonstrate how the standard deviation of the
center of the distnbution computed using OCSVM varies in
relation to the y parameter and compare it against the standard
deviation of the centroid of the surface of an object. The perdfor-
mance is averaged over all classes. This evaluation demonstrates
the increased consistency of translation normalization achieved by
OCSVM solely due to the determination of the center by a volume-
hased approach rather than a surface-based approach, thus the
slack is set to =0 and the complete 3D object surface is taken
into account. The diagram shows that the perturbation of the
center of the OCSVM distribution initially decreases rapidly as y
increases and finally converges to a global minimum. The point
where the curve corresponding to OCGVM is minimized in Fig. 6
(a), Le. the point where the average perturbation of the center is
minimum, is for p =47,

From the definition of the CGaussian kernel, it can be easily seen
that regular increments of the y parameter do not have a linear
effect on the estimation of the kernel value and hence on the
estimation of the decision surface. In other words, as y increases, it
is more and more difficult to have a noticeable change in the
results (as can also be observed in Fig. 4). In view of this result, a
global minimum is reached in the sense that for y = 47 the change
in the standard deviation of the centroid is smaller than a very
small threshold ¢ and fluctuations in the performance could
appear for significantly higher values of .

We interpret this point as the best trade-off between precisely
characterizing the surface of an object through the OCSWM distribution
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Fig. 5 The dataset of 30 ohjects used for evaluating the performance of translation and scale normalization. Each column comesponds to a class of 3D objects created by
genemting articulations, extrusions or adding-removing outhying parts.
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and overfiting the distnbution to the corresponding surface. Indir- method exhibits the worst performance compared to the surface
ectly, Fig G{a) also provides an evaluation for the consistency of  centroid-based approach and the proposed approach using OGSV

translation normalization by translating an object to the center of its After fixing y =47 we evaluate the performance of OCSVM
minimum enclosing sphere (Le. when y—0]} It is evident that this translation normalization under different settings of the slack and



Huisan Dalpbun
(1.068 - 0 055
0.08 0.05
0,055
0LuE |
0.05

__“*h—————_______‘___“ 004 |
0,045
004 0o \

PBat Dreskoiop computer
s - , , i i .

004

(Fmtar Fiano

0.029 ; ; o1

oo oS |

007

0006 om |

0,008 s |

003 ooe |

(ol 1v] aors |

0z :

00 007 |

an . . 0065

m na [ 04 0§ 08 il | oz 1k | 04 0s il

Chase Trew
.08 (il
01085 | aas
iy
00s 0.085
0 045 006
004 - s
ili .4
QL3S 0045
003 it
@1 9 03 04 05 OB a1 42 a3 04 @5 Q8
Hamd Diog
a0s - 9 003
Q0T
QLDSE oome
0% | QO3S
g -
0045 - Qs |
ooz -
el 1 oom :
wln ] '
[i K] a2 o3 0 05 s a1 [i ¥ 03 od s 0B
Spider Hore
Qs Qe
L H \ 0ot
[illeiFY oo -
Qo3 - amT
oz Qe
lvpl] DS -
oo - o4 ¢
Qo009 aond
oo i1
Qoo a0
006 oo
o 02 [i &) LI ns [i1] an oz a3 04 1] il

Fig. 7. Awerage standard deviation of the centroid of an object computed using OCSWM (blue curve) for vepl 1, 006] and ficed p = A7, compared to the standard deviation of
the centroid of the complete surface ofa 30 object (red line L (For interpretation of the references to color in this figure caption. the reader is referred to the web version of

this article.)

in particular for w=[0.1, 0.6), as shown in Fig. 6 (b). The value of the
upper limit implies that this is the boundary that we are using to
detect outlying parts that should not be considered in the
computation of the center.

This evaluation demonstrates the increased consistency of
translation normalization that is achieved by OC5VM due to the
determination of the center by discarding outlying parts rather
than considering the complete 3D surface. The point where the
curve corresponding to OC5VM is minimized in Fig. 6 (b), Le. the
point where the average perturbation of the estimated center is
minimum, is for v=05, while for larger values it gradually
increases. We interpret this point as the best trade-off between
discarding outliers that should not be considered in the center
computation and at the same time not discarding the important
parts. Apart from the experimental evidence for the optimal
parameter setting, this result is also theoretically consistent
In detail, according to the v property of SVMs, namely, the
slack-property, the value of v is an upper bound on the per-
centage of outliers in the final distnbution estimation after
solving the optimization problem. In other words, the experimen-
tally derived optimal setting of v=0.5 essentially declares that
there will be at most 50% of the overall shape that will be
considered as outlier and discarded from the core distribution.
Therefore, what we expernmentally observe as a deterioration of
performance as v approaches 1 has a theoretical explanation

which is that the important, core part of the 3D shape starts to
be discarded too.

