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Abstract: A scale-invariant shape feature is proposed. The shape feature is extracted on gray voxel 
models by a SIFT-like algorithm to describe the local shape information of 3D models. Shape feature 
vectors are constructed by a BoF method. A distance function that supports the part-in-whole 
matching is employed to compute the dissimilarity between 3D models. Experiments demonstrate 
that the proposed method achieves a satisfactory retrieval performance. 

Introduction 
When designing new parts, engineers rarely start from scratch. Instead, they often search in 

enterprise database for suitable existing parts and modify them. One of the challenges to reusing 
design is how to search 3D models effectively. Conventionally, companies use Product Data 
Management (PDM) systems to manage their databases of legacy CAD models and related data. 
Traditional PDM system implements the access and retrieval of models by indexing keywords in 
filename, part numbers or annotations. This text-based method is not robust due to the following 
reasons: 1. There are many previous models that are not properly named. Manually annotating them 
is a tedious work. 2. A short piece of text is not descriptive enough. It may be too narrow or too wide 
to characterize a part. 3. With time and people changing, there may be inconsistent in naming scheme. 

A better way to retrieve CAD models is the shape-based method: users upload an example model, 
and then system finds out similar ones from the database. This method has two main advantages over 
the text-based retrieval: 1. The shape of an object overpasses the barrier of language and naming 
differences. 2. Measure the similarity between CAD models by shape is the natural way that 
designers think. Instead of textural descriptions, what’s initially in a designer’s mind is just 
“something like this”.  

In recent years, 3D object searching methods have been explored in several disciplines such as 
computer vision, computer graphics, pattern recognition and CAD/CAM. Most previous studies 
focus on extracting a “shape signature” from 3D objects. A shape signature describes the shape 
information of a 3D object in compacted numerical format. The similarity between 3D objects can be 
measured by computing the distance between signatures under a predefined metric. According to the 
genre of shape information that a signature describes, shape signature can be generally classified as 
follows: geometry based [1, 2, 3], topology based [4, 5] and feature based [6, 7]. 

In this paper, we introduce a local shape feature for 3D model retrieval. This local shape feature is 
extracted on gray voxel models by a SIFT-like algorithm. Shape feature vectors are constructed by a 
BoF method and compared by a distance function that supports the part-in-whole matching. 
Experiments demonstrate that the proposed method achieves a satisfactory retrieval performance. 

Voxelization 

3D models may be in different representing format, such as polygon mesh (mesh), Boundary 
Representation (B-Rep) and Constructive Solid Geometry (CSG) [8]. Shape analysis and signature 
extraction are tightly linked with the representation of 3D models. Different representation methods 
define a 3D shape by different ways. For example, mesh and B-Rep define 3D objects by surface 
information, while CSG uses both structure and volume information to define 3D solids. Here we use 
the voxel representation [9] to represent 3D models. A voxel model is composed by a set of volume 
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elements (voxels) in a discrete 3D space. A voxel represents a cubic unit of volume, and it can be seen 
as the 3D counterpart of the 2D pixel that represents a unit of area. 

The process of converting a geometry object in 3D continuous space into a set of voxels that best 
approximates the object is called voxelization. Computer graphics community has developed many 
algorithms for voxelizing mesh, B-rep and CSG models. Because mesh is the most common 
representation method for 3D objects, in this paper we only consider mesh models. 

Intuitively, voxelizing a 3D mesh model is like filling up a closed hull with volume elements. 
Voxelization algorithm converts the mesh model into a voxel collection. The voxelization is a  
process of intersection test. According to the intersection of facets and voxel grid, each voxel is set to 
one of the value 0 or 1. Value 0 represents the grid cell does not intersect with mesh facets, and value 
1 represents the grid cell intersects with mesh facets. In order to get more information, we propose a 
gray voxel algorithm. A gray voxel model is a voxel mode that the voxel takes the value in a range, 
not just 0 or 1. There are two common ways to define the value of a gray voxel: 

(1) the value represents the area of  facets inside a grid cell. 
(2) the value represents the Discrete Gaussian Curvature of facets that intersect with the grid cell. 
The Discrete Gauss Curvature of a vertex is computed by the following equation:  

( ) (1/ ( ))(2 )K v A v iπ θ= − ∑                                                                                                               (1) 

In this equation, ( )A v  is the Voronoi area of a the vertex and iθ∑  is the sum of the angles of  the 
neighborhood triangles. 

SIFT on Voxel Model 

Whe we obtain the gray voxel model, we employ the 3D voxel SIFT to extract the scale-invariant 
shape feature of the voxel model. The 3D voxel SIFT is a variety of SIFT to work in 3D voxel space. 
The first step of 3D voxel SIFT is the computation of multi-scale DoG ( Difference of C ):  

O ( , , , ) ( , , ) ( , , , ) ( , , ) ( , , , ( 1) )D G x y z k I x y z G x y z k I x y z G x y z kσ σ= ∗ − ∗ −                                                           (2) 
In this equation, * is convolution, and ( , , )I x y z  is the function of the gray values of a voxel model. 

