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Recent advent of connected objects, omnipresence of social networks, success of
the smartphone market, mobile telecommunications technology generalization,
all these factors contribute to generating more and more spatial data with big
data characteristics. Relational databases are widely used to store, retrieve and
manage spatial data but they reach their limits in the presence of big data
constraints. NoSQL Key/Value stores are a new approach that has emerged to
support data big data optimally. In this research work, we are interested in the
Accumulo database. A NoSQL database that uses a key value store model.
Through this paper, we propose a spatial version of Accumulo to handle big
vector spatial data. First, we analyse Accumulo’s storage and indexing logic.
Next, we design a storage and indexing model specific to vector-type spatial
data. Finally, we propose an application of this new model through an example

of spatial queries.
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l. INTRODUCTION

At the time of writing this paper, the term "Big Data" is
almost ubiquitous in articles and reports published by computer
practitioners and researchers. This is the reason why there are
several definitions of “Big Data”. The most common one
comes from Gartner [1] which suggests that big data is
characterized by very high volumes, varieties and velocities
requiring innovative forms of processing for better
understandings, for better decision-making and for better
process automation.

In the early years of the digital revolution, primarily
computers produced data. Nowadays, the advent of connected
objects, the omnipresence of social networks, the success of the
smartphones market, the widespread deployment of mobile
telecommunications technologies are causing an explosion of
data volumes generated by these activities [2].

The spatial field is also concerned with the advent of Big
Data insofar as part of this data are spatial resulting from
neogeography [3] which is a new movement that has
experienced a real boom these recent years thanks to the
success of participatory cartographic data creation platforms.
OpenStreetMaps/GoogleMap and Waez are a significant
example of this movement by allowing any person connected
to the internet to produce, disseminate and consume spatial
data from any area or region of the globe. In addition,
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humankind is equipping itself more and more with connected
objects, smartphones, drones, vehicles and uses more and more
internet georeferenced content sharing services (text, image or
video) which generates more and more georeferenced data.

This considerable success of neogeography and
georeferenced services [4] will lead to an explosion in the
production of spatial data and consequently it will be difficult
to manage this kind of data in a conventional manner through
geographic information systems and relational databases.
Indeed, even if these systems have the capacity to assemble,
store and manipulate geographic information. However, they
have various limits when spatial data gradually becomes big
data. In such a context and given the absence of big data
solutions adapted to spatial data, we propose through this
paper, we propose a spatial version of Accumulo to handle big
vector spatial data. First, we analyse Accumulo’s storage and
indexing logic. Next, we design a storage and indexing model
specific to vector-type spatial data. Finally, we propose an
application of this new model through an example of spatial
queries.

Il.  CONCEPTS AND PREVIOUS WORKS

A. Relational Database Limitations

Relational databases have been widely used to store, track
and manage data since the 1970s [5] [6]. However, even if it is
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the foundation of any classical information system, it reaches

its limits due to big data constraints mainly the 3Vs
constraints: Volume, Velocity, and Variety.

e Volume: In the presence of very large volumes of data
(thousands of Terabytes), the relational model reaches
its limits.

e Variety: In the relational model, the data schema (i.e.
fields, tables, integrity constraints and relationships) is
predefined at the time of setting up the use case. Any
subsequent changes can be complex, especially if the
structure of the data varies all the time. Frequent
changes to the structure of a relational database can
lead to errors and data loss if changes are frequent.

e Velocity: New internet trends have created the need to
implement "Real Time" applications that handle
massive data. Relational databases are not suitable for
this type of application, because each "Real Time"
operation has its own time constraints, impossible to
meet in a context of massive data while respecting the
integrity constraints of relational databases.

B. Distributed Storage

Data storage is an information system process used to persist,
organize and share data. It helps meet application demands
when manipulated data cannot fit fully into RAM?. Initially
and through the development of broadband computing
networks, data storage was centralized on remote servers so
that all applications could access them at the same time [7].
Then, because of data volume growth and the advent of the
big data era, this centralized model evolved into a storage
model distributed over several machines. Three storage modes
exists and are used by practitioners [8] to organize and to
present data in different ways (TABLE 1)

TABLE I. STORAGE MODES [REDHAT INC, 2018]

File mode storage
Organizes and represents
data in the form of a
hierarchy of files
contained in folders.
Each single file has an
extension type that’s
determined by  the

application  used to
create the file.

