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This paper presents the research activities in the context of the SPADES project for scalable indexing and
processing of big spatial and spatio-textual data. Management of spatio-textual data raises challenges due
to the high dimensional nature of text, in combination with the problem of preserving data locality for
spatial data. In this paper, we provide an overview of our contributions in this field, both for centralized
and parallel processing. We present an indexing layer that supports spatio-textual data, as well as other data
types: spatio-temporal, multidimensional as well as semantic data represented in RDF. This is coupled with a
processing layer that encompasses algorithms both for centralized and parallel processing.
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INTRODUCTION

An ever-increasing amount of data that combine spatial/spatio-temporal with textual information is
generated daily at unprecedented rates, as a result of social networking, GPS-enabled devices, and
location-based search. This wealth of information has motivated the development of applications
and services that deliver personalized results to end-users based on complex search criteria that
combine textual relevance with spatial proximity. In consequence, there is a need for efficient access
and scalable processing of data that is characterized by multiple dimensions: space, time and text.
SPADES is a research project that identifies a set of research and technological challenges that
need to be effectively addressed, in order to support spatio-textual and spatio-temporal queries over
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Fig. 1. The SPADES architecture at high-level.

massive data. Essentially, SPADES targets advanced spatio-textual query types, new distributed
indexing methods that are applicable for scalable storage of spatio-textual data, abstractions for
unified data access, as well as more efficient query processing.
Figure 1 shows the architecture of SPADES, which consists of an indexing layer and a processing
layer. At the bottom, different data sources are depicted, containing spatio-temporal or spatiotextual data, which are often available in semantically enriched representations (e.g., using RDF),
as well as multidimensional data, such as user preferences.
The indexing layer (Section 3) provides techniques for encoding the spatial, spatio-temporal
and spatio-textual information in one-dimensional (1D) values, which can be indexed by standard
access methods (e.g., B-trees) that are provided by any database system (relational or NoSQL). In
the processing layer (Section 4), some of the centralized algorithms (spatio-temporal window RDF)
adopt and exploit the offerings of the indexing layer, others (top-𝑘 diverse) have been implemented
on top of existing – or extended – data structures, such as the R-tree. The parallel algorithms focus
on scalable processing over large data sets, such as associating objects from different data sets
based on spatio-temporal or spatio-textual criteria (link discovery, using variants of spatial joins),
as well as ranked retrieval of multidimensional objects based on user preferences (reverse top-𝑘).
2

RELATED WORK

Our work mainly relates to scalable indexing and processing of spatio-textual and spatio-temporal
data. Existing approaches for spatio-textual indexing can be classified in the following categories:
spatial-first, text-first, and interleaved. We refer to [10] for an in-depth overview of the related
research. Lately, several research projects have extended popular parallel data processing platforms,
such as Hadoop or Spark, in order to provide customized solutions for big spatial or spatio-temporal
data. The most prominent prototypes and systems in this field include Hadoop-GIS [1], Parallel SECONDO [8], SpatialHadoop [5], ST-Hadoop [2], SpatialSpark [20], GeoSpark [21], LocationSpark [16],
Simba [19]. We also refer to [6] for a comparative evaluation of big spatial data processing systems.
Also, we refer to [3, 4] for an overview of query processing algorithms for spatio-textual data.
3

INDEXING LAYER

The indexing layer of SPADES relies on a variety on mapping techniques that aim to transform
spatial, spatio-temporal and spatio-textual data to one-dimensional (1D) values, which can be efficiently indexed using standard techniques, such as B-trees. In addition, one-dimensional mappings
fit nicely with scalable NoSQL stores, which typically rely on key-based access to data.
2
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Fig. 2. Examples of one-dimensional mappings.

