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ABSTRACT

The increase in affordable computing power has fostered the creation of 3D models. The ficld of 3D models is on the
rise with the advent of high speed Internet. Large repositories of 3D models are being created and made public on the
Internet. Searching among these repositories is an obvious requirement. In this paper. we present a total shear invariant
feature vector (SIFV) for searching a 3D model. This feature vector is robust to affine transformations of the original
model. The proposed feature vector is Fourier transform of the histogram of the number of points in the concentric
spheres partitioning the point cloud data of a 3D model.
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1. INTRODUCTION

3D models are surface representations of models. The surface is depicted in the form of points and lines connecting
them. Large repositories of 3D models have sprung up. In order to find similar models, a representation of much smalier
dimension is calculated for a model. These representations are compared to find similar models. In order to compare the
transformed models, the representation should be affine transformation invariant. The transformations are translation.
scaling, rotation. None of the previously proposed techniques handle shear transformations. This paper addresses the
issue of matching sheared 3D models.

The following text is organized as follows: Section 2 highlights existing retrieval techniques. Section 3 explains the
proposed feature vector, Section 4 deals with comparison of SIFV with existing techniques. Section 3 gives results of
our method and we conclude with Section 6.

2. RELATED WORK

3D model searching is a well explored field. Most of the existing retrieval techniques follow the pattem of extracting
the feature vectors of the 3D models and comparing these feature vectors. In most of these techniques. the model s
normalized and aligned before extracting the feature vector. These steps include a) Translating the model to the center
of mass to get translation invariance b) Normalizing the distance of points from the center of mass to get scaling
invariance c) Principal component analysis (PCA) based alignment to get rotation invariance.

Ankerst et al. P partition the 3D model space in concentric shells to get the count of points lving in each the
partition/shell i.e. Shape histograms. The similarity measure is Quadratic distance. The space can also be divided into
sectors or combination of shells and sectors. The combination of shells and sector shows better results than the
individual methods. Osada et al. ¥ describe feature vector in terms of probability distribution of shape functions and use
Minkowski distance as a similarity measure. Suzuki et al ¥ scale the model to fit in a unit cube followed by division
into smaller cubes. The smaller cubes are grouped along the rotation axes forming a class. The count of points lving mn a
class forms the feature vector. Kazhdan et al. ¥ have proposed a shape descriptor based on spherical harmonics.
Novotni and Klein ) have further developed the spherical harmonics approach using 3D Zemike moments from the
voxelized objects. Zaharia and Preteux have proposed surface curvature 1 for 3D retrieval in MPEG-7 framework. **
describes the 3D models using the normals from the polygons (forming the 3D models) and Gaussian sphere.
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_Image based descriptors like 'Silhouette descriptors [ 1) project the aligned model onto three orthogonal planes to get
1mages and then the compare images.

3. SHEAR INVARIANT FEATURE VECTOR (SIFV)

All methods so far have mainly concentrated on translation, rotation and scaling invariance except for D2 . D2

dlstange feature vectgr is §hear invariant up to 5-10%. To the best of our knowledge, previous work has not focused
extensively on shear-invariance. SIFV is completely invariant to shear.
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The proposed feature vector is extracted from the geometric data (point cloud) of the 3D model. The algorithm to obtain
the feature vector of the model is as follows:

f‘) Tl}e Pomt cloyd is normalized to its center of mass. b) It is transformed into spherical domain and is then partitioned
into ‘n’ shells by the concentric spheres lying between the minimum and maximum radii. The concentric spheres are
centered at thg center of mass of the point cloud. ¢) A histogram of the points lying in each shell is calculated. The
Discrete Fourier Transform (DFT) ' of this histogram forms the proposed feature vector. Figure 1.a, 1.b and 1.c depict
the feature vector extraction process. Figure 1.c shows the feature vector for apple model.
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3.1 Rationale

The rationale behind the invariance towards the transformation of the feature vector is as follows:

a) Translational invariance is obtained by translating the object to its center of mass. b) The model is transformed into
Spherical domain. The radii values are normalized. The radii values are divided so as to get ‘n’ spheres. This step
assures scaling invariance. ¢) When the model is rotated, the points lying in a shell change their position but still
continue to‘lie*in the same shell. As a result the count of the points in a shell remains constant irrespective of the
rotation. Thus, rotation invariance is achieved. d) When the model is sheared, the histogram obtained by the abov‘e
procedure changes slightly as compared to the histogram of original model. Shearing causes the points to change thglr
positional information as well as the shell in which they lie. The total number of points in the.sheared mo@el and its
original model remain the same. Hence, DC value (value of Fy) of both the Fourier transforms is equal. This property
helps us find the model corresponding to the sheared model. Mathematically, it can be shown as follows.
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Where x (k) is the histogram

The DC value is at n=0 and equation reduces to
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This value (Fo) remains constant irrespective of the transformations. Thus, SIFV is invariant to all shear factors. A
model sheared by any factor is similar to its original model in some view; hence the shear invariance is an important
feature. In Figure 2.a, an apple model and its transformed model are shown. The apple model is subjected to rotation
followed by shearing. In Figure 2.b Fourier transform of the unaltered apple and the transformed apple is plotted. The
DC value in both cases is equal.
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3.2 Similarity measure

Weightgd Euclidean distance gives the similarity between the Fourier transform of histogram values. The weights are in
decreasing order, with the weight of the DC value being the greatest.
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Where, F; and G; are Fourier transform of origingj model and transformed model respectively and w, are weights such
that wo > wy> ...... WN.

Figure 3.a shows the airplane and 747-400 PLY (9] . i i
3.b shows the histogram of both models and Figure
3.c shows their Fourier transform. models. FIgUre }









