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ABSTRACT

KEYWORDS

In this paper, we discuss the search effectiveness and
efficiency of content-based 3D shape search. The
search effectiveness is characterized by the precision
and recall of results; and the search efficiency is
evaluated by the ratio of the number of the visited
nodes in a search operation to the number of the
nodes of an index. A real database of 113 3D shapes
and synthetic databases created by random number
generator are employed for the investigation. Four
feature vectors are extracted to represent 3D shapes.
The descending order of search effectiveness of using
feature vectors are: principal moments, moment
invariants, geometric parameters, and eigenvalues.
We evaluated the performance of an R-tree based
index to improve the search efficiency. The results
show that R-tree index significantly improves the
efficiency of both real and synthetic databases. The
search efficiency decreases when the dimensionality
of data record and the capacity of database node
increase. Based on the experiments of synthetic
database, the efficiency is stable when the size of a
database is relative large. This means that the
efficiency is scalable to the size of database. A multistep refinement is proposed to improve search
effectiveness. Based on the results of twenty six
experiments with real database, the effectiveness of
using multi-step refinement is 51% higher than that
of one-shot search using principal moment as feature
vector, although the difference becomes smaller
when the number of retrieved shapes becomes larger.

Three-dimensional shape search, Effectiveness,
Efficiency, Content-based system, Computer-aided
design

1. INTRODUCTION
The benefits of computer-aided design systems have
resulted in the proliferation of 3D CAD models.
Searching and reusing CAD data has been considered
critical for competitive engineering of product
development (Lu, et al. 1997, Ramesh, et al. 2001,
Cicirello, et al. 2001, Elinson, et al. 1995, Iyer et al.
2003). However, because of the complexity of 3D
CAD data, current information technology, which
mainly focuses on text or 2D image information, is
not capable retrieve reusable CAD data. We thus
focus our research in this paper the effectiveness and
efficiency of 3D engineering shape search. Besides
the potential in mechanical engineering, 3D shape
search has also attracted substantial research interest
in other important areas, such as proteomics and
medical image processing (Kelley L. A. et al. 2000,
Kastenmuller G. et al. 1998, Thiran J. –P. et al.
2000).
3D shapes are complex data that are impractical to
search directly due to time or space complexity.
Content-based search (CBS) systems are commonly
used for 3D shape search instead of direct searching
3D shapes. In a content-based 3D shape search
system, 3D models are represented by feature
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vectors, which serve as the signatures of shape
content. Feature vector, a term commonly used in
CBS systems, is a set of numbers that capture one or
more characteristics of 3D shapes. Thus searching
similar shapes is translated to searching similar
feature vectors.
Based on the representation of 3D shapes, prior
search systems can be classified into those based on
moment invariants, Fourier coefficients, shape
histogram, shape distribution, spherical harmonics,
aspect graph, and graph. The use of moments for
shape description was initiated by Hu, M. K. (1962)
for 2D visual pattern reorganization. Sadjadi et al.
(1980) extended the use of moment in shape search
to 3D applications. Vranic et al. (2001) used the
Fourier coefficient of discrete Fourier transformation
to represent as a 3D shape description. Ankerst et al.
(1999) used shape histograms that are based on
complete and disjointed partitioning of the space in
which the objects reside into cells. Osada et al.
(2001) proposed shape distribution consisting of the
probability distribution of geometric properties of the
randomly sampled surface points. Kazhdan et al.
(2002) investigated decomposing 3D models into a
collection of functions defined on concentric spheres
and using spherical harmonics as shape signature.
Cyr et al. (2001) used aspect graph to match 3D
objects by 2D views. El-Mehalawi et al. (2003)
studied to the use of graphs extracted from the B-rep
representation of 3D models for shape search. Iyer et
al. (2003) has a detailed review about the 3D shape
representation and search systems.
Although different feature vectors have been
proposed in 3D shape search, there is no systematic
work to evaluate the effectiveness of using different
feature vectors in searching 3D shapes. The tests of
different research groups were conducted on different
data sets. Thus the results are not comparable. Search
effectiveness is usually illustrated with a few
examples, which do not objectively reflect the overall
performance of the search system. Search efficiency,
which is critical for the scalability of a search system,
has rarely been explored. Furthermore, a one-shot
search approach is commonly employed for shape
search. However, because of the difficulties of
representing 3D shape, the subjectivity of similarity,
and the difference between the similarity degree
computed by the system and that perceived by a user,
it is difficult for one-shot approach to achieve
satisfactory search effectiveness.
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In this paper, we develop a benchmark database to
compare the search effectiveness based on different
feature vectors. We test the search efficiency of Rtree index of the system using both real and synthetic
databases. In addition, we propose a multi-step
search strategy and have tested it in order to improve
search effectiveness.
The rest of the paper is organized as follows. Section
2 describes the feature vectors employed in the
paper. Section 3 explains the similarity measure.
Section 4 is devoted to the search effectiveness.
Section 5 presents the work on search efficiency.
Finally, Section 6 concludes the paper and proposes
future work.

