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ABSTRACT

We address the problem of efficient maintenance of the an-
swer to a new type of query: Continuous Maximizing Range-
Sum (Co-MaxRS) for moving objects trajectories. The tra-
ditional static/spatial MaxRS problem finds a location for
placing the centroid of a given (axes-parallel) rectangle R so
that the sum of the weights of the point-objects from a given
set O inside the interior of R is maximized. However, mov-
ing objects continuously change their locations over time,
so the MaxRS solution for a particular time instant need
not be a solution at another time instant. In this paper, we
devise the conditions under which a particular MaxRS so-
lution may cease to be valid and a new optimal location for
the query-rectangle R is needed. More specifically, we solve
the problem of maintaining the trajectory of the centroid of
R. In addition, we propose efficient pruning strategies (and
corresponding data structures) to speed-up the process of
maintaining the accuracy of the Co-MaxRS solution. We
prove the correctness of our approach and present exper-
imental evaluations over both real and synthetic datasets,
demonstrating the benefits of the proposed methods.

1. INTRODUCTION

Recent technological advances in miniaturization of
position-aware devices equipped with various sensors, along
with the advances in networking and communications, have
enabled a generation of large quantities of (location, time)
data — O(Exabyte) [16]. This, in turn, promoted various geo-
social applications where the (location, time) information is
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enriched with (sensed) values from multiple contexts [30,
31]. At the core of many such applications of high societal
relevance — e.g., tracking in ecology and environmental mon-
itoring, traffic management, online/targeted marketing, etc.
— is the efficient management of mobility data [23].

Researchers in the Spatio-temporal [15] and Moving Ob-
jects Databases (MOD) [9] communities have developed a
plethora of methods for efficient storage and retrieval of
the whereabouts-in-time data, and efficient processing of
various queries of interest. Many of those queries — e.g.,
range, (k) nearest neighbor, reverse nearest-neighbor, sky-
line, etc. — have had their “predecessors” in traditional rela-
tional database settings, as well as in spatial databases [27].
However, due to the motion, their spatio-temporal variants
became continuous (i.e., the answer-sets change over time)
and even persistent (i.e., answers change over time, but also
depend on the history of the motion) [20, 32].

In a similar spirit, this work explores the spatio-temporal

extension of a particular type of a spatial query — the, so
called, Maximizing Range-Sum query (MaxRS), which can
be described as follows:
Q: “Given a collection of weighted spatial point-objects O and
a rectangle R with fized dimensions, finds the location(s) of
R that mazimizes the sum of the weights of the objects in
R’s interior”.

Various aspects of MaxRS (e.g., scalability, approximate
solutions, insertion/removal of points) have been addressed
in spatial settings [5, 7, 11, 22, 25, 28] — however, our main

Figure 1: MaxRS vs. Co-MaxRS.
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Events Pruned (Lemma 1,2) vs No. of Objects
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Figure 10: Impact of cardinality on
Objects pruning (BIKE-dataset) (c)
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Figure 11: (a) Events pruning strategy; (b) Objects
pruning strategy against varying range sizes.

Figure 12: Potential impact of index.

further benefits for our proposed approaches.
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the pruning schemes: (a) Di erent events pruning (BIKE-dataset) (b)
Overall objects and events pruning (all datasets).

serves the purpose to provide a complementary illustration
of the benefits of our methodologies. Namely, even if one
is willing to accept an error in the result and perform only
periodic snapshot MaxRS, our pruning techniques are still
more efficient, while ensuring correct/complete answer set.
The Base, (Base+0), (Base+E), (Base+E+QO), and Peri-
odic in Figure 13 denote the base Co-MaxRS, base + objects
pruning, base + events pruning, base + both events and ob-
jects pruning, and periodical processing of MaxRS (d=5s),
respectively. In case of MNT'G-dataset, the average running
time (for a set of trajectories) is shown in minutes, while for
the other two datasets the unit it is shown in seconds. We
omitted the average running time for the base algorithm over
MNTG-dataset in Figure 13 which is more than 10 hours (to
avoid skewing the graph). The base Co-MaxRS is the slow-
est among these algorithms, as it recomputes MaxRS at each
event. The effect of both events and objects pruning schemes
on running time is prominent, although events pruning ex-
hibits a bigger impact individually (preventing unnecessary
recomputations). When both pruning strategies are applied
together, the algorithm speeds-up significantly — almost 6-15
times faster than the base algorithm over all the datasets —
making it the fastest among all the evaluated algorithms.
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Figure 13: Running-time in di erent datasets.

Running Time Comparison: We ran the algorithms over
the three datasets and the result is shown in Figure 13. This
is the first experiment in which we also report observations
regarding the periodical processing of the MaxRS — and it
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Figure 14: Impact of § on (a) Error (b) Running

Time of periodic-MaxRS.

Periodical Processing: The last observations illustrate
the errors induced by periodical processing of MaxRS
(periodic-MaxRS) to approximate Co-MaxRS. Note that we
exclude performing periodic-MaxRS related experiments on
the large synthetic dataset (MNTG-dataset) as the correct-
ness, rather than scalability, is a concern. In Figure 14, the
impact of (0) is illustrated both on running time and correct-
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