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Abstract

Similarity retrieval is an important algorithm
for database systems. To support the creation of
good virtual world presentation, we need to re-
trieve polygonal objects from databases. In con-
ventional database systems, retrieval of polygonal
objects was based on only the features of the poly-
gon. Unfortunately, such retrieval techniques do
not consider the user’s subjective measures. Some
applications such as the creation of a virtual city
can be done more effectively by applying designer-
s’ subjective measures to retrieval systems. This
paper shows the creation of multidimensional s-
paces based on subjective measures by analyzing
the correlation between the features of polygonal
data using a multidimensional scaling and regres-
ston analysis. 3D polygonal tree objects are used
as a data set to evaluale the effectiveness of our
statistical approach. Our techniques enable users
to retrieve objects more efficiently by considering
subjective measures.

1. INTRODUCTION

There are several algorithms to retrieve 3D
polygonal objects from a database. The text-
based method uses labels and comments which are
assigned by the person who designed the object.
This kind of method requires much work for in-
dexing. Super-quadratics or skeletons are effective
indices to capture the structured abstract index of
3D objects. However, even if good indices are cre-
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ated, these algorithms are not enough to reflect
personal subjective measures for similarity. These
approaches have limited expressiveness for answer-
ing queries with different users. A statistics-based
approach [7] (8] [9] [10] [11] was used to maximize
users’ subjective measures to solve this kind of
problem for 2D images. We have extended this
statistical approach to 3D object retrieval.

For 2D images, much research has been done to
find good shape descriptors to interpolate miss-
ing dimensions. Although 3D objects contain pre-
cise shape information and shape descriptors com-
pared to 2D images, this does not mean that re-
trieval can be done more easily, because still re-
trieval systems need to recognize which shape de-
scriptors are important and more influential for
similarity retrieval. Another problem is that dif-
ferent users use different shape descriptors to e-
valuate the similarity of 3D objects.

2. SIMILARITY RETRIEVAL FOR
VIRTUAL TREES

In our statistics-based similarity retrieval, us-
er behaviour is characterised by similarity prefer-
ences as shown in Figure 1. The behaviour can
be represented by a user model to customise the
query processing. Different users can be repre-
sented by different user profiles in the model. In
this section we describe algorithms for similarity
retrieval. We divide this process into four parts:
(1) creating the parameter space, (2) creating the
object feature space, (3) creating the user pref-
erence space, (4) and mapping the object feature
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UPS for user A

Shape descnptors UPS For user B

Figure 1. Object Feature Space and User Preference

Space
Table 1. Parameters
trunk height branch length twig length
trunk width branch angle twig angle

twig curving
twig density

winding step
winding angle
winding twist

bottom height
crown center
bough length
bough curving
bough twist

space into the user preference space.

2.1. Parameter Space

Many modeling programs output a plant frac-
tal based on Lindenmayer systems [1] [2] [3] [4].
These programs are being used to create natural
materials, such as stones, terrain and trees. These
fractal based programs use a set of rules and pa-
rameters. The rules tell the generation program
how to manipulate parameters. The parameters
(Table 1) such as the angles of branches, height of

tree and many other parameters are used to con-

trol the shapes of trees. We have selected some of

these parameters to create the parameter space.
2.2. Object Feature Space

It is very important to choose good shape de-
scriptors to retrieve objects. The shape of an ob-
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Figure 2. Subjective retrieval system

ject can be described quantitatively using numer-
ic shape descriptors such as roundness, curvature
and compactness. The use of required shape de-
scriptors depends on what kinds of objects are in
the database. There are many ways to describe
3D objects, such as CSG, voxcel and polygon. If
the 3D objects are described by polygons, poly-
gon vertices can be good shape descriptors [23].
For the fractal generated polygonal trees, shapes
of trees are determined by parameters. Therefore,
we can use some of these parameters as shape de-
scriptors.

2.3. User Preference Space

To support object retrieval based on users’ sub-
jective similarity measures, we need models of ob-
jects with similar relationships to be compared.
Since we can not compare entire tree objects in
the large database, we select some tree objects as
a study data set to capture similarity preferences.
We used multidimensional scaling (MDS) [15] [16]
[17] [18] to create a user preference space using
this study data set. MDS can analyse matrices of
dissimilar or similar data. The analysis represents
the rows and columns of the matrix as points in a
Euclidean space. If a row and column are similar,
then their points are close together, while if the
row and column are dissimilar, their points are far
apart.



Table 2. R2 and Adjusted R2

Axis | R® Adj. R* |} of vars.
1 0.8387 0.8100 20
2 0.8120 0.8003 18
3 0.8110 0.8000 18
4 0.8303 0.8100 20
5 0.7998 0.7721 20

2.4. Mapping Object Feature Space into Us-
er Preference Space

When the object feature space and user prefer-
ence space are created by using study objects, we
need to find mapping functions to evaluate the re-
lationships of these spaces. Let m be the number
of dimensions. The coordinates of study object
obj; are ob 'f""’d(z;g, Zi1y -y Zim)- The object obj;
has feature vectors 0bj7°*(z;q, Z;1, »--, i ). To find
mapping functions, we can use multiple regression
analysis (stepwise). The predictor variables are
0bj5°°™ and the response variables are obj7***. We

need n samples to analyze by multiple regression.

k+1
zi; = b+ Y biaifa—1) 1
a=1
We can find the coordinate in dimension j of a
point in an m-dimensional space from equation 1.
Once mapping functions are found, coordinates of
points for the entire tree database can be comput-
ed. In the preference space, similar objects are
close together, while dissimilar objects are far a-
. part. Therefore similarity retrieval can be done by
a Buclidean distance computation.