2. FEATURE VECTORS (FV)
Feature vectors are extracted to representing 3D
models by the process termed as feature
transformation. Through feature transformation, a 3D
model is represented by a vector of real number,
which can be further considered as the coordinates of
the point in feature space. The spatial relationship
between two points is employed to quantify the
degree of similarity between two models in the
paper. Figure 1 shows the feature transformation. A
2D coordinate system is used to illustrate the point
representation of models in the feature space.
Since the similarity between two shapes is mapped to
that of feature vectors, feature vectors are critical to
the effectiveness of search systems. In this paper, we
extract four types of feature vectors and compare the
search effectiveness based on them, respectively. The
four feature vectors are moment invariants,
geometric parameters, principal moments, and
eigenvalues, respectively. Our experiments and
methods to evaluate the search effectiveness of
feature vectors are introduced in Section 4.
3D shapes are normalized, voxelized (Cybenko,
1997), and skeletonized (Palagyi, 1998) in order to
obtain the feature vectors. Normalization is the
process of transformation of a 3D model into a
standardized or canonical form that retains relevant
geometrical information of the original model.
Skeletonization is the process to convert 3D shape
representation into a set of volume elements.
Skeletonization is the process to extract the skeleton
of the voxel model (Cybenko, G. et al. 1997, Iyer, N.
et al. 2003). Based on the skeletal model, we can
construct skeletal graph, which is small in size and
insensitive to the trivial changes of a 3D model. The
graph
structure
constructed
from
B-rep
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representation of 3D models has been proposed for
shape search (El-Mehalawi et al. 2003). However,
this type of graph is much big and sensitive. A small
change of the 3D model could significant changes the
graph structure.

2.2. Geometric Parameters
Geometric parameters are retrieved from original 3D
shapes and their normalized models. These
parameters include two aspect ratios, the ratio of
overall surface area to volume, the scaling factor
used to normalize the model, and overall volume.

2.3. Principal Moments
Moments represent the distribution of the models in a
coordinate system. The combination of all order
moments accurately describes the density function of
CAD models and vice versa. In (Elad, M. et al.
2001), it is reported that 4th - 7th order moments
have been used. However, higher order moments are
sensitive to noise. In this paper, principal moments
that are second order are used as feature vector. They
are invariant to translation and orientation but
dependent on scaling. In order to make them
comparable, the principal moments of normalized
models are employed in this paper.

Feature
Extraction
momemomemomeaspec# nod#edge#loop eigen eigen
0.2 0.5 0.1 2.3
1 0.9 0.4 0.5 0.3
0.4 0.8 0.2 1.3 0.9 0.8 0.2 0.9
1
0.8 0.4 0.8
5 0.4 0.4 0.6 0.8 0.6
….

….

….

….

….

…

….

….

….

