






Basically, two shapes that are similar (see similarity measure
shortly) are grouped as a cluster, and a representative is
picked to represent the cluster. This process is repeated until
the desired number of clusters is obtained. In our work, we
have set the desired number of shapes per level as that
matching the reduction ratio which is defined as follows.

Definition 4.1.1: (Representation Reduction Ratio)
The Representation Reduction Ratio @RR)  from level-i to
level-(i-l) is defined as:

mR(i,  i-1) = NumberOfNodesAtLevel(i)
NumberOflodesAtLevel(i  - 1)

RRR can be dynamically controlled by the distance threshold
for partitions. Large RRR leads to shallow tree, vice versa.
The HPSR scheme is described algorithmically as follows.

Algorithm 4.1.1: HPSR
1. Initialize n to N.
2 . For all logical shapes, apply AM to get their level-n

representation.
3 . Merge identical representations into partitions.
4. If number of partition is too big, cluster similar

representations given distance threshold.
5 . For each partition, produce partition’s representative as

a node at level n.
6. Build connection between level-n nodes and their

children.
7 . If n>l,  map level n nodes to level n-l representations

and decrease n by 1, then go to step 3.

Compared with existing indexing structure, HPSR produces
the tree with nodes which are representatives of partitions
with lower and lower dimensions from bottom to top. One
example indexing structure with N=2 for three images is
shown in figure  3. As we can see, the RRR(logica1 level, 2)
= (6-4)/6  = l/3  and RRR(2,l)  = (4-2)/4  =1/2. The DRR effect
can be also seen clearly for each high-dimension
representation.
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4.2 Query Processing
Given a query image, all shapes are extracted, whose
approximate representations are first  generated by using the
same technique above without partition. Starting at level-l
nodes, query’s level-l representation is compared with them.
If no one similar node can be found, then it can be certain
that there are no shape underneath the indexing tree that
satisfy the query. If it can be found, there is a chance that
some logical shapes may satisfy the query. In this case,
searching resumes at lower level’s nodes that are pointed
from the node found. This procedure is repeated until either
no lower level to go or the leaf level. The access path is also
indicated in figure 2 and 3. Formally, the process goes as
follows:

Algorithm 4.2.1: Query Processing in HPSR
1. Generate query shape’s N multi-level representations.
2 . Initialize level n as 1.
3 . Compute the similarity between query shape’s level-n

representation and level-n nodes.
4 . If no similar node is found, return null.
5. If leaf level is reached, get shapes’ logical

representations pointed by leaf nodes and compute the
similarity with query shape. Return those similar shapes.

6 . Increase n by 1 and retrieve the similar node’s children
as level-n nodes. Go back to step 3.

During query processing from root to leaf, more than one
similar node may be found at certain level. A parameter can
be set to determine how many branches we want to search
through. The chance at top levels is low. Another important
feature that we can see is that, at higher levels, the
comparisons are made between low-dimension
representations. This results in much more efficient  indexing
searching since the computation time is reduced greatly.

4.3 HPSR Matching
To successfully find the most similar node at each level given
a query image’s shape representations, a similarity measure is
essential .  One popular method for polygon shape
representation is the turning function [ 191,  which is invariant
to position, scale, and rotation. In this paper, we extended
turning function to be applicable to any rectilinear shape.

During the search process, only  low-dimension
representations derived from dominating outlines (definition
3.1) are involved. Dominating outline for a shape is either
polygon or one-by-one connected edges. Polygon only
matches polygon, and it is same for one-by-one connected
edges. To get the similarity between two dominating outlines,
we apply the turning function. The turning function
represents the tangent of a point on the boundary with respect
to a reference axis of an arbitrary orientation. During the
traversal of the boundary, the tangent at each point is
computed. The starting point on the outline corresponds to
the origin point on the turning function. Turning function is
supposed to test on all possible reference axes with different
degree from 0 to 360, and on all the choice of origin. The
formula is