3. SYSTEM IMPLEMENTATION

A similarity retrieval system was implemented
in C++, Motif, and Inventor on an SGI Indigo2.
Tree objects are displayed in individual windows,
as shown in Figure 2. Since each window has an
independent coordinate system, we can rotate, s-
cale, and translate the object in each window. The
system allows users to see tree objects in stereo
viewing mode using stereo glasses.
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Figure 3. Retrieval 1 (OFS)

Figure 4. Our statistical retrieval 1 (UPS)

We tested our statistical method on the similar-
ity retrieval system. Our tree database contains
300 VRML objects, and we have choose 50 tree
objects as a study data set. The object feature
space contains 35 vectors. User preference spaces
are created by applying multidimensional scaling
and multiple regression analysis. In this statisti-
cal process, stress [15] [16] [17] [18] is computed.
Five dimensions are used to compose a user pref-
erence space, since stress converges at dimension
five. Table 2 shows R2 (squared multiple correla-
tion) and adjusted R2 for each axis. These values
are computed during multiple regression analysis.
Adjusted R2 values show the validity of the map-
ping of object feature space into user preference
space. These values indicate that the mapping is
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Figure 6. Our statistical retrieval 2 (UPS)

valid for use of regression functions.

4. EXPERIMENT AND RESULTS

We evaluated the statistical method and the
non-statistical method in an experiment with four
users. The preference model was created based
on averaged similarity preferences from four users.
In our statistical method, weight-of-shape descrip-
tors are properly assigned based on users’ sub-
jective measures. In the non-statistical method,
weight-of-shape descriptors are the same. User
preference space (UPS) is used as the retrieval
domain for the statistical method. For the non-
statistical method, only object feature space (OF-
S) is used. Figures 3 and 5 show query results
for the OFS method based on graphical features.

Table 3. Results (Average)

5% 10%
OFS | 89.7% 83.6%
UPS | 93.8% 91.2%

Figures 4 and 6 show query results for the UPS
method based on subjective measures. In Figures
3 and 5, some trees are not similar in terms of
shape in users’ similarity point of views. However
the statistical approach allows some trees to ap-
pear for the query by considering users’ similarity
preference as shown in Figures 4 and 6. The s-
tatistical method can capture human perceptual
similarity of trees by considering subjective mea-
sures. '

Tables 3 and 4 compare the results of the OF-
S method and the UPS method. To evaluate the
effectiveness of the statistical approach, we first
chose 10 query keys at random and sorted the
query results based on similarity distances. The
distance that is most far apart is set as maximum
region 100%. Secondly, we asked users if similar
objects are contained in the 5% region. Numbers
of similar objects are counted in the 5% region,
then the numbers are divided by the total number
of objects in each 5% region. The 10% region is
computed in a similar manner. Figures 11 and 12
show query results for different users. Although
the same search key is used, the system shows dif-
ferent query results, reflecting different user mod-
els. Figures 7, 8, 9 and 10 show query results of
the UPS method.

The statistical method UPS requires at most
20 vectors (variables) to retrieve tree objects, as
shown in Table 2. Once the user preference space
is created, similarity retrieval can be done in time

O (n log n).

5. SUBJECTIVE SEARCH AND ITS
APPLICATIONS

5.1. Tree Object Database

Many applications in computer graphics and
virtual reality systems require complex objects.
However, complex objects contain huge amounts
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User A | 5% 10%
OFS 83.2% 80.0%
UPS 93.4% 91.9%
User B | 5% 10%
OFS 90.1% 93.3%
UPS | 95.7% 95.6%
User C | 5% 10%
OFS 85.0% 84.9%
UPS 90.2% 90.1%
2% 3
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Figure 7. Our statistical retrieval 1 (UPS)

of polygonal patches, and the rendering cost is ex-
pensive. Generally, trees are highly complex ob-
jects compared to other simple objects, because of
their structures. One solution to speed up render-
ing is to replace complex trees by simpler trees,
but this solution may lead to loss of image quality
that is noticeable. Since our similarity retrieval
system shows a set of similar trees, we can substi-
tute trees that have fewer polygonal patches from
this set without losing image quality.

5.2. Users’ Subjective Measures

From the coefficients of mapping functions, we
found that some feature descriptors, such as trunk
height, leaf density, branch angle, and bough
length have a strong influence on users’ similar-
ity measures compared to the 30 other feature de-
scriptors.
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Figure 8. Our statistical retrieval 2 (UPS)
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Figure 9. Our statistical retrieval 3 (UPS)

5.3. Browsing Trees In User Preference S-
pace

When user preference spaces are created, we can
walk through the space by using three axes. In
this space, similar trees are close together, while
dissimilar trees are far apart. We can thus visu-
alize users’ similarity preferences. Figures 13 and
14 show snap shots of the preference space based
on averaged three users’ similarity measures.

6. CONCLUSIONS

In this paper, we presented a statistical method
for retrieving 3D polygonal trees by shape de-
scriptors considering user preferences. Multidi-
mensional scaling and multiple regression analy-
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Figure 10. Our statistical retrieval 4 (UPS)
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Figure 11. User A (UPS)

sis were used to create user preference models.
The retrieval system was implemented on an S-
GI Indigo2. Experimental results indicated that a
statistics-based technique is an effective approach
to retrieve 3D objects.

7. FUTURE WORK

We did not include color and texture for the
similarity retrieval models, because the evaluation
of similarity can not be done linearly if we include
color and texture. In future work, we intend to
extend our models to be able to handle colors and
textures.
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Figure 12. User B (UPS)
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