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ABSTRACT

We propose a shape-matching algorithm based on distance ratio distribution, which is used to measure the
regularity of the transformation between the shapes to be compared. The standard deviation is used to
represent the distribution. Our algorithm is robust to translation, scaling and rotation. We illustrate the
effectiveness of our algorithm in the retrieval of shapes by content using the subsets of the MPEG-7
standard database SQUID[31]. The experimental results show the competitiveness of our approach.
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1 Introduction

Recently, visual information retrieval has become a major research area due to the increasing rate at which
images are generated in many application fields. Visual information retrieval systems support retrieval by
visual content by directly addressing image perceptual features such as color [1]-[3], shape [4]-[8], texture
[9]-[11] and spatial relationship [12]-[14]. In this paper, our concern is shape.

Shape-matching has been approached in a number of ways including tree-pruning[15], the generalized
Hough transformation[16], or pose clustering[17], geometric hashing[18], the alignment method[19],
deformable template[20], relaxation labeling[21], Fourier descriptors[22], wavelet transformation[23],
curvature scale space[24], neural networks[25], dynamic programming[32] and shape context [33].

Persoon and Fu [26] first proposed the technique of using the Fourier descriptor as the representation of
shapes. A large amount of research had been done following their idea. It is easy to make the Fourier
descriptor invariant to translation and scaling. To make it invariant to rotation, the optimal rotation angle
must be obtained. Like in many other techniques, rotation is always something hard to handle compared
with translation and scaling.

The grid-based method was proposed by Sajjanhar and Lu [27] for shape representation and similarity
measurement. The shape is mapped onto a grid of fixed cell size, and is justified to the top left corner.
Then, this grid is scanned from left to right, and also from top to bottom. “1” is assigned to each cell of the
grid which is partially or wholly covered by the shape, and “0” to the cell which is not covered by the
shape, obtaining a sequence of 0’s or 1’s. This sequence can be used for shape representation, which is
robust to translation but not to scaling and rotation. The “major axis” is introduced to make this
representation invariant to rotation and scaling. The major axis of a shape is the straight-line segment
joining the two points on the shape boundary farthest away from each other [27]. It is expensive in
computing to locate the major axis from a shape. For most shapes, the major axis is unique. Denoting the
major axis as AB, we start with a random point named C, on the boundary. This point is fixed and the
distance to all other points on the boundary is computed. The longer the contour, the more computing
required. The maximum distance from point Cy will then have to be compared to the maximum distance
from Cy, ..., C, to obtain a global maximum.



The related research that we are most interested in is the Centroid-Radii Model. The paper is organized in
the following way: related work is reviewed in section 2 and our proposal follows in section 3.
Experimental results are also reported in section 3, followed by the conclusion.

2 Related works: The Centroid-Radii Model

Tan and Thiang proposed a novel method for shape representation in their paper [28]. The basic idea of
their proposal is to use the centroid-radii model to represent shapes. Figure 1[30] illustrates an example. In
this method, lengths of the shape’s radii from centroid to boundary are used to represent the shape. The
interval between radii, measured in degrees, is fixed.

Without loss of generality, the intervals are taken counter-clockwise, starting from the X-axis direction.
The shape can then be represented by a vector {L, L, ...,L;,...L,;}: where L; is the i th radius from the
centroid to the boundary of shape. To make this approach invariant to scale, all radius lengths can be
normalized by dividing by the longest radius among them: In this way, the shape can be represented in
detail with sufficient radii used. In Tan and Thiang’s method, two shapes are considered similar to each
other if and only if the lengths of their radii at the respective angles differ by a trivial value [28].

Figure 1 Centroid-Radii Model [30]

In most cases, the representation itself is not robust to rotation. When a different starting point is chosen, a
different radius vector is obtained. In some cases, this representation is rotation invariant; for example, for
any circle. Another thing is all the boundary points are used in computing the centroid. Once the centroid is
located, the sample points corresponding to each angle can be located. Here the computing cost is quite
high. Another potential problem is that the radius may cross the curve more than once...i.e. for non-
convex contours. One possible solution is to choose the radius with minimum distance to the centroid.

Green’s Theorem in a plane is used in locating the centroid from a polygon [29]. In order to compute the x
and y coordinate of the centroid, we first need to calculate the area of the polygon. The following formula
can be used to calculate the area of a polygon in a plane: Given points (x;, y;), 1= 0, ..., n, with xo = X, and
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The area computed in this way is a signed value, where a negative sign indicates that the vertices are in
clockwise order, and a positive sign indicates that the vertices are in a counter-clockwise order.