In Fig. 7, we evaluate the performance within each class of
the dataset. Within classes where objects have a well defined
core part (human, dolphin, chair, vase, computer, hand, dog,
guitar, piano, spider and horse) as well as relatively smaller
articulated-outlying parts, we observe that it is meaningful to
introduce the slack in the OCSVM distribution estimation and
discard a certain proportion of the surface of an object as being
an outlier in order to determine its center. An exception is the
tree class where the determination of the core part is more
ambiguous. Here we observe the inverse behaviour since
OCSVM may erroneously discard important parts of an object
that are not outliers. In this case, the perturbation of the center
increases as meaningful parts are not taken into account,
however, the performance gain that is attained due to the
volume-based appmach for computing the center mostly com-
pensates for this insufficiency. Generally, the performance of
the proposed approach is stable for 3D objects where a core
part can be identified and the remaining parts of the objects can
be discarded up to a predefined ratio.

By setting y = 47 and v=0.5 the average standard deviation of
the OCSVM center of an object is equal to o, gegae = 0.0361 while
the average standard deviation of the centroid of the surface of an
object is o cemmig = 00475, In other words, we have lowered the
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average perturbation of the center for objects that belong to the
same class by 24%. This performance gain does not only improve
translation normalization, but also scale normalization which is
based on measuring distances from the center of the object
Analogously, we expect that rotation normalization methods that
involve computations with respect to the center of an object
would benefit as well.

To compare the performance of OCSVM scale normalization
against the method that uses the average distance of the surface
from its centroid, we measure the standard deviation of the
distance for each class and the overall performance is taken by
averaging over all classes (Fig. B).

The results demonstrate that the proposed method tends to be
more robust than the standard approach since on average
Feme ooy = 001425 and 7400 00 = 0.01699, This means that we
have achieved to lower the perturbation of the average distance
computation by about 16.1% The consistency of scale normal-
ization when using OC5VM is higherin 8 out of the 12 classes. The
inferior performance in the other 4 classes can be partly attributed
to the fact that for scale normalization using OC5VM we set the
parameters ¢ and y to those values that gave the best results for
translation normalization. Although this is not a strict a reguire-
ment, we adopt this approach in order to reduce the complexity of
the total normalization process to a single run of the OCSVM
algorithm. Altematively, we could determine the values of v and y
based on the combined performance of translation and scale
normalization.

In Fig. @ we show the result of both translation and scale
normalization for pairs of objects of the same class in order to
provide a gualitative evaluation of the proposed approach, in
terms of shape comrespondence.

il

Fig. 0. Instances of 3D objects from (a) the NRW dataset [39], (b) the SHREC-NR10 [40] dataset and (c) the SHREC-NR11 [41] dataset.

4 3. Evaluation in content-based 3D object retrieval

We next present the results of content-based 3D object
retrieval experiments that demonstrate the performance gain that
is attained when the proposed pose normalization method is
adopted. For this evaluation, we have employed a contemporary
3D shape descriptor called PANORAMA [38] that attains state-of-
the-art discriminative power in real time as far as generic 3D
shape matching is concerned. Among other, the advantage of this
method is that its application is not constrained to watertight 3D
meshes, hence it can be readily applied to polygon soup3D objects.

The PANORAMA descriptor uses a set of panoramic views of a
3D object that capture both the spatial position and orentation of
an object's surface. The panoramic views are obtained by project-
ing the object to the lateral surfaces of three cylinders that are
centered at the centroid of the object, scaled to a multiple of the
object’s relative size and aligned to the object's principal axes and
for each projection the comresponding 2D Discrete Fourier Trans-
form as well as 2D Discrete Wavelet Transform are emploved.

The prncipal axes are determined by employing a hybnd
rotation normalization scheme that uses the Continuous PCA
((PCA) and Mormals PCA (NPCA), as introduced in [15]. In short,
CPCA is employed in the space of 3D coordinates of the models
surface, while NPCA is employed on the 3D orientation of a model's
surface. In the hybrid scheme, both methods are used resulting in
two altermative rotation normalized versions of the same 3D model
and give two sets of features. When matching is performed within a
pair of objects, two comparisons are computed, the first using the
CPCA-based and the second using the NPCA-based set of features.
The comparison which gives the minimum distance eventually
gives the final distance score between the two models.
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For evaluating the performance of content-based 3D object
retrieval under non-rigid deformations we have used three stan-
dard benchmarks, namely, the Non-Rigid World (NRW) dataset
[39], the SHREC Non-Rigid 3D Models dataset 2010 (SHREC-NR10)
[40] and the SHREC 2011 Non Rigid 3D Waterticht Meshes (SHREC-
MRI11) [41]. The NFEW dataset contains in total 148 articulated
objects distributed in 12 classes from which we have excluded the
wolves and shark classes that together comprise 4 objects and
therefore are of little statistical importance. The SHREC-MRI1D
dataset contains 200 models distributed over 10 classes while
SHREC-MR11 contains 600 models distributed over 30 classes. All
these datasets are particularly suited for evaluating the robustness
of our pose normalization method under non-rigid shape defor-
mations, since they are characterized by a high degree of non-ngid
deformations and hence intra-class vanation. In Fig. 10 a set of
example 3D objects are shown from each dataset.

To evaluate the performance we use precision-recall diagrams.
Recall is the ratio of relevant to the query retrieved models to the
total number of relevant models while precision is the ratio of
relevant to the query retrieved models to the number of retrieved
maodels. The evaluations were performed by using each model of a
dataset as a query in the remaining set of models and computing
the average precision-recall performance over all the models.