Block mode

Groups data into
separate volumes and
Ea equal  sizes  called
Pan Blocks. Each Block has

/ its own identifier and is
@ @ managed by a storage
system, which allows
you to select the most
suitable locations.

! Random Access Memory
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Object mode

In this storage mode,
data is partitioned into
small units called objects
and stored in a single,
stand-alone  repository
containing data and it’s
describing metadata.

In 2003, Google published a research paper describing the
architecture of a new distributed file storage system called
GFS dedicated to big data use cases. GFS was developed in C-
language [9]. The publication of this work allowed Yahoo's
lab to produce a new distributed file system called Hadoop
Distributed File System [10] developed with java. Previously,
HDFS was part of the Nutch research project that aimed to
build an open-source search engine. HDFS is inspired by GFS
and has almost the same characteristics; it is based on the
same principles that rely on two separate services: NameNode
and DataNode for HDFS and master and ChunkServer for
GFsS.

e Name node/ master services: Run on dedicated nodes
of the cluster. Their responsibility is to store the
metadata of the file system in order to keep track of all
the data as well as all the nodes that compose the
distributed storage cluster.

e Data node/Chunk services, run on slave nodes
responsible for storing all the data ingested by the
cluster.

HDFS and GFS makes easier to process large data sets
distributed on clusters of servers while assuring Data
Reliability; High availability (Fault tolerance); High
throughput and scalability.

C. NoSQL paradigm

The advent of Big Data and consequently the increased
constraints of the 3 Vs have contributed significantly to the
emergence of new approaches to data management, including
NoSQL databases. The term NoSQL is the acronym for Not
Only Sql, it was first used in 2009 at a conference on
distributed databases [11] [12]. Beyond the term, NoSQL
means a new approach to databases that can effectively
manage big data by ensuring high service availability and
scaling ability. NoSQL databases follow a complete break
with the relational model, as it abandons certain ACID [13]
properties in favour of data distribution and in favour of
horizontal scaling and performance [14] [15]. In recent years,
primarily practitioners and web companies to adapt to their
specific performance and maintenance requirements have
developed varieties of NoSQL databases. Some of these
databases have taken ideas from Amazon's Dynamo [16] or
Google BigTable [17]. Others have pursued very different
approaches such as Neo4j or Hypergraph DB. Due to the
variety of these approaches and the overlapping needs and
functionality, it could be difficult to obtain and maintain an
overview of the NoSQL database scene. Therefore, there were
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different attempts to categorize them, the most common
classification was proposed by [18] who divided the NoSQL
databases into four families: column-oriented, key-value-
oriented, graph-oriented, and document-oriented. Each of

these four database families has its own data model and data
storage service.

D. Apache Accumulo

Accumulo is a column family NoSQL database that uses the
same Google BigTable design. Nevertheless, Accumulo has
several features that distinguish it from other existing
BigTable implementations. One interesting feature is the
iterator framework that iterate over key-value pairs allowing
developers to make stored big data exploitable trough
distributed search and custom aggregations and
summarization. The second main feature of Accumulo is the
capability to enable fine-grained data access control.
Accumulo database can store data with various types, mainly
numerical and textual, in a single table. A table can contain
millions of columns and can support a new column without
impacting already established applications.

Each Accumulo table contains key value pairs that we can
represent in the form of bytes tables with the structure above
(timestamps field is an exception as its type is ""Long")

TABLE II. AccumMuLO NOSQL COLUMN
Key Value
RowID Column TimeStamp
Family | Name [ Visibility

Acumulo Tables consist of a set of lexicographic? sorted key-
value pairs. Sort is done based on keys in an ascending order
and based on Timestamps in a descending order so that later
versions of the same key appear first in case of sequential
scans. The combination of: RowID, Column Family, Column
Name and TimeStamp gives a unique value that matches a
single record in the table.

Despite all of its advantages, Accumulo is not able to
represent and manage spatial data whether they are vector or
raster. In order to overcome this limitation, we extend
Acumulo in order to support vector spatial data. Because of
the multidimensional nature of vector spatial data, the
challenge will be to find a way to index them using Accumulo
Rowld field.

E. Previous works
Some NoSQL database editors have continued to develop their
products to cover the spatial domain. In the following we give

a survey of some of the big available NoSQL databases that
supports spatial data.