Another similar work based on the model is reported by Fan [30]. To make the comparison robust to
rotation, a histogram is computed from the radii and used to compare shapes. The approach contains four
parts:

1. Given a polygon that approximates the boundary of a shape, calculate its centroid.

2. A set of sample points in the boundary of the polygon is selected and the radii are computed.
3. A histogram based on the distances computed in the previous step is constructed.

4. Finally, the distance histogram is normalized.

As with all histograms, the distance histogram discards spatial information to achieve the robustness to
rotation. It is not surprising, therefore, for it to fail to distinguish different shapes which have the same
histograms as shown in Figure 2.

Figure 2 Two different shapes with same distance histogram



3 Distance Ratio Distribution (DRD)

Our algorithm also uses the Centroid-radii model, but in a different way. To explain our algorithm, let us
look at the following triangle examples as an analogy for understanding. The basic idea is illustrated in
Figures 3 and 4. In both of the figures, o is the centroid of the triangles, which are similar to each other.
And we can see that the ratios {0oa/oA} = {ob/oB} = {oc/0C}; hence the standard deviation of the ratio is
zero. On the other hand if the two triangles are not similar to each other, for example, a right-angled
triangle (one of the inner angles is 90 degrees) and an equilateral triangle (all inner angles are 60 degrees),
the corresponding standard deviations will be larger than 0. Notice here in the example, no rotation is
necessary. But it is necessary to rotate the distance vectors before a general comparison is made. For a
given distance vector {a, b, c}, there are six possible distance vectors with circle shifts. They are: {a, b, c};
{b, c, a}; {c, a, b}; {c, b, a}; {b, a, c}; {a, c, b}. Generally, there are 2*N different vectors after a N-point
vector is circular-shifted.

To have a better understanding of the basic idea, suppose contour is moving outwards. If the speeds are
proportional to their radius, the position of the centroid remains and more importantly, the ratio of the
distance is still uniform. Otherwise if their speed is not proportional to their radius, a different shape is
formed. For any two shapes, we can assume that there is a transform between them. If the transform is
linear and uniform, the transformed shape is regarded as similar as the original one. If the transform is
geometrical such as rotation, translation, scaling, then the shapes are actually geometrically identical. The
key idea in our work is to use the distance ratio standard deviation as a measurement of the transform, thus
to measure the similarity of the shapes.
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Figure 3 Geometric similarity( static view) Figure 4 Geometric similarity( dynamic view)

What we discussed in the examples so far is exact matching. There is approximation error when general
shapes are compared. However these errors are not always a bad thing for retrieval. For the purpose of
retrieval, similar shapes besides same shapes shall be retrieved. When an exact matching algorithm is used
in a retrieval system, you usually cannot return similar shapes. The recall rate will be too low, though you
will get a very high precision rate.

In general our algorithm takes the following steps:

Uniformly sample N points along the contour of the shapes

Compute the centroid from the N sample points

Get the radii vectors (rv1, rv2)

Circularly shift one of the radii vectors and compute the distance ratios

From the ratios, compute the standard deviations and choose the minimal one from the 2N
standard deviations
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O Compare the minimal with the trained threshold to decide whether the two shapes are similar

The shape is sampled evenly along the contour. It does not matter where you start since we actually
circularly shift the vectors when compared. From the above, it is clear that the parameters are N, the
number of sample Points, and T, the threshold. The optimal threshold is automatically selected from the
training sets where we manually classify the shapes so that we already know whether the compared shapes
are similar or not. The threshold is related to the number of the sample points.

From sampling theory, we know that the minimum sample rate to guarantee the exact recovery of original
signal is 2*f;..x, where the fi,,, is the maximum frequency of the signal. However, in our work, the sample
frequency is much lower than the required minimum sample rate (down-sampling). Down-sample is
effectively a low-pass filter. Therefore, what we get after the down-sampling is the low frequency
component of the shapes. Consequently the low frequency component of the shape is compared. It is very
important for the low-frequency components to be compared since the low frequency components of two
similar shapes are similar though they usually differ in high frequency. If high frequency component is
included when two shapes are compared, many similar shapes cannot be retrieved. This will lead to a low
recall rate in a retrieval system.