Points in
Feature Space

Figure 1 Shape representations along transformations

2.1. Moment Invariants
Moment invariants are derived from second order
moments and are invariant to translation, scaling, and
orientation (Cohen D. K. 1996). The invariant
property is realized through the following steps: (1)
Aligning the centroid of the shape to the origin of a
coordinate system; compute the central moment
(µlmn) that is invariant to translation; (2) Computing
the volume of the shape, eliminate scaling impact on
the central moments by dividing them by a volume
term, the expression I lmn = µlmn µ000 is scaling
invariant (µ000 is the volume of the model), and (3)
5/ 3

Constructing a matrix of I lmn (Equation 2.1), the
coefficients of the characteristic equation (a, b, and c
in equation 2.1) of the matrix is orientation invariant.
P (λ ) = λ 3 + aλ 2 + bλ + c =

I 200 − λ

I110

I101

I110
I101

I 020 − λ
I 011

I 011
I 002 − λ

(2.1)

The feature elements of principal moments and
moment invariants have different advantages. The
moment invariants are calculated from the moments
of the model, of which the centroid is aligned with
the origin. It does not require scaling normalization
and rotation normalization. This avoids the errors
resulting from the scaling process. These errors can
cause a serious problem by introducing large noise to
the CAD models (Cohen D. K. 1996). The elements
of moment invariants, however, have undergone
complicated computation. It is difficult to relate them
with geometrical characteristics of the models.
The principal moments directly reflect the
distribution of the density function of the model.
Furthermore, these three features are of the same
order. This makes the relevance feedback more
meaningful, especially when linear combinations of
similarity based on different feature vectors are used
as the overall similarity.

2.4. Eigenvalues
We use the eigenvalues of the adjacency matrix of
the skeletal graph of a 3D shape as of shape feature
vector. Skeletal graphs are built based on the
skeletons of 3D shapes. However, it is difficult to
directly search graphs efficiently, since graph
matching is an NP complete problem. We use the
eigenvalues to represent skeletal graphs. The
eigenvalues are indexed for searching efficiently.
Each element in the matrix represents the
relationship between two nodes. The value of the
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element is determined based on the type of
relationship, for example, loop-to-loop connection
and loop-to-line connection have different values.
More information with regard to this topic is
available in (McWherter, A., Regli, W.C., 2001).

3. SIMILARITY MEASURE
A similarity measure is a function used to quantify
the similarity between two shapes. It takes the feature
vectors of the query model and those of a shape in
the database and outputs a real number that reflects
the degree of similarity between the two models. It is
preferable that similarity measures satisfy the metric
axioms (Santini, S. et al. 1999, McWherter, D. et al.
2001) as follows.
Let S be a set of objects; a metric on S is a function
d: S × S → ℜ , which satisfies three conditions, i.e.,
Equations. (1) - (3), for all x, y, z ∈ S .
d ( x, x ) = 0

(3.1)

d ( x, y ) = 0 ⇒ x = y
d ( x, y ) + d ( x, z ) ≥ d ( y , z )

(3.2)

(3.4)

d ( x, y ) = d ( y , x )

(3.5)

In our search system, the similarity measure is
defined based on a weighted Euclidean distance,
which is shown by equation 3.6. Equation 3.8
computes the similarity between two 3D shapes.
Through adjusting the weights of the weighted
Euclidean distance, we can reconfigure the similarity
measure to reduce the influence of the subjectivity of
similarity of 3D models (Lou et al. 2003).
d=

dim −1

∑ w • (q
i =0

i

i

− xi ) 2

(3.6)

where: d is the weighted Euclidean distance;
q is feature vector of query shape;
x is the feature vector of a shape in DB; and
dim is the dimensionality of feature vector.

4

d max =

dim −1

∑ w • (1 − 0)
i =0

i

2

=

dim −1

∑w
i =0

2

i

(3.7)

The similarity measure is defined in Equation 3.8.
The weighted Euclidean distance is normalized by
the maximum distance of points in the feature space,
so that the maximum and minimum values of d (q, x)
d max

are 1.0 and 0, respectively. The normalization
ensures the degree of similarity between two shapes
locates in the interval between 0 and 1.