1) Redis:

2 is a generalization of the alphabetical order for any element
of a totally ordered set.
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Redis is a Key Value database that supports vector spatial data
through a native geometry Point object that represents’s a
single location in space with an x-coordinate (longitude) and a
y-coordinate (latitude). Just like standard data types, storage
of spatial data is based on sorted datasets called GeoSet. Sort
order is maintained by using a Hash function that transforms
the two spatial dimensions into one value named score. It’s a
double precision number used for sorting and can represent
any different decimal or integer value between -/+ 2753. But
when representing much larger numbers, elements will be
added to the GeoSet with the same score. This problem was
solved by implementing a lexicography technique that
considers strings as binary data and compares the raw values
of their bytes, byte after byte. Spatial data inserts and updates
are done using the GeoAdd method, deletes are done by
GeoRem method and searching through GeoPos or GeoHash
methods. GeoPos return X, Y coordinates, and GeoHash
return the linearized result using the hash function previously
described. For spatial queries, Redis has another method
called GeoRadius that allows the end user to query the
database in order to render all the included points in a circle.

2) Elastic search:

Elastic search is a document oriented database that supports
several types of vector spatial data through two spatial objects:
geo_point (supports latitude and longitude pairs) and
geo_shape  (supports Point,  MultiPoint,  LineString,
MultiLineString, Polygon with holes and MultiPolygon with
holes). Spatial Elastic search implementation follows a
specific indexing logic by encoding latitude and longitude
using Geohash Dbase32 and Bkd-Tree algorithms
Longitude/latitude coordinates default size is 16Bytes X 2.
When indexed as Geohash, they will be base32 encoded
strings. The default precision is ~2 cm base on 12 characters
in the encoded hash string, each character in a GeoHash adds
additional 5 bits to the precision. So the longer the hash string
is, the more precise the location will be. Because of memory
allocation, precision can be a bottleneck for Elasticsearch.
Depending on the use case, the precision should be handled
carefully by specifying how precise we need our point to be
instead of the default full 12 levels of precision. Elastic search
offers several spatial queries. Geo_Bounding_Box query finds
documents with Geo-Points that fall into the specified
rectangle. Geo_Distance query, finds documents with Geo-
Points within the specified distance of a central point.
Geo_Polygon query Find documents with Geo-Points within a
specified polygon.

3) MongoDB:

Is another NoSQL document-oriented database, based on
JSON documents. MongoDB supports vector spatial data and
stores them as GeoJSON objects or as legacy coordinate pairs.
The first option is used to calculate geometry over an Earth-
like sphere. The second option is used to calculate distances
on a Euclidean plane. MongoDB supports a set of standard
vector spatial data types (Point, LineString, Polygon,
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MultiPoint, MultiLineString, MultiPolygon, and
GeometryCollection) and offers a subset of spatial operations
(inclusion, intersection, and proximity). MongoDB also offers
2d vector indexes a  2dsphere index that supports only
spherical queries (i.e. queries that interpret geometries on a
spherical surface) and 2d index that supports flat queries (i.e.
queries that interpret geometries on a flat surface)

4) Hbase:

Hbase is a column-oriented database that works in the same
way as Accumulo, in fact its another implementation of
Google BigTable design [17]. Hbase does not support spatial
data but there is some research works that proposes a spatial
extension. MD-HBase [24] offers an extension based on two
layers. An indexing layer using standard K-d tree and the
Quad tree index structures. And a storage layer that stores the
items sorted by their key and range-partitions the key space.
The keys correspond to the Z-value of the dimensions being
indexed mainly: location and timestamp. MD-HBase
proposes two spatial queries KNN and RangeQuery. A
second extension of Hbase [25] proposes another spatial index
structure using Geohash encoding based on a latitude and
longitude geocode system, which can convert the latitude and
longitude information into a one-dimensional encoding string.
Based on this Geohash index, the author designed a KNN
query and a rectangular range queries.

IIl.  STORAGE LAYER

A. Spatial data storage model

Since Accumulo does not support spatial data, we propose in
this work to extend its column-oriented data model in order to
support vector spatial data. In this section, we present the
logical layer of our extension. We also describe the system in
terms of its conceptual organization: classes, interfaces and
relations.