3.1

One-dimensional Mappings

3.1.1 Spatial Data. In the case of spatial data, we use different mappings based on space-filling
curves, for example based on the Hilbert curve, the z-order curve and GeoHashes1 . Figure 2a shows
an example of ordering the cells of the 2D spatial domain according to the Hilbert curve (left) and
the z-order (right). The aim is to preserve spatial locality in the 1D values, to the extent possible. In
SPADES, we exploit and extend such one-dimensional mappings for different purposes. In brief,
the Hilbert curve has been shown to have nice clustering properties, whereas the z-order is much
simpler to implement and generalize to higher dimensions.
3.1.2 Spatio-temporal Data. In the case of spatio-temporal data, we propose an extension that
supports one-dimensional mapping of dynamic data, i.e., data with new timestamps that arrive as
time progresses. Moreover, we generate a unique identifier (IDs) for each object, which is often
necessary for storage in key-based systems (e.g., HBase, Redis, etc.).
Consider a 2D regular spatial grid that consists of 2𝑚 equi-sized cells. To handle the temporal
dimension, we use a sequence of such grids, each associated with a temporal partition 𝑇𝑖 (see
Figure 2b). Each spatio-temporal object is mapped to an ID consisting of 𝑏 bits (typically 𝑏 = 64).
We set the most-significant bit to 0 for all IDs of spatio-temporal objects, to separate them from
other objects (not spatio-temporal). We also keep 𝑚 bits to represent the different 2𝑚 spatial grid
cells. Then, in each 3D cell, we reserve 𝑘 bits for an auto-incremented ID, encoded in the rightmost
bits. The remaining 𝑏 − (𝑚 + 𝑘 + 1) bits are used for encoding the time. In the example of Figure 2c,
we have 𝑏=16, 𝑚=4, and 𝑘=3, and the depicted identifier is 28 + 25 + 24 + 2 = 306. The spatial cell
in which it belongs is 6 (=0110), and the spatial grid contains 24 = 16 cells in total. This encoding
can accommodate 2𝑏−(𝑚+𝑘+1) = 28 = 256 temporal partitions. We have used this idea for indexing
spatio-temporal RDF data (stRDF) in centralized [17] and distributed environments [14], however
the mapping mechanism is generic and can be readily applied for non-RDF data.
3.1.3 Spatio-textual Data. A spatio-textual object 𝑜 consists of a spatial location 𝑜.𝑙 and a set of
keywords 𝑜.𝑘 = {𝑘 1, 𝑘 2, . . . , 𝑘𝑛 }. In this work, we consider point data, so the location of a spatiotextual object is a single point in the 2D geographical space. Our approach maps a spatio-textual data
object to one or more one-dimensional (1D) keys, which are used for indexing. Locality-preserving
1D mappings have been extensively used in spatial databases (e.g., using space-filling curves), but
also in NoSQL context. In order to include the textual information, our approach is to concatenate
the 1D value produced by the spatial information with each keyword of the spatio-textual object.
For instance, if a spatio-textual object 𝑜 contains three keywords {𝑘 1, 𝑘 2, 𝑘 3 }, we generate three
keys for indexing this object; each key consists of the 1D value produced by 𝑜.𝑙 and a keyword 𝑘𝑖
where 𝑖 ∈ [1, 3]. Notice that a similar approach has been followed by ST-HBase [9].
1A

technique proposed by G. Niemeyer in 2008 that bears similarities with z-order, and has been adopted by many NoSQL
stores, e.g., MongoDB, Elastic, Redis, etc.
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Data Access Operators

In order to support scalable access to spatial and spatio-textual data, we choose a NoSQL solution
at the storage layer, which exploits the one-dimensional mappings. However, no single NoSQL
store fits bets for all data models and use-cases, and each store uses a different, non-standardized
API. Consequently, this hinders the adoption of different stores and makes the development of big
data applications cumbersome.
Our solution to this problem is the proposal of a unified API, called NoDA [7], that consists
of basic data access operators (e.g., filter, project, aggregate, etc.), which can be implemented for
different NoSQL stores, thus offering a single view to big data developers. NoDA abstracts the
individual details and peculiarities of the APIs of NoSQL stores, and offers a simple, unified interface
to developers, which consists of familiar data operators. In turn, this offers many advantages: (a)
the programming API makes application development much easier, since developers need to learn a
single API (instead of different APIs), (b) it permits changing the choice of storage during application
development, without affecting the existing code base of the application, (c) it can be coupled with
an SQL-like interface that allows declarative querying of the underlying NoSQL stores.
4

QUERY PROCESSING

In this section, we present the query processing algorithms developed in the context of SPADES,
both for centralized (Section 4.1) as well as for parallel (Section 4.2) environments.
4.1

Centralized Algorithms

4.1.1 Spatio-temporal Window (StW) RDF Queries. In [17], we have introduced query processing
algorithms for efficient processing of spatio-temporal RDF data, by exploiting the 1D mapping
presented in Section 3.1.2. We focus on a specific class of queries, called spatio-temporal window
(StW) RDF queries, which covers many requirements and use-cases. Informally, such a query
retrieves spatio-temporal entities (expressed in RDF) based on a combination of spatio-temporal
filter and a graph pattern. Processing a StW query is challenging because it is difficult to combine
the two constraints during data access. Our solution capitalizes on the 1D mapping presented in
Section 3.1.2. RDF engines typically store triples (subject, predicate, object) encoded, by substituting
strings with integer values. This offers advantages for compression and more efficient indexing.
Our proposed mapping targets specifically spatio-temporal entities, thus allowing to transform
the two query constraints to a graph pattern query that can be handled by the query engine in a
uniform manner.
4.1.2 Ranked Diversity-based Retrieval of POIs. Retrieval of Points-of-Interest (POIs) based on
distance and popularity is an interesting research topic, due to the advent of location-based social
networks (LBSNs) that allow users to share their current geographic location with a “check-in”.
Existing approaches rank POIs based on a weighted sum of their popularity and proximity. However,
this approach often produces homogeneous results, i.e., POIs that are frequented by the same people.
Instead, we wish to obtain POIs with diversity, i.e., POIs attracted by many different people. In
technical terms, our interest is not in maximizing the sum of check-ins, but the number of unique
check-ins. Motivated by this, we introduce a new way to define diversity based on check-ins, namely
in terms of set union, rather than count. Formally, we aim to retrieve the 𝑘 POIs 𝑃 ′ = {𝑝 1, . . . , 𝑝𝑘 }
that maximize a weighted sum of spatial proximity and diverse appeal [11]:
𝑓 (𝑞) = 𝛼 · 𝜋 (𝑞, 𝑃 ′)/𝑘 + (1 − 𝛼) · 𝑆 (𝑃 ′)
where 𝛼 is a weight, 𝑆 (𝑃 ′) denotes diverse appeal as the percentage
of distinct users (out of all
Í
users) that have visited at least one 𝑝 ∈ 𝑃 ′, and 𝜋 (𝑞, 𝑃 ′) = 𝑝 ∈𝑃 ′ 1 − 𝛿 (𝑞, 𝑝𝑖 )/𝐷, with 𝛿 () the
4
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distance function and 𝐷 the maximum distance of any pair of POIs. Interestingly, when 𝛼 = 1 the
problem is reduced to the classical nearest-neighbor problem, and when 𝛼 = 0 it is reduced to the
NP-Hard maximum coverage problem. In [11], we have proposed several algorithms for solving
the problem, including greedy 1-pass and 𝑘-pass algorithms, linear programming, and algorithms
based on R-tree extensions.
4.2

