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Fig. 16: Placing Billboards in NYC

user-specified source and destination from historical trajectories.
However, their objectives are different from ours, we aim to find
the locations covers more trajectories within a spatial region.
Location Selection. The location selection problem has been
extensively studied by researchers in both operations research
and database communities [30][31][32][33][34][35][36][37][38].
The classical location selection problem takes two spatial datasets
C = {c1,c2,...,cn } (i.e., clients) and F = {f 1,f 2,...,f m } (i.e.,
candidate locations for facilities) as the input, and returns k (k >
0) locations in F that optimizes a predefined metric for the clients.
Based on the objective function, these works can be divided into
two categories, i.e., the MinSum model [35], [36], [37] and the
MinMax model [34]. The MinSum (MinMax) model aims at
locating k facilities such that the average (max) cost to reach
all clients can be minimized. More specifically, [32] studies an
efficient solution to locate one optimal location in road network.
[33] tackles the problem of optimal retail store placement in the
context of location-based social networks. However, none of them
focus on selecting the locations that covers the maximum number
of trajectories within a spatial region.
Maximum Coverage. Maximum coverage problem has great
utility for several real world applications [11][12][13][14]. The
widely used greedy implementation (cf. Section 5.1) does not
behave well when the data is disk resident [11][13]. [13] proposes
an efficient disk-based algorithm which can find a solution that is
provably close to that of greedy. [12] introduces the online set-
cover problem which focuses on minimizing the number of total
selected items to cover every requirement coming online. Besides,
[14] proposes to maintain k blogs7 to cover the list of interesting
topics for a given user. Given a Netflix user, [39] aims to find
k other users which can cover the like or un-like movies of a
given user. And it is the most similar work to ours. However,
their solution aims at approximating the greedy solution by using
coverage oracle. In a summary, all the works aforementioned
consider different problem as ours, thus their solutions can not
be applied directly.

8 CONCLUSION
This work presents a comprehensive study on mining the most

influential k-location set from massive trajectory dataset. It has

7. The topics of a blog can change after the updating.

many potential applications in resource allocation applications.
Our study covers both the exact and approximate solutions. The
exact solution works for small k and spatial region R, while the
efficient approximate algorithm is studied to address the large k
and spatial region R. Extensive experiments on real datasets show
that our proposed solutions is up to an order of magnitude faster
than the baseline solutions. We also demonstrate the applicability
of our proposed solution by performing two case studies: 1) Bill-
board placement in NYC and 2) EV charging station placement
in Beijing. Finaly, we have already deployed our system and it is
available via [15].
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(a) Charging Station Suggestions in the 1st iteration

(b) Iterative Process in the 2nd and 3rd iterations

(c) Charging Station Suggestions in the 4th iteration

Fig. 17: Placing Charging Stations in Wangjing Area, Beijing.
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