










ple, when m = 15000 the algorithm avoids examining
almost 80% of the shapes. The second and the third
pruning levels are presented with respect to the possi-
ble operations after the previous pruning level has been
performed.

Finally, the standard deviation in the performed
operations for each pruning level is also presented in
the table. The small variance in the second pruning
level suggests that all rotated versions of a time series
Ci are equivalent in a certain sense, as the rest of the
rotated series are similarly distributed around them.
Therefore, as discussed in Section 3.2.2, any rotation
Cj

i can be considered an equally suitable choice for an
inner distance center.

SQUID Data Set. The data set contains 1100
images of marine creatures. Figure 4 demonstrates
several samples from the database.

Figure 4: SQUID data set. Representative examples.

The shapes are preprocessed as described for the
Arrowheads data set. For this data set we use the
original shapes without any further transformations.
All extracted time series are resampled to n = 1000
time points. The higher dimensionality suggests a
more sparsely populated space, which is the reason
for the worse expected improvement compared to the
Arrowheads data set (see Figure 5)

Figure 5: SQUID. Improvement over BruteForce search.
Left : Expected percentage of primitive operations to be
performed. Right : Expected running time.

Similarly to the Arrowheads data set, increasing
the number of time series leads to a linear increase in
the pruning capability of the RI Search algorithm. In
terms of running time, for m = 1000 the algorithm is
more than sixteen times faster than BruteForce and

more than six times faster than EarlyAbandon(see
Figure 5, right).

5 Conclusions

In this work we demonstrated that, under certain
conditions, rotation invariant distance measures define
a metric over the shape space, which implies that
searching in this space could be highly optimized. An
algorithm was presented that exploits this observation
and speeds up the best-match shape searching, by
avoiding a large number of distance computations.

We have currently adopted the algorithm in a
hierarchical and a manifold shape clustering approaches,
as well as in subsequent out-of-sample classification
extensions. The efficiency of the best-match searching
algorithm allowed us to scale these tasks to much larger
data collection.
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