(3.3)

The first axiom implies that a model is most similar
to itself. The second means that if using similarity
measure we can not differentiate two models, they
are identical. This is a critical constraint on the
similarity measure. Based on these metric, two more
properties can be derived as in Equations 3.4 and 3.5.
They show the non-negativity and symmetry of
similarity measure.
d ( x, y ) ≥ 0

In the above equation, the weighted Euclidean
distance (d) is a measure of dissimilarity between
two shapes. Since we normalize each element of our
feature vectors, a point (P) in the feature space is
represented as (P1, P2, P3, … Pn) and 0 < Pi < 1 for i
= 1, 2, …n. Theoretically, the maximum distance in
this normalized feature space is between the two
points, of which coordinates are (0,0, …,0) and (1, 1,
… 1). Therefore, in an n-dimensional space, the
maximum weighted Euclidean distance is:

s = 1−

d ( q, x )
d max

(3.8)

where: s is the similarity measure, and
q, x, d and dmax are as above.

4. EFFECTIVENESS
4.1. Procedures
Figure 2 shows a flow chart illustrates how a user
interacts with the system and how our prototype
system processes a query. It has an important postprocessing mechanism – relevance feedback and
multi-step refinement. A user submits a shape model,
either created using modeling tools or picked from
the interface presenting shapes sampled from the
database, as a query example, specify the features to
represent shape content; the system then goes
through the feature extraction process and uses the
feature vector as a key to search the multidimensional index; the results are shown in the
interface; at this point, the user can choose whether
to do Relevance feedback or multi-step refinement.
For the experiments in this section, the relevance
feedback feature is turned off.
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chosen as a query, the search results of the system
are compared with the cluster map to compute the
precision and recall, which are defined as follows.

Start

Submit a query example
Select feature vector

Shape in DB?

Y

N
Normalization
Voxelization

Retrieve feature
vector from DB

Skeletonization

Suppose that the true set of shapes in the database
similar to the query is A and the retrieved shape set is
R. Precision (Pr) is the ratio of the number of the
relevant records retrieved (A∩R) to the total number
of shapes retrieved (R). Recall (Re) is the ratio of the
number of retrieved relevant shapes (A∩R) to the
number of all relevant shapes (A) in the database.
Figure 3 illustrates the relationship of A, R and A∩R.
The mathematic definition of precision and recall are
as Equation 4.1 and 4.2.

Feature extraction
Search multidimensional
Index

Multi-step search?

Query
reinterpretation
Specify relevant
& irrelevant items

Filter previous
results

Present results

Weights
reconfiguration

Y

Select Feature
Vector

N
Y

Figure 3 Illustration of precision and recall definition

Relevance feedback?

N
End

Figure 2 Flow chart of query processing

There are two ways that a user can control the
number of the shapes to be presented. One method
uses similarity threshold (SIT), which can be any
value from 0 to 1.0. All the shapes, of which the
similarity measures are larger than SIT, are
considered as similar shapes and present to a user.
The other method uses a natural number (NAN) that
has to be smaller than the size of the database. The
system presents NAN most similar shape to users,
irrespective of the degree of similarity. In the
following sections, we refer to these two methods
SIT and NAN, respectively.

4.2. Methods
In this paper, the search effectiveness is characterized
by two parameters – precision and recall, which are
commonly used in information retrieval (Santini, S.
2001). The database employed for effectiveness is a
real database of 113 models. These 113 models are
manually classified into 26 groups as well as 27
“noisy shapes” that do not belong to any groups. The
groups formed by manual classification are term in
the paper “cluster map”, which serves as the “ground
truth” to test our system. When a model in group X is

Pr =

| A∩ R |
R

(4.1)