Figure 1 illustrates the class diagram used in our system, it’s a
static high-level structure that illustrates vector spatial objects
with various geometries including point, line, polygon,
multiline, multipoint, multi-polygon as well as their attributes,
dependencies and relationships. This class model has the
particularity to be universal insofar as it can be adapted to any
other big table implementation such as Hbase or others and
can take in charge several types of big spatial data sources.
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Figure 1. Accumulo spatial model class diagrama

The diagram shows two groups of objects, a first group
representing the basic structure of Accumulo notably: “Table”,
“Record”, “Column Family”, “Column” and “Value”. All
these objects are linked by composition and aggregation
association since the main purpose is to emphasize the
dependency of the contained class on the life cycle of the
container class and to refer to the “Record” class construction,
which is the result of the “Column Family” class being
aggregated or built as a collection. The second group represent
spatial data through a central class named “Value” in the

diagram. “Value” is a kind of super-class that defines the
main features for both child classes: "Property” and
"Geometry". These subclasses inherits ‘“Value” class

definition and modify it to their specific properties. The class
“Property” is dedicated to non-geometric attributes and refers
to the basic Accumulo cell field. The class “Geometry” is
dedicated for spatial data with a main attribute “enumeration”
covering all types (point, line, polygon, multiline, multipoint
and multipolygon). TABLE Ill. gives an example of values
for each type of geometry.

TABLE III. JSON GEOMETRY STRUCTURE
Geometry Value
Point "geometry": {"type": "Point","coordinates": [-5.44921875,
32.39851580247402]}

"geometry":{ "type":"Polygon", “coordinates":[[ [-5.44921875,
33.7243396617476],[-8.4375,32.39851580247402],[-

Polygon 8.96484375,29.075375179558346],[-5.9765625,
30.2970178833],[-3.1640625,31.50362930577303],[-
5.44921875,33.7243396617476]]1}

Line "geometry™: {"type": "LineString", "coordinates": [[102.0,
0.0],[103.0, 1.0], [104.0, 0.0], [105.0, 1.0]}
Multi- "geometry": {"type": "MultiLineString", "coordinates™: [[

Lines | [170.0, 45.0], [180.0, 45.0]], [ [-180.0, 45.0], [-170.0, 45.0]]] }

"geometry": {"type": "MultiPolygon", "coordinates": [[ [ [180.0,

Multi- 40.0], [180.0, 50.0], [170.0, 50.0], [170.0, 40.0], [180.0, 40.011],
Polygons | [[[-170.0, 40.0], [-180.0, 50.0], [-180.0, 40.0], [-170.0, 40.0111]
}
Multi- "geometry": { "type™: "MultiPoint","coordinates": [[100.0,
Points 0.0],[101.0,1.0]] }

Note that this way of representing vector-type big spatial big
data is valid, regardless of the data source. It is also possible to
merge various big spatial data coming from multiple data
sources.
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B. Multi sources oriented spatial data storage

In the following, we will use our previous model (Figure 1.
) to store spatial data coming from different big spatial data
sources. We consider two examples, a first one related to
Telecom, precisely a subscribers location tracking use case.
The second example deals with vehicles pollution spatial
monitoring. These two use cases deals with two completely
different data sources and yet we will see at the end of this
paper how we can reconcile them to be stored according to one
and only one Accumulo spatial model using our precedent
structure.

Concerning the Telecom use case, we consider that the data
source at the entry of Accumulo is a localized voice call with
the structure above: Origin phone number, destination phone,
Longitude, Latitude, Call duration, Call date and Call Time.
Then, we partition data in input to two different structures, a
first Json part to represent subscriber’s location using Point
geometry type and a second part to represent the rest of data, in
particular the origin and destination telephone numbers. This
gives the structure displayed on the figure below:

Key | Value
| Co [ TonmeSamp |
| Famil; [ Hame [ Wisibility
Correspondeance with the Accuranlo model
RowiD Column Column Column TimeSany Value
Family Name Visibility
Rowid]l | Event Onigine Phone Prvate 11503013 Tela
Number
Rowad]l | Event Destination Phone Private 11903013 Telb
Number
Rowidl | Event Geometry Public 11503015 “geometry’: | hpe:. Pomt,
“ " [-3.123865, 23,3456 1}
Rowid]l | Event Call dwation m | Public 11503014 4
seconds
Rowid] | Event Date Public 11505015 21/10/2020
Rowid] | Event Hour Public 11903018 15:.01.09
Figure 2. Accumulo table structure for storing calls with their location

Note: “visibility" column on Figure 2. is a feature available
in Accumulo that helps developers to meet strict data access
requirements to comply with security requirements and allows
implementing a wide variety of data access scenarios. We
introduce this feature in the present paper for information only
and we will not develop it any more than that.

