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Figure 11: Results regarding selectivity and e -
ciency on NDVINE database.

this database: With increasing data size near-duplicates of
videos emerging via various editing tasks can have similar
distances to each other, which affects the filter step. Hence,
the higher the data cardinality of near-duplicate video data-
bases, it is more worth using Fqdb to attain an almost
constant, low time cost, yielding a considerable advantage.
Second, with increasing signature size at a constant data
cardinality (250K), the number of promising objects pass-
ing Fdbq decreases after dimensionality 40, while Fmax and
Fqdb show lower time cost, in particular 1.3 % of selectiv-
ity at dimensionality 50 for Fmax. Third, we observe that
for all query parameters k (20-100), Fqdb and Fdbq show
almost constant behavior for query time due to their lower
filter time, matching our expectation.

For both databases, interestingly, Fdbq results in a higher
number of EMD computations than for Fqdb. To expound
this result, we perform experiments on another real world
dataset which we omit due to space limitations, and recog-
nize that selectivity results of Fdbq and Fqdb do not nec-
essarily differ from each other at a high rate. Hence, the
observed difference in selectivity and query time can be at-
tributed to the feature distributions of these databases and
the utilized queries, which cause Fqdb flow to be more sim-
ilar to the EMD flow than that for Fdbq. A future research
direction involves in further investigating this issue in detail.

Figure 12(a)-12(b) exhibit the effect of individual query
signature weights on the number of EMD computations by
fixing the total weight of any database video signature to 1.
In particular for Fqdb, the number of EMD computations
decreases with decreasing query weight, expounded by the
fact that the smaller the query weight, the closer Fqdb ap-
proximates the EMD flow. To understand it in more detail,
we analyze relative approximation error of Fqdb and Fdbq
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Figure 12: (a)-(b): Selectivity vs. individual to-
tal weight of query signatures. (c)-(d): Relative
approximation error vs. individual total weight of
query signatures for example signature pairs.

on example pairs of video signatures, summarized in Figure
12(c)-12(d). For smaller query weights, EMD distributes
the weight of query representatives more locally among rep-
resentatives of the database video, since capacities of target
representatives are far greater than those for query repre-
sentatives. Accordingly, since Fqdb distributes earth opti-
mally for each query representative, its flow is similar to the
EMD flow, allowing for a better approximation of the EMD
than for Fdbq, which meets our expectation. Note that the
flow approximation error increases especially after the query
weight of 0.5 for both variations. Analogously, the higher
the query weight, the better Fdbq approximates the EMD,
as a higher query weight causes the EMD to distribute the
weight of the database representatives more locally among
those of query, resulting in a similar flow to that for Fdbq.
Figure 13 summarizes absolute filter and refinement dis-
tances for 10-nn queries on an example from PUBVID at
a data cardinality of 1000 and dimensionality 16. Unlike
comprehensive overall results for PUBVID, we observe that
Fqdb leads to a higher number of refinements (75 in ranking
according to filter distance), while Fdbq and Fmax perform
50 and 43 EMD computations, respectively. A significant
result gathered from these figures is Fmax leads to the low-
est number of exact distance computations, irrespective of
the fact how well the other variants approximate the EMD
flow. All query time cost results depicted in aforementioned
figures point out the advantage of Fqdb with respect to di-
mensionality, data cardinality, and query parameter k.

7. CONCLUSION

In this paper, we presented how efficient and effective
query processing can be performed on high dimensional video
databases. We introduced a new compact video represen-
tation model, and proposed to alleviate computational time
complexity of the Earth Mover’s Distance (EMD) by a novel
filter approximation guaranteeing completeness (no false dis-
missals). Furthermore, we presented both an extensive the-
oretical analysis of our techniques and a computational al-
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