D(U,  b) = J: (a(x) - b(x))2  dx
Where a(x) and b(x) are the turning functions for shape a and
b. x is the outline length. As we only store the relative length
for each edge; therefore, x ranges from 0 to 1. Given two
shapes a and b, a smaller D value means that they are more
similar. If it’s polygon, we have to compute over all choice of

501



reference axis, which are angles of polygon, and origins for
the second polygon, which are vertices of second polygon, in
order to find the minimal difference. So the time is

O((M+N)MN) or (O(M 3 )) where M is the edge number. If
the shapes arc not polygon, we simply put the origin as either
end point. So the time is 0 ((M+N)*2)  or 0 (M) simply. The
following figure shows an example for turning function.

Figure4: example shapes with their turning functions.

To get more precise matching, the branch outline starting
from each vertex at dominating outline may also be computed
correspondingly by applying turning function (similar to one-
by-one connected edges). The overall similarity between two
approximations is:

S(a,b)  = D(a,b) +
1

a * pw4wwm

where CL  indicates that dominating outline is CI  times
important than branch outline. B[a(i)] indicates that it’s the
ith branch for shape a from origin. i is from  1 to M, where M
is the number of edge in the dominating outline of shape a.

5. HIERARCHICAL PARTITIONING
WITH ANGLE VECTORS
In HPSR, the computation cost to compare two shapes can
still be fairly high. As AM processing mainly concerns with
angles, in this section, we introduce a compact representation
called Angle Vector to further improve on the efficiency. We
shall call the resultant structure a Hierarchical Partitioning
with Angle Vector (HPAV).

To map a shape representation to its corresponding AV, only
angle information is considered. Section 3 describes how to
define Angle Interval (AI) for each level. Given mapping
level N, AI has 3 intervals. We add one more interval called
AI [0] which range from (0, 901  or [270, 360). Based on the
AI, we define AV as a vector, each dimension of which
contains the number of angles whose degrees lie in different
AI. For example, the AV for each representation in Figure 2
can be expressed as follows in figure 5. For instance, for
level-2 representation from Figure 2(c), we can get its 2-
dimension AV, where the first  dimension indicates the
number of angles lying in AI [0] and the second dimension
indicates the number of angles lying in AI [l], as mapping
from level 3 to level 2 has eliminated those angles lying in AI
[3]. Therefore, as mapping from bottom to top, the AV
dimension decreases by 1  at each level. Finally at the top,

only one dimension is left which indicates the number of
angles lying in AI [O]. In our implementation, we separate
shapes with polygon and without polygon, as both have
different number of edges when they have the same number
of angles.

(a) AV for logical representation.

p-p-p-j

(b) AV for level-3 representation.

I
4 2

(c) AV for level-2 representation.
-

(d) AV for level-l representation.

Figure 5: AVs for an example shape’s MLRs

To construct the HPAV structure, we need to build the HPSR
structure first. We then map each node in the HPSR structure
into its corresponding AV to form the HPAV structure. Thus,
the only difference between the HPSR and HPAV is the node
representation. In HPSR, each node is a low-dimension level-
I shape representation. However, in HPAV, nodes are in the
form of AV. Both are indexed with the same quality. But one
extra cost for HPAV structure is the mapping process from
shapes to AVs. One example HPSV tree obtained from HPSR
tree (Figure 3) is shown in Figure 6.

f- Root
Root I

Figure 6: an example 2-level HPAV Indexing tree for a database

with 3 images.

In HPAV tree, each level has much lower fixed dimensions,
which is decided by the mapping level N. From the leaf level
to level- 1, the number of dimensions keeps decreasing by one
at each level. Finally at level 1, only 1 dimension is left. The
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DRR values produced at each level by HPAV may be smaller
than HPSR. However, the HPAV structure starts with
initially very low dimension, which is N only. Furthermore,
the node size is much smaller compared to HPSR at each
level. Therefore, the storage space can be reduced
dramatically. This also implies faster path traversal.