Re =

| A∩ R |
A

(4.2)

where A ∩ R , A , and R are the cardinalities of
the corresponding set, respectively.
Obviously, the set R represents the models that the
system considers similar ones; and the set A
represents the models that the user considers similar.
An ideal search system retrieves the dataset exactly
the same as all the similar shapes in the database, i.e.
R=A, which make Pr = Re = 1.0. However, because
of the complexity of presenting shape content in low
level features, developing an ideal search system has
been a challenge for years. It is impossible to ensure
Pr = Re = 1.0 for all queries. In reality, the precision
and recall have an inverse relationship. Usually one
of the two parameters can grow at the expense of the
other. Thus, precision and recall are usually used
simultaneously
to
characterize
the
search
performance. Neither of them can independently
characterize the performance of the system. For
example, if we set the threshold for similarity to a
small value (close to 0), then the system could
retrieve all the shapes from the database. In this case,
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the recall is 1, however the precision is low. If we
enforce a strict measure on similarity (threshold close
to 1), the system probably retrieves a very limited
number of shapes. In this case the precision will be
high. However the recall is low.
In this paper, we designed two types of experiments
to evaluate the effectiveness of using different feature
vectors. In one type of the experiments, we compared
the precision and recall curve (PRC) plotted with
average precision and recall values of different query
models, which were chosen from the cluster map. In
the other type of experiments, we compared the
average precision (APR) and recall (ARE) of twentysix quires.

4.3. Results and discussion
4.3.1 Precision and Recall Curve (PRC)
In order to characterize the search effectiveness of
using different feature vectors, we chose five models
from the twenty-six similarity groups and no two
models are from same group. Figure 4 shows the
models that were employed for this test. They are
numbered sequentially from 1 to 5. In this section,
we use SIT method to control the number of parts to
be presented. Different pairs of precision and recall
are collected by changing the SIT values, which are
set as 0.7, 0.75, 0.8, 0.85, 0.9, 0.92, and 0.94. The
shapes that have a larger similarity measure than the
threshold are regarded as similar by the system and
presented to the user. The precision and recall for this
query are then evaluated using the known cluster
map. If different precisions are received at same
recall, we use the average precision to pair up with
the recall.

Figure 5 An example of shape search (SIT= 0.85)

Figure 6 shows the precision-recall curve based on
the results of the five queries. It can be seen from the
figure that the PRC of moment invariants, geometric
parameters, and principal moments show inverse
relationship in general. However, the PRC of
eigenvalues has almost fixed recall values for
different precision values, which implies that no
more similar shapes can be retrieved even though we
increase the number of shapes to be retrieved.
Thus, the eigenvalues of the adjacency matrix of
skeletal graphs are not suitable for generic shape
descriptors for shape search. One of the reasons
could be that the size of the skeletal graph is small,
thus the eigenvalues can not differentiate different
shapes. This will become worse when the database
becomes larger. Therefore, it is necessary to use
other local geometric information to improve
selectiveness of the eigenvalues of the adjacency
matrix of skeletal graph.
Average precision-recall for 5 queries

1
2
3
4
5
Figure 4 Sample shapes tested for Precision-recall curves

1.2

Figure 5 illustrates the result of a query. The top-left
part is the query shape, which belongs to a group of
five similar shapes. The feature vector used for this
query is moment invariants. The similarity threshold
is 0.85. The precision for this query is 0.22; and the
recall is 0.50. When we compute the precision and
recall, we do not count the query shape itself,
because it is guaranteed to be retrieved.

0.8

Moment Invariants
Geometric Ratios

Precision

1.0

Principle Moments
Eigenvalues

0.6
0.4
0.2
0.0
0.0

0.2

0.4

0.6

0.8

1.0

1.2

Recall

Figure 6 Precision-recall curve based on five queries
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4.3.2 Average effectiveness (AE)

For every query, retrieve 10 most similar shapes

Figure 7 shows the average effectiveness (AE) of the
first set of experiments. Since we retrieved number is
SoG for Figure 7, the cardinalities of retrieved set R
and that of relevant set A are equal, although the
elements of these two sets are not necessary the
same. Thus the precision and recall have the same
value. Figure 8 shows average effectives of the
second batch of experiments. It can be seen from
both figures that descending order of AE of using
different feature vectors are: principal moments,
moment invariants, geometric parameters, and
eigenvalues. With larger NAN value, we received
higher recall and lower precision. In addition, the
differences among the average effectiveness of
principal moments, moment invariants, and
geometric parameters become smaller, when the
NAN value becomes larger.
For every query, retrieve as many shapes as group size
0.7