The second use case concerns vehicles pollution monitoring
using intelligent sensors for measuring pollution rates and
generating various localized measures based on density of
some chemical components known to contribute to air
pollution. We will use the same Accumulo structure already
defined for the Telecom use case using the same data model
shown on the class diagram (see Figure 1.). Since the two data
sets concerns different domains: Telecom subscribers location
tracking versus vehicles pollution monitoring, we have added a
new column family to the second set of data (Figure 3.).

Journal homepage: www.ijceds.com

International Journal of Computer Engineering and Data Science (ISSN: 2737-8543)

Volume 2— Issue 1, January - March 2022

RowlD Column Column Column TimaSeamp Valua
Family Name Visibiligy
Rowidl | Event Origine Phose Frivate 1505015 Tz
Nigrber
Rowidl | Event Destination Phon= | Private 1505013 Telb
Nignber
Rowdl | Event Geometry Public 11505013 “geometry’. | ‘hpe: ‘Pout,
“coordinates"; [-3.113863, 73,3456 1}
Rowdl | Event Call durstion in | Public 11505014 34
se
Rowid] | Event Date B REE] 21072020
Rowid] | Event How B 503018 150108
Rowid? Thution ozons = 508002 100
Rowad? lution Pasticles Pl 508003 st
Rowidl, lhution Carbon Monomide | Py 508003 1%
Rowidl | Pollutiem Sulfe Dicoyde | Public TI508003 EY
Rowd? | Pollutiom Nitrogene Dioide | Public 11508006 6
Rowidl | Pollutiem Glomemie Public 11508007 “geometry’ { "ype - Point,
“coordinates": [[-3.44821875. 20.3435613

Figure 3.  Multi sources example

Indeed, in addition to logical data separation, column
families design has a significant impact on performance.
Storing two sets of data in the same family implies that during
queries will have to scan all existing columns, even those not
affected by the query in question. This is a costly operation in
terms of resources consumption and in case of increase of data
sources number, Accumulo offers the possibility to store a
subset of column families together on disk. This approach
improves performance when columns from different column
families are accessed in the same scan and allows some sets of
column families to be read from disk without having to read
data from all the other column families. In our case, we
consider that the two sets of data deals with two different use
cases and at no time, will there be a need to do analysis on both
data sets in an aggregate way.

We have seen in this section that through the flexibility of
Accumulo’s column-oriented structure and thanks to our new
spatial model, we guarantee continuous data storage and
integration as new spatial data is collected. Our model can
support any number of columns and column families without
specifying them beforehand, ensuring support for big spatial
data for a wide variety of sources.

C. GeoJson view

In this work, we use Json to format spatial data before
storing them on Accumulo. The reason of choosing Json is that
it plays an intermediary role by allowing us to transform data to
GeoJson without major transformations, thus combining spatial
data with other no spatial attributes.  Of course, the goal
sought here is the standardization in spatial information
transmission with third-party applications, notably for
visualization purposes. Figure 4 gives the logical structuring of
our GeoJson conversion model with a central class “Feature”
that represent both spatial and non-spatial attributes.
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Figure 4. Accumulo GeoJson view class diagram

Figure 5 gives an example of transforming source data based
on the basic spatial structure without major transformations and
explains how we combine spatial and non-spatial attributes to
form a unique structure using GeoJson.

Key | Value
FowID | Columa [ TomeSeang
[ Family [ Name T Visibility
Corrsspondence with the Accumulo model
RowlD Column Column Column TimeStamp Valus
Family Name Visibiliyy

Rowidl | Evant Origine Phone Private 11803013 Tela

Thunber
Rowidl | Evant Deastination Phone Private 11503013 Telb

Tumber
Rowidl | Event Graometry Public TI505013 “zeomemy: [ ‘npe:  Pomt,

" ": [-3 123865 23 3456 T}

Rowidl | Event Call  dwation m | Public 11503014 X

seconds
Rowidl | Evant Date Public 11803015 21102020
Rowadl | Event Public 11805018 15:01:09

Comespondence wath the Data Modal at the output of Accwmule

{"type” Featura”,
*geomstn”: { "type” "Point”, "coordinstes”: [-3.123863