For query processing, it’s same to the algorithm 4.2.1 (for
HPSR), except that now we use AV at each level from HPSR
and use AV to go through the HPAV tree to find similar leaf
nodes. Although the tree is still in the same quality with
HPSR tree, the wrong branch may be taken based on AV
comparison, as there is a chance that irrelevant
representations may be mapped into the same AV. The
testing results are reported in the next section.

As for the AV comparison, inspired from the formula for the
angle between two nonzero  vectors in 2d-space,  define the
similarity measure as follows:

6. EXPERIMENTS
In this section, we report an experimental study conducted to
study the effectiveness of the proposed methods.

6.1 Set Up
All of the experiments were performed on an Intel Pentium
III Processor 700MHz  with 128 Mbytes of RAM. The testing
datasets  consist of several sets of databases. Each set is used
for a different experiment.

We evaluated the two structures HPSR and HPAV on their
effectiveness and efficiency, as well as storage requirements.
As we use the original shape’s representations for the final
comparison, the accuracy is always 100%. We use another
important factor, Recall, to determine the effectiveness of the
scheme. To see the efficiency of HPSR and HPAV schemes,
we define one parameter called Time Reduction Ratio (TRR)
as:

TRR = [Time (sequential) - Time (index)] / Time (index)

where index refers to HPSR or HPAV. To see different
impact on storage requirement on the structures, we also
compare them over a set of databases. In our experiments, we
have created images with a number of objects. To determine
whether an image is relevant to a query image, we adopt a
simple strategy: A database image is considered to be
relevant to a query image if the database image contains 80%
of the shapes in the database image are similar to those of the
query image.

6.2 Tuning Mapping Level and PLT
The AM process will determine whether similar shapes can
be mapped into the same partition, which directly affects the
quality of the schemes. During the AM process, two
parameters may affect the results: mapping level N, which
decides Angle Interval, and Prune Length Threshold (PLT).
Based on recall and CRR, we want to choose the optimal
value for N and PLT.

We run this experiment on the HPSR structure with synthetic
5,000 images, each of which has an average of 15 objects.
The query image contains 15 objects. The following 2 figures
show the impact on TRR and recall for different N values.

I TRR vs N

2 4 6 6 1 0

N values

Figure 7: Impact on TRR by Mapping Value

I R e c a l l  v s  N

2 4 6 a 1 0

N values

Figure 8: Impact on recall by mapping value.

From Figure 7, we noticed that TRR increases when N
increases from 2 to 6. This is expected since a smaller N
means a larger partition and hence more shapes have to be
compared. However, as N continues to increase from 6, the
TRR begins to reduce slowly. One main reason we believe is
that the overheads in examining too many levels become
significant. In Figure 8, we see the recall results. As shown,
recall decreases as the value of N increases. The reason is
that higher mapping level causes more Angle Intervals. Due
to strict angle mapping, some similar representations may be
classified into different leaf nodes. This is more serious as N
increases. Therefore, from both figures, we obtain one
“optimal” value for N, which is 4.

TRRvs  PLT

Figure 9: Impact on TRR by PLT

In the same experiment, we also tested the impact caused by
PLT with N=4. Figure 9 indicates that with PLT increasing,
the TRR grows also, as it produces lower-dimension
representation with fewer edges. In Figure 10, recall keeps
decreasing as larger PLT means coarser approximation.
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Combining the results of the two experiments, we pick the
ltimal”  range for PLT to be around 0.1.

Recall vs PLT

004 0 . 0 8 012 0.16 0 . 2
PLT  values

Figure 10:  Impact on Recall by PLT

6.3 Effectiveness of HPSR and HPAV
With the “optimal” values for N and PLT, we shall use them
to compare both HPSR and HPAV structures .  This
experiment is done on a set of databases with 1000, 2000,
3000, 4000, and 5000 images respectively. Figure 11 shows
the results. The recalls for both methods have no obvious up
or down. The average recall for HPSR and HPAV is 93% and
77% respectively, given the same database. For HPSR, the
high recall confirmed that our framework can produce good
shape approximations that can be used to prune the search
space effectively. For HPAV, the low recall is due to the fact
that irrelevant shape representations may be mapped to the
same AV, i .e . ,  AV is  essential ly a coarser shape
representation. Therefore, the query AV at certain level has a
chance to choose an invalid branch. And this probability is
around 23%. In all the above experiments, we have allowed
only one unique path to find a single leaf node. We have also
tried with allowing multi-branch searching at the leave nodes.
The results are better. However, efficiency will drop quickly
as more comparisons are involved.