Average Effectivness

0.6
0.5

1
2
3
4

-

Moment invariants
Geometric parameters
Principle moments
Eigenvalues

0.4
0.3
0.2
0.1

1
0.9
0.8
Average Effectivness

For the experiments in this section, we used NAN
method to control the number of shapes that are
presented to a user. We did two sets of experiments.
In one set of experiments, we specified NAN values
to the size of the group (SoG) in which the query
shape is. Based on the definition of in Equations 4.1
and 4.2, the precision and recall are the same, since
the size of retrieved data sets (R) is the same as that
of the relevant data set (A). In the other set of
experiments, the NAN value is set to 10, which is
relatively larger than SoG. For both sets of
experiments, the effectiveness is characterized by the
average precision (APR) and average recall (ARE) of
twenty six queries. We chose one and only one
shapes as query example from each of the twenty six
groups.

1
2
3
4

-

Moment invariants
Geometric parameters
Principle moments
Eigenvalues

Average recall
Average precision

0.7
0.6
0.5
0.4
0.3
0.2
0.1
0
1

2

3

4

Shape represenation and search strategy

Figure 8 AE of four feature vectors (NAN = 10)

4.3.3 Improve Effectiveness
The tests to compare the precision and recall in the
previous section were conducted with a one-shot
searching approach. However, the semantic gap
(Santini 2001, Lou, et al. 2003) between the lowlevel feature vectors and high-level shapes
significantly affects the effectiveness of contentbased shape search systems. In our previous
publication (Lou et al, 2003), we have applied
relevance feedback to bridge the semantic gap. Two
approaches, query reconstruction and weight
reconfiguration, have been investigated to improve
the interaction between users and the system, so as to
adjust the system’s similarity view to a user’s. The
core part of the relevance feedback is the pattern
recognition from the relevant and irrelevant dataset.
In this paper, we propose and implement a different
approach - multi-step search - to improve the search
effectiveness. Different from the relevance feedback,
this approach gives a user more flexibility to employ
her expertise to determine how to filter search
results. After the search system presents the search
results to the user, she observes the results and
determines if she would like to further filter the
previous results with other feature vectors. In our
experiments, we observed many cases that the system
retrieved more similar shapes using multi-step search
than using individual or combined feature vectors.
Figures 9 and 10 are examples using one-shot and
multi-step, respectively.

0
1

2

3

4

Feature Vectors

Figure 7 AE of four feature vectors (NAN = SoG)
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experiments: from each of the twenty six groups,
choose one shape as query model; submit the search
and let the system present only a fixed number of
shapes; compute the precision of the search results.
The experiments were done with the number of the
retrieved shape fixed to ten and the size of the group
(SoG) to which the query shape belongs,
respectively.

Figure 9 Search results using principal moments

Figure 11 illustrates the average precisions of twenty
six queries with different feature vectors when NAN
is set to SoG. Figure 12 is the comparison when
NAN is set to ten. It can be seen that the multi-step
search strategy has better performance than any oneshot search with individual feature vector. The ARE
and APR of multi-step search are both 51% higher
than the best individual feature vector – principal
moments, when NAN is set to SoG. When the size of
retrieved shapes is increase, the ARE of multi-step
search strategy still 15% higher than that of using
principal moments. However, there is not much
difference between the APRs.
For each query, present as many shapes as group size
1
0.9

Average Effectiveness

0.8

8

0.6
0.5
0.4
0.3
0.2

0
1

Se arch Strate gy

2

Figure 11 Comparison of the AE (NAN = SoG)

For every query, present 10 most similar shapes
1
0.9
0.8
Average Effectiveness

In our experiments, we observed that, in general,
multi-step strategy outperformed the one-shot search.
Nevertheless, there were also queries that multi-step
search strategy did not outperform the one-shot
strategy. In order to get an overall evaluation of
multi-step search strategies, we conducted following

0.7

0.1

Figure 10 Search results using multi-step refinement

Figure 9 shows the best results using individual
feature vector. Figure 10 shows the results using
moment invariants first and geometric parameters
second. In either of these cases, the system retrieves
thirty shapes and presents the ten most similar shapes
to users. Thus, for the multi-step search, the system
first retrieves thirty shapes based on moment
invariants, uses the geometric parameters to reorder
these thirty shapes and then presents ten most similar
shapes. The precision and recall of Figure 9 is 0.33
and 0.43, respectively, while for Figure 10, they are
0.55 and 0.71.

