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Abstract Shape matching and indexing is important topic in its
own right, and is a fundamental subroutine in most shape data
mining algorithms. Given the ubiquity of shape, shape matching is
an important problem with applications in domains as diverse as
biometrics, industry, medicine, zoology and anthropology. The
distance/similarity measure for used for shape matching must be
invariant to many distortions, including scale, offset, noise,
articulation, partial occlusion, etc. Most of these distortions are
relatively easy to handle, either in the representation of the data or
in the similarity measure used. However rotation invariance is
noted in the literature as being an especially difficult challenge.
Current approaches typically try to achieve rotation invariance in
the representation of the data, at the expense of discrimination
ability, or in the distance measure, at the expense of efficiency. In
this work we show that we can take the slow but accurate
approaches and dramatically speed them up. On real world
problems our technique can take current approaches and make
them four orders of magnitude faster, without false dismissals.
Moreover, our technique can be used with any of the dozens of
existing shape representations and with all the most popular
distance measures including Euclidean distance, Dynamic Time
Warping and Longest Common Subsequence. We further show
that our indexing technique can be used to index star light curves,
an important type of astronomical data, without modification.
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1. INTRODUCTION
Shape matching and indexing is important topic in its own right,
and is a fundamental subroutine in most shape data mining
algorithms. Given the ubiquity of shape, shape matching is an
important problem with applications in domains as diverse as
biometrics, industry, medicine, zoology and anthropology. The

distance/similarity measure for used for shape matching must be
invariant to many distortions, including scale, offset, noise,
articulation, partial occlusion, etc.. Figure 1 gives a visual
intuition of these problems in a familiar domain, butterflies and
moths. Most of these distortions are relatively easy to handle,
particularly if we use the well-known technique of converting the
shapes into time series as in Figure 2. However, no matter what
representation is used, rotation invariance seems to be uniquely
difficult to handle. For example [20] notes “rotation is always
something hard to handle compared with translation and
scaling”.

Figure 1: Examples of the distortions we may be interested in being
invariant to when matching shapes. The left column shows drawings of
insects dating back to 1734 [32]. The right column shows real insects. The
flexible wingtips of Actias maenas require articulation invariance. One of
the Papilio antimachus must be resized before matching. The Agrias
sardanapalus need their offsets corrected in order to match. The real
Papilio rutulus has a broken wing which appears as an occlusion to shape
matching algorithms. The real Sphinx Ligustri needs to be rotated to match
the drawing, achieving this invariance is the focus of this work

Many current approaches try to achieve rotation invariance in the
representation of the data, at the expense of discrimination ability
[28], or in the distance measure, at the expense of efficiency
[1][2][3][9].
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is decided on-the-fly based on the current K value. They are the
values which evenly divide the ranges [1, current_K] and
[current_K, max_K] into 5 intervals. Note that on average the
bestSoFar value only changes log(m) during a linear search, so this
slight overhead in adjusting the parameter is not too burdensome,
however we do include this cost in all experiments in Section 5.

4.2 Lower Bounding in Index Space
True rotation invariance has traditionally been so demanding in
terms of CPU time that little or no effort was made to index it (or
it was indexed with the possibility of false dismissals with regard
to the raw shapes [4]). As we shall see in the experiments in
Section 5.2, the ideas presented in the last section produce such
dramatic reductions in CPU time that it is worth considering
indexing the data.
There are several possible techniques we could consider for
indexing. Recent years have seen dozens of papers on indexing
time series envelopes that we could attempt to leverage off
[16][21][30][31][37]. The only non-trivial adaptation to be made
is that instead of the query being a single envelope, it would be
necessary to search for the best match to K envelopes in the
wedge set W.
Note however that we do not necessarily have to use the
enveloping idea in the indexing phase. So long as we can lower
bound in the index space we can use an arbitrary technique to get
(hopefully a small subset of) the data from disk to main memory
[8], where our H-Merge can very efficiently find the distance to
the best rotation.

Table 7: A Vantage Point Tree for Indexing Shapes
Algorithm [BSF] = NNSearch(C)

BSF.ID = null; // BSF is the Best-So-Far variable
BSF.distance = infinity;
W = convert_time_series_to_wedge_set(C);
Search(

rootQ ,W, BSF); // Invoke subroutine on the root of index tree
Subroutine Search(NODE, W, BSF)
if NODE.isLeaf // we are at a leaf node.

for each compressed time-series cT in node
LB = computeLowerBound(cT, W);
queue.push(cT,LB); // sorted by lower bound.

end
while (not (queue.empty()) and (queue.top().LB < BSF.distance))

if (BSF.distance > queue.top().LB)
retrieve full time series Q of queue.top() from disk;
distance = H-Merge(Q, W, BSF.distance ) // calculate full distance.

if distance < BSF.distance // update the best-so-far
BSF.distance = distance; // distance and location.
BSF.ID = Q;

end
end

end
else // we are at a vantage point.

LB = computeLowerBound(VP, W);
queue.push(VP,LB);

if LB < (node.median + BSF.distance)
search(NODE.left, W, BSF); // recursive search left.

else
search(NODE.right, W, BSF); // recursive search right.

end
end

One possible method to achieve this indexable lower bound is to
use Fourier methods. Many authors have independently noted that
transforming the signal to the Fourier space and calculating the
Euclidean distance between the magnitude of the coefficients
produces a lower bounds to any rotation [4][38]. We can leverage
of this lower bound to use a VP-tree to index our time series as
shown in Table 7.

This technique is adapted from [38], and we refer the reader to
this work for a more complete treatment.

4.3 Generalizing to other Distance Measures
As we shall see in Section 5, the Euclidean distance is typically
very effective and intuitive as a distance measure for shapes.
However in some domains it may not produce the best possible
precision/recall or classification accuracy [2][30]. The problem is
that even after best rotation alignment, subjectively similar shapes
may produce time series that are globally similar but contain local
“distortions”. These distortions may correspond to local features
in that are present in both shapes but in different proportions. For
example in Figure 11 we can see that the larger brain case of the
Lowland Gorilla changes the locations in which the brow ridge
and jaw map to in a time series relative to the Mountain Gorilla.

Figure 11: The Lowland Gorilla and Mountain Gorilla are
morphologically similar, but have slightly different proportions.
Dynamic Time Warping can be used to align homologous features in
the time series representation space

Even if we assume that the database contains the actual object
used as a query, it is possible that the two time series are distorted
versions of each. Here the distortions may be caused by camera
perspective effect, differences in lighting causing shadows which
appear to be features, parallax etc.
Fortunately there is a well-known technique for compensating
such local misalignments, Dynamic Time Warping (DTW)
[16][30]. While DTW was invented in the context of 1D speech
signals others have noted its utility for matching shapes, including
face profiles [5], hand gestures [25], leafs [30] and handwriting
[31].
To align two sequences using DTW, an n-by-n matrix is
constructed, where the (ith, jth) element of the matrix is the
distance d(qi, cj) between the two points qi and cj (i.e. d(qi, cj) = (qi

- cj)
2 ). Each matrix element (i, j) corresponds to the alignment

between the points qi and cj, as illustrated in Figure 12.
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