In Fig. 11, we demonstrate the increase in retrieval precision
that is achieved when the proposed translation and scale normal-
ization approach is adopted | PANORAMA-OCSVM) compared to
translating to the centroid of the complete 3D surface and using
the average distance of the complete surface from its centroid to

evaluated the performance in terms of the scores of each run with
respect to the nearest neighbour (NN), first-tier (FT) and second-
tier (ST) evaluation measures that are commonly used in content-
based 3D object retrieval experiments (we refer the reader to [35]
for the exact formulation of these measures).

Table 1 shows the attained scores in all three datasets and
summarizes the overall performance by weighing the contribution
of each dataset according to its cardinality.

The results show a noticeable increase in the overall perfor-
mance when the proposed OCSVM-based pose normalization
method precedes the extraction of the PANORAMA descriptor, By
taking into account the cardinality of each dataset, we obtain that
the overall average increase is in the order of 1.3%, 2% and 2.6% for
the NN, FT and 5T evaluation measures, respectively. This implies
that the proposed method can be employed to increase the
discriminative power of any generic 3D shape descriptor that
requires the nommalization of the object’s pose, since the
OCSVM-based pose normalization can be readily applied to any
kind of 3D object representation. These performance gains are
attained based only on the training being performed in the dataset
shown in Fig. 5 (containing 120 models), where the sensitivity of
OCSVM-based pose normalization was evaluated, against the
standard approach. If the setting of the best parameters was tuned
according to the performance of content-based retrieval and
within a bigger corps of data, higher perfformance gains can be
achieved.

As far as efficiency is concerned, the time required for the
OCSVM based pose normalization has been measured for each

compute the relative scale (PANORAMA) Furthermore, we have instance within all three datasets, wvielding an average
a b
1 S
N — PANORAMA- T — PANORAMA-
e OCSVM
anl M“‘x OCSVM ] 08 Ui - PANORAMA -
™ T
5 06 ‘H\\. 1 § os; \ J
% . =
i N M 3
02} g 02 -
PR A4 4 & 8 4 4 i A i u aaaaaaaaaaaaaaaaaaa
0 01 02 03 0.4 0OS 06 O.7 08 08 1 0 01 a2 03 04 05 06 0.7 OB 05 1
Recall Fascal|
C
i _E""-:_ T
i — PANORAMA.-
e OCSVM
08 | S - PANORAMA -
.HH'\-\,
T
u
08 - T .
g —,
H"'\.
N
! u' L xKH -
. \?\\
02 F -
u " e i re "y e ’e .l "y e ’e i " ' i .l " e re
1] 01 602 03 04 05 0O ar o8 09 1

Ruecall

Fig. 11. Precizion-recall diagram of the PAMORAMA descriptor within (a]the NREW datazet, (b] the SHREC-MR10 and (c] the SHREC-MR11 showing the performance when the
proposed pose normalization method is adopted (PANORAMA-OCSVM] against the original descriptor (PANORAMAL



Table 1

Quantitative measures scoms of the Panorama-005WM and Panorama for each evaluation dataset individually and owver all datasets.

Method MR SHREC-NE1D SHREEC-NET1

NN (%) FT (%) ST (%) MM (X FT (%) 5T(%) MM (%) FT (%) =
PFanorama-0CsvM 755 450 610 97 .0 620 715 955 615 715
Fanorama 736 430 LR7 9z0 615 715 955 RS 6RO
Method TOTAL

NN (%] FT (%) ST (%)

Fanorama-00Cs v T BB 940
Fanorama 914 e 673

computation time of 2.3 5 + 0.2 s, using a contemporary computer
equipped with an Intel Core 17 CPU 860 at 2.8 Chz. If needed, the
computation time can be considerably decreased with a simple
adjustment, namely, by using a precomputed array of kemel
values, which is possible according to the formulation of the
proposed pose normalization technique. In detail, since we always
solve the optimization problem within a constrained space (unit
cube) for all objects, one may precompute the Gaussian kemel
values for a fixed space interval and use the norm of the difference
Ix—wll between two vectors X and y as an index into this array. This
step can speed up both the training as well as the prediction stage.

5. Conclusions

In this paper, we have presented a method that mbusthy
addresses the problem of translation and scale normalization of
3D objects under non-rigid shape transformations such as articu-
lations, extrusions or the presence of outliers. The proposed
method achieves a more consistent surface correspondence
between 3D objects compared to the prominent pose normal-
ization approach that considers the entire 3D object surface in
order to compute the relative translation and scale which renders
it sensitive to the aforementioned shape deformations.

The proposed method has been guantitatively and qualitatively
evaluated and found superior in terms of intra-class surface corre-
spondence as well as shape matching precision for content-based 3D
object retrieval. Along with the performance gain that is achieved, the
proposed pose normalization method is beneficial compared to non-
rigid shape matching methods whose application is constrained o
manifold 3D meshes or of certain genus, as it is applicable to polygon
soup 3D meshes and therefore can be readily employed to increase the
performance of any shape signature for generic 3D objects.
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