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ABSTRACT

Geolocated time series, i.e., time series associated with certain lo-
cations, abound in many modern applications. In this paper, we
consider hybrid queries for retrieving geolocated time series based
on filters that combine spatial distance and time series similarity.
For the latter, unlike existing work, we allow filtering based on
local similarity, which is computed based on subsequences rather
than the entire length of each series, thus allowing the discovery
of more fine-grained trends and patterns. To efficiently support
such queries, we first leverage the state-of-the-art BTSR-tree index,
which utilizes bounds over both the locations and the shapes of
time series to prune the search space. Moreover, we propose opti-
mizations that check at specific timestamps to identify candidate
time series that may exceed the required local similarity threshold.
To further increase pruning power, we introduce the SBTSR-tree
index, an extension to BTSR-tree, which additionally segments the
time series temporally, allowing the construction of tighter bounds.
Our experimental results on several real-world datasets demon-
strate that SBTSR-tree can provide answers much faster for all
examined query types.
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1 INTRODUCTION

A time series is a time-ordered sequence of data points. Time series
are ubiquitous in many application domains. They can represent
various types of measurements, such as user check-ins at various
Points of Interest, energy consumption in smart buildings, PM2.5
particle concentration measured by air pollution sensors, etc. Ana-
lyzing and mining time series data is highly important for discov-
ering trends and patterns in such phenomena, and has attracted
extensive research interest over the last years [7, 12, 19].

However, what is usually overlooked is that the phenomena
represented by time series are often also associated with geographic
locations, e.g., time series generated by sensors installed at fixed
positions. In such cases, spatial distance also plays an important
role in the analysis, since discovery of trends and patterns may
depend not only on time series similarity but also on geographic
proximity. Motivated by this observation, in previous work [5, 6] we
introduced the concept of geolocated time series and we proposed
hybrid indexing techniques that efficiently support the retrieval of
time series based on both spatial distance and time series similarity.

In particular, we introduced the BTSR-tree [6], a hybrid index that
first builds an R-tree over the locations of the time series data. It then
enhances each node with appropriate upper- and lower-bounding
time series (MBTS) that enclose the subset of time series represented
by it. Combining MBTSs and MBRs, the query evaluation algorithm
can simultaneously prune the search space based on time series
similarity and spatial distance while traversing the index. To further
increase its pruning power, the BTSR-tree groups together similar
time series within each node to derive tighter bounds.

This existing approach for hybrid search over geolocated time
series using the BTSR-tree supports only global time series similar-
ity, i.e., similarity measured across the entire length of time series.
Specifically, as in other works in this area [2, 3, 7, 10], the distance
between two time series is measured by aggregating the pairwise
Euclidean distance of their respective values across the entire se-
quences. However, in many cases, more fine-grained trends and
patterns may exist, which are missed under this global similarity
measure. For example, consider two time series representing the
hourly energy consumption of two nearby buildings over a week,
and assume that the two buildings exhibit a similar consumption
pattern during working days but a different one in weekends. A
query imposing a similarity threshold over the entire week would
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