Parallel Algorithms

4.2.1 Parallel Joins. The join operator is fundamental in database systems in order to retrieve
records from different tables based on some matching condition. In the case of spatial data, the
matching condition is of spatial nature, typically reflecting a topological or a proximity-based
relationship. We have applied parallel join techniques for addressing the problem of link discovery
in spatio-temporal data expressed in RDF. The proposed approach stLD [15] aims at identifying
spatio-temporal relationships between spatio-temporal RDF entities, in order to interlink the
entities. Moreover, the data sets involved can be static or stream-based. Examples of spatio-temporal
relationships in real-life applications include finding the fishing vessels that have entered a protected
area, finding vessels that approach ports, or identifying the sectors crossed by a given aircraft.
At the heart of this problem lies a spatial join algorithm. To achieve scalable processing for input
streams of high rate or massive static data sets, we have built a data-parallel implementation of our
framework in Apache Flink, which provides a high-throughput, low-latency streaming engine that
fits our requirements. We have implemented two join variants; when one of the data sets is static
and relatively small in size, we use a broadcast join, whereas when both data sets are stream-based
or too large to be broadcast, we use a repartition join.
4.2.2 Parallel Spatio-textual Joins. In the case of spatio-textual data, each object is described by a
spatial component (e.g., point, polygon, polyline) and a textual description, typically modelled as a
set of keywords. The join operator retrieves pairs of spatio-textual objects whose distance is below
a user-defined threshold and their textual descriptions are similar based on some set similarity
function. Our work targets parallel processing and particularly non-uniform data distributions,
where the challenge is to partition the data to nodes in a way that enforces load balancing. Even
though this part of our work is ongoing, our preliminary research indicates that there exists a
trade-off between fine-grained partitioning (that enables load balancing) and object duplication to
neighboring partitions (that is required in order to process each partition independently).
4.2.3 Reverse top-k Queries. Given a database of objects 𝑆, a set of user preferences 𝑊 , and a query
object 𝑞, the reverse top-𝑘 query [18] returns the subset of user preferences for which 𝑞 belongs to
the top-𝑘 results. From a modeling perspective, an object 𝑝 ∈ 𝑆 is represented as an 𝑛-dimensional
point, whereas the preferences of a user are represented by a vector 𝑤 ∈ 𝑊 which assigns weights to
Í
the 𝑛 dimensions. Then, the score of 𝑝 for user 𝑤 is the dot product: 𝑓𝑤 (𝑝) = 𝑝 · 𝑤 = 𝑛𝑖=1 𝑝 [𝑖]𝑤 [𝑖],
and the top-𝑘 objects for this user are the ones with best scores. Then, the reverse top-𝑘 query
takes as input an (existing or new) object 𝑞 and returns the subset of users that have 𝑞 in their top-𝑘
result. However, processing a reverse top-𝑘 query is a costly operation for centralized algorithms
when applied on very large data sets.
To this end, we propose parallel algorithms for processing reverse top-𝑘 queries [12, 13]. Our
first finding is that the problem can be trivially parallelized, if data set 𝑆 is replicated to all worker
nodes. However, for really large data sets, this may be prohibitively expensive. Thus, we introduce
different techniques to partition both the data set 𝑆 and the user preferences 𝑊 , while guaranteeing correctness and pruning unnecessary objects during query processing. Our algorithms are
implemented in Apache Hadoop and we demonstrate results over TB-sized data sets in [13].
5
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CONCLUSIONS AND OUTLOOK

In this paper, we have presented an overview of results of SPADES, a research project targeting
scalable management and exploration of spatial and spatio-textual data. Our individual research
activities in the context of SPADES have (so far) produced published results [7, 11–13, 15, 17]. As
for future work, several research directions can be identified both at indexing and processing layers.
Indicative directions include joint management of the temporal dimension together with space and
text, as well as extensions towards semantic text retrieval instead of exact keyword matching.
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