( , , , )G x y z kσ  is the Gaussian function. k is an integer in [1,5] to indicate different levels of scale. σ  is a 
constant that set to 3 2 . The extremums of DOG in voxel neighborhood space and in scale 
neighborhood space is the candidate points of  scale-invariant shape feature. 

To improve the stability of the shape features, the extremums should be filtered to remove the  
effects of edge response. The following equation is used to filter the extremums [10]. 

3 3( ) (2 1)
2( )

Trace r

Det r

+
<

H

H
                                                                                                                       (3) 

In this equation, H is the Hessian matrix of DOG. r is a threshold usually being set to an integer in 
[10,50]. In the experiments, we set r to 30. Trace is the matrix trace and Det is the determinant. 
Unless the value of DOG satisfy the equation, the point is chosen as a feature points. When all the 
feature points are obtained, we can construct scale-invariant shape feature vector according to the  
gradient direction of the neighborhood voxels of the feature points. 

Local Shape Feature Vector and Dissimilarity Distance 

The shape feature of the 3D models is defined by the set of scale-invariant shape feature vector set 
of each model. It is not appropriate to compare each pairs of these vectors of two 3D models, for  
comparing a large number of high dimensional vectors is computational consuming. 

We employ the BoF (Bag of Features)  to reduce the number of vectors to be compared. BoF is a 
common strategy for the comparison between two data sets. It comes from the Bag of Words in the 
field of text retrieval and natural language processing. The workflow of BoF is as follows. 

Step 1: A large number of scale-invariant shape features are extracted from the 3D model of the 
training database, and then the shape features are clustered.  
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Step 2: Every class formed by cluster algorithm can be regarded as a typical shape feature, so that 
the class center of each class is constructed as a shape code. All the shape code of the centers of each 
class forms the shape codebook. A original scale-invariant feature vector of a 3D model can be 
represented by the latest shape code in codebook. 

Step 3: When the shape codebook is ready, the shape code histogram of  a 3D model can be 
constructed by the following steps. 1) Finding the shape code of every scale-invariant shape feature 
vector of the 3D model. 2) Forming a shape code histogram by counting the number of shape codes 
corresponding to each scale-invariant shape feature vector. The histogram represents the frequencies 
of shape codes appears on the 3D model. Figure 1 illustrates the process of generating a shape code 
histogram of a 3D model. 

 
Fig. 1 Process of generating shape code histogram 

The part-in-whole shape match is not symmetrical. For example, an human arm can be matched 
with a human body but human body should not be matched with an arm. We employ the 
Kullback-Leibler distance  [11] to assess the shape dissimilarity between 3D models. 
Kullback-Leibler distance is a kind of asymmetric distance. Suppose P={pi} and Q={qi} are two 
vectors representing two  histograms. KL distance is computed by the following equation： 

KL ( || ) log
piD P Q pi qi

∑=                                                                                                                      (4) 

The computation of  KL distance involves log function, which is computational consuming when 
there are a large number of high dimension vectors of  histograms to be compared. The dimensions of 
a shape code histogram is namely the number of shape code in codebook. The dimensions may be 
between hundreds and thousands according to different 3D model database. We can design a fast log 
function computation algorithm by a constructing a lookup table.  

Experiments 

We employ the “precision and recall” curve to measure the performance of our prototype system. 
“Precision” measures the ability of the system to retrieve only models that are relevant and “recall” 
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measures the ability of the system to retrieve all models that are relevant. There is a trade-off between 
precision and recall. In precision-recall diagrams, a perfect retrieval result would produce a 
horizontal line at the top of the plot. Otherwise, a curve closer to the upper-right corner represents 
better performance. 

We have tested the retrieval performance of scale-invariant shape feature with different gray 
voxelization process ( Curvature vs. Area ). We compare the retrieval performance of scale-invariant 
shape feature with two other shape feature (Ohbuchi [12] and Cornea [13]). Figure 2 illustrate the 
Precision-Recall curves of these methods. In Figure 2, the Curvature stands for the scale-invariant 
shape feature with gray voxelization using curvature, and Area stands for the scale-invariant shape 
feature with gray voxelization using area. 

 

 
Fig. 2 Precision-Recall curves 

Table 1 lists the computation time of feature extraction. Due to the Ohbuchi’s method needs to 
render and compute lots of 2D projections of 3D models, it takes a much longer time for feature 
extraction. Cornea’s method is the secondary time consuming, for it needs to generate the skeleton of 
a 3D model. 

Table 1  Computation time of feature extraction 
 
 
 
 

Conclusions 

We introduce a local shape feature for 3D model retrieval in this paper. This local shape feature is 
extracted on gray voxel models by a SIFT-like algorithm. Shape feature vectors are constructed by a 
BoF method and compared by a distance function that supports the part-in-whole matching. 
Experiments demonstrate that the proposed method achieves a satisfactory retrieval performance. 
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 Area Curvature Ohbuchi Cornea 

Computation 
time 

3.12(s) 4.53(s) 8.64(s) 5.71(s) 
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