To determine N, the optimal number of sample points and T, the optimal threshold, we conduct
experiments on a training set. In the training set, we select a certain number of pairs of fish from the
SQUID [31] database. There are two groups of fish, one group is made up of individually different fish;
another group of fish is made up of similar fishes. The following figures display the distribution of the
comparisons under different sample points. Each blue(#) point is the minimum standard deviation of all the
2*N distance ratio vectors between the similar fish and the red(*) one is for the dissimilar fishes.
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Figure 5-1 the comparison when N is 1 Figure 5-2 the comparison when N is 2

In Figure 5-1 N = 1 and the standard deviation of a sequence with one element is not defined. We cannot
distinguish anything if N = 1. When N = 2, It is better than in Figure 5-1. But the similar shapes and the
dissimilar shapes are still mixed. For N = 8 (Figure 5-3), an improved capacity to distinguish like images is
evidenced. When N = 200 (Figure 5-4), we can see that the performance is worse. The reason lies in
sampling theory. When N is higher, high frequency components are included and compared; however
similar shapes usually differ in high frequency.
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Figure 5-3 the comparison when N is 8 Figure 5-4 the comparison when N is 200
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Figure 6 Errors under different sample points

The plot in Figure 6 summarizes the relationship between N and the minimum error, which is the sum of
both recall and precision errors. The optimal threshold is the boundary line which best distinguishes the
blue # points and the red * points in the plots such as Figure 5-3. Under the optimal threshold, the smallest
number of total mistakes is made. At the beginning the error drastically drops with the increase of the
sampling number. At some point (optimal N), it become stable and later on it becomes even worse when N
is further increased. The optimal N is the smallest number of sample points where the shapes can be



distinguished correctly: the standard deviation of the similar shapes is below T and that of the unlike shapes
is above T. The optimal N is determined by the frequency components. Usually the optimal N is obtained

by experiment.

From the training set, we can obtain the optimal sample points and the associated threshold we need to

build a retrieval system. Table 1 is one group of them.

Table 1 a sample of trained T and N

13

16

19

22

23

25

26

N
T

0.107

0.099

0.088

0.105

0.082

0.099

0.107

Next, the retrieval system is tested on the SQUID database. There are 1100 unclassified fish. If you have 20
sample fish then you need to make 20*1100 (22000) comparisons! To evaluate the retrieval performance,
these 22000 comparisons need to be done manually since the database itself is not classified. In our
preliminary experiments, a representative set of fish is chosen from SQUID.

Figure 7 The sample index fish in test 1
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Figure 8 Precision-recall plots for test 1

Like all retrieval systems, we compute the recall-precision. Precision and recall are standard measures for
Information Retrieval systems. Given a query Q: R is the answer set the system has retrieved; C is the right
answers in R; A is the set of the right answers for the query. Precision and recall measures are defined as
follows:

Precision = C/R
Recall = C/A

In one of our tests, we use sample fish shown in Figure 7. For each index fish, there are a certain number of
fish which are similar to it. The number of the similar fish for each sample fish are different. For example,
there are 6 fish which are similar to the fist index fish while there are 4 for the second index fish. Also we
tried different (N,T), which was obtained from the training set while we test the algorithm. Each time, we
compute the average recall and precision under a certain (N, T), that is to say, for the group of the 5 index
fish, the total number of the fish retrieved is used in computing the recall rate and precision rate. What
appears in the plot of Figure 8 is the average recall and precision of the 5 index fish set. Ideally, we want
the curve/point in the recall-precision plot to be as “high” as possible. In Figure 8, both the recall and the
precision are between 0.4-0.8.

Figure 9 shows the sample fish in another experiment. The set is made up of 110 fish. The performance is
worse than the above one since the index fish looks quite similar and it becomes harder to distinguish them.



The Recall vs Precision

Figure 10 The recall-precision for test 2



4 Conclusion

In this paper, a shape retrieval algorithm is proposed. The algorithm is based on the geometry similarity
theorem and Centroid-radii model. The distance ratio distribution is used to measure the similarity of the
shapes. From another important point of view, a transformation is assumed to exist between any two
shapes. If the transformation is uniform, the shapes can be regarded as similar and they have same origin.
Otherwise if the transform is non-uniform, they shall not be classified in a same catalog. Further work is to
test the algorithm with more shapes and with other algorithms to give comparison results.
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