Recall vs Data Size
7

Data Size

Figure 11. A comparative study on effectiveness.

6.4 Efficiency of HPSR and HPAV
The main goal of our methods is to speed up the retrieval
process without sacrificing on their effectiveness. To see the
efficiency of the two schemes, the first experiment was done
on a set of databases with 1000, 2000, 3000, 4000, and 5000
images. Each set has the same average number of 15 objects
ranged from I to 30. Query is an image with 15 objects. The
purpose is to understand how the TRR varies with database
size increasing.
As Figure 12 shows, the TRRs  for both schemes increase as
database grows. The difference between HPAV and HPSR
can be seen clearly. As the number of dimensions at each

level for HPAV tree is fixed, its TRR is close to a linear
function of data size. Since its searching tree time is almost
constant, the increasing for HPAV is greater than HPSR.

TRR vs Data Size

I I I800
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1000 2000 3000 4000 5000
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Figure 12: TRR varies with database size

Next we want to study the effect of the number of objects per
image on the efficiency of the schemes. We use 5 sets of
5,000 images; each set has different object number per image
from 5, 10, 15, 20, and 25. Figure I3 indicates the impact.
From Figure 12, we noticed that TRR increases as the
number of objects per image grows. Figure 13 also showed
that TRR for HPAV is much more affected by the number of
objects than that for HPSR.

5 10 15 20 25

Objects Per image

TRR vs Objects Per Image

Figure 13: Number of Objects per Image vs. TRR

All the previous experiments were done with average 15
dimensions/edge per object. In this experiment, we vary the
average number of dimensions per object from 5 to 25. We
choose a set of 5000 images with 15 objects per image and
test on the dimension impact on TRR. As we can see from
Figure 14, both schemes’ TRRs  increase much faster than the
impact on data size and number of objects per image. When
the number of dimensions is fewer than 5, speed up is not so
much as not many dimensions are reduced by the AM.
However, when the number of dimensions exceeds 15, the
gain becomes significant. This is the power of AM. We also
believe that a larger number of objects contained in a query
image would also provide a higher gain.

6.5 Storage Space for IMLR and IAV Tree
Storage requirement is also important when the indexing
structure is needed to be stored somewhere. We did an
experiment on sets of databases with 1000,2000,3000,4000,
and 5000images respectively. The average number of objects
contained in an image is 15.

From Figure 15, we can see that as the database size
increases, the storage of both schemes grows slowly. In fact
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for HPAV, the size of the structure is almost constant. Its
size increases only when there is a chance to increase the
nodes in the structure. Since HPSR maintains shape
information, its storage requirement is larger - it needs
several times of space more than the HPAV scheme. As
database keeps increasing, the gaps between data size, HPSR
and HPAV also become larger.

TRR vs Objects Dimension

5 1 0 1 5 20 25

Dimension of Object

Figure 14: Dimension of Object vs  TRR.

Storage Space Requirement
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Figure 15. Effect of number of objects per image.

7. CONCLUSION
In this paper, we have proposed a framework for partitioning
image databases based on shapes of objects. The framework
makes use of approximations of shapes obtained using the
angle mapping method that reduces the dimensionality of
shapes. We also proposed two methods based on the
framework. While the first method, HPSR, uses shape
information to be the indexing key, the second method,
HPAV, employs a compact but coarser vector representation.
We implemented both schemes and evaluated their
effectiveness and efficiency as well as storage requirement.
The results of our study showed that both methods are
effective and can obtain up to 93% recall for HPSR and up to
77% recall for HPAV. On the other hand, HPAV is much
more efficient than HPSR and requires only around l/3  the
storage space of HPSR tree.
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