1 - One shot Search using
Principle moments
2 - Multi-step Search

1 - One-shot search using principle
moments
2 - Multi-step search

Average Recall
Average Precision

0.7
0.6
0.5
0.4
0.3
0.2
0.1
0
1

2
Search Strategy

Figure 12 Comparison of AE (NAN = 10)
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5. EFFECIENCY
5.1. Indexing Shape Similarity
Using index structures to speed up searching is a
critical issue for 3D shape search systems. The
logarithmic query time of B+ tree is in part
responsible for the success of relational databases.
However, the B+ tree index is basically a onedimensional index structure, which orders the data
records directly by attributes. This one-dimensional
index structure is not sufficient for 3D shape search
systems (Hellerstein, et al. 1997). The fundamental
problem is that the feature vectors representing the
3D models are complex data types. Searching is
usually based on overall similarity (similarity query)
rather than matching individual attributes (attribute
query). We have to use all the attributes
simultaneously to determine the similarity. In other
words, we cannot discard a model from a candidate
list only because some attributes do not match the
query model.
Thus, in order to search similar 3D models
efficiently, we need an index structure with
properties such that: (1) it is a multidimensional
index. The multidimensional index arranges the
models using all the feature elements, and (2) it
groups similar models and puts them in the same
node or contiguous index nodes. This grouping can
reduce the disk I/O time during search operations.
R-tree based multidimensional indexes (Guttman, A.
1984) have been extensively studied for contentbased image retrieval. In such an index, points in
feature space are clustered in groups and a group is
represented by a bounding rectangle/hyper-rectangle
containing the points. The bounding hyper-rectangle
is a tight bounding box that is represented by the
coordinates of its vertices. To answer a query, the
query point is compared with the bounding box in
order to prune the sub-tree rooted at this hyperrectangle. Therefore, the R-tree index satisfies the
requirements of the similarity index listed above. In
R-tree index, the leaf nodes of an R-tree contain
pointers to 3D models. The search starts at the root
and is directed by internal node to the leaf node. The
tree structure is similar to a B+ tree; however, the
criterion to arrange the records is totally different
from that of B+ trees. In this section, we investigate
the efficiency of the R-tree index using our contentbased 3D search system.

5.2. Methods
In order to test the efficiency of R-tree based index in
searching similar 3D shapes, we used both real and
synthetic databases. The real database accurately
represents the distribution of feature vectors in
feature space. However, at this moment, a real
database, which is large enough to test the scalability
of indexing techniques, is not available. Although
our real database is being expanded, the current
database, consisting of 113 3D shapes, is still
relatively small as compared to typical design
repositories. Thus, we use synthetic databases to
investigate the scalability of indexing techniques.
The synthetic database was built using a random
number generator. The sizes of synthetic datasets are
flexible. We chose the range from 50 to 1,000,000 in
the experiments.
The search efficiency is characterized by the ratio
(Ra) of the number of the visited node (NV) in a
search operation to the total number of nodes (NN) in
the index.
Ra =

NV
NN

(5.1)

The visited nodes are loaded into computer memory
(RAM) from the database during search operations.
The query model is compared with the models in the
retrieved node to determine the search direction or to
compute similarity. Since disk I/O is the bottleneck
for current computer systems, the ratio of visited
nodes reflects overall performance of search systems.
The efficiency of the R-tree index is determined by
its pruning ability. The search basically proceeds
through all the nodes at a level and prunes the nodes
based on pruning criterion. In (Roussopoulos, et al.
1995, Jagadish, 1991), there is a detailed description
about pruning the nodes using MinDist and MinMax
of the node to a query model. The pruning ability is,
in turn, determined by the distribution of similarity
models. If similar models are grouped in the same
node or similar nodes, the R-tree has better pruning
ability.
In this section, the dependences of efficiency on
three parameters - dimensionality of data records
(DDR), volume of database nodes (VDN), and size
of databases (SoD) - are investigated with both real
and synthetic databases. The tests were conducted on
a DELL Pentium 2.66 GHz PC with 1.0 GB RAM.
All the tests in this section use NAN methods
described in Section 4.1. The NAN value is set to
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5.3. Results and discussion
5.1.1

Real Database

As described in the previous section, there are four
types of feature vectors that are extracted from 3D
shapes. The sizes of these feature vectors correspond
to the dimensionality of data records (DDR). DDRs
of the four feature vectors vary from 3 to 10.
Besides using these single feature vectors, we
randomly combined a few groups (from 2 to 4) of
feature vectors to form a new feature vector. This is
done by a simple database join operation. The DDR
of all single and combined feature vectors ranges
from 3 to 18. An R-tree index was created for each of
the feature vectors to test the efficiency of the index.
Figure 13 shows efficiency of R-tree indexing real
databases. It can be seen that the value of Ra can be
as low as approximately 0.1, which means that there
is only one that is retrieved for checking similarity
for every ten database nodes. In addition, it can be
seen that the Ra received with DDR less than 10 is
substantially smaller than that when DDR is larger
than 10. This shows that the efficiency decreases
when DDR increases, and the efficiency significantly
deteriorates when DDR reaches 10. In (Beyer, K. et
al. 1999), it is observed that a linear scan might
outperform a multi-dimensional index when the DDR
reaches 7 or 8, due to the “curse of dimensionality”.

Figures 14 shows the ratios (Ra) changing with
different SoD and DDR, respectively. The VDN of
these experiments is set to 5. Figure 15 illustrates the
Ra at different VDN and SoD when DDR is set to 5.
It is seen from these figures that the
multidimensional index prunes a large number of
nodes, especially at lower DDR and VDN. In the
case where the DDR is 3 and the VDN is 5, the ratio
of visited is about 0.00125. In other words, for every
800 nodes, there is only one loaded in temporary
memory for similarity computation. It can be seen
from the figures that the Ra increases when the SoD,
DDR, and VDN increase. Furthermore, it is clear that
the efficiency of the R-tree becomes stable when
with the increase of the size of databases (SoD). This
means that the R-tree is scalable to database size.
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Figure 13 Efficiency of R-Tree index (real database)

5.1.2

Synthetic Database

In this section, synthetic database is used to test the
dependence of efficiency on the volume of database
node (VDN), the dimensionality of data records
(DDR), and the size of database (SoD). VDN,

10

Figure 15 Ratio with different database size and node
volumes

6. CONCLUSION AND FUTURE WORK
In this paper, we describe our approaches to improve
search effectiveness and efficiency of content-based
3D shape search systems. A systematic method is

Kuiyang Lou, Natraj, Iyer, Subramaniam Jayanti, Yagnanarayanan Kalyanaraman,
Karthik Ramani, Sunil Prabhakar

developed to compare the effectiveness and
efficiency in shape retrieval using real and synthetic
databases.
The search effectiveness is characterized by the
precision and recall of queries. The descending order
of search effectiveness of using feature vectors are:
principal moment, moment invariant, geometric
parameters, and eigenvalues.
An R-tree based index is employed to improve the
search efficiency. The results show that the index
structure significantly improves search efficiency
with both real and synthetic databases. The search
efficiency decreases when the dimensionality of data
record and the capacity of database node increase. It
becomes stable with the increase of database size.
Multi-step refinement is proposed as a strategy to
improve search effectiveness. The performance of the
multi-step refinement is compared with one-shot
search scheme. The precision and recall of using
multi-step refinement is 51% higher than that of oneshot search using principal moment as feature vector,
although the difference becomes smaller when the
number of retrieved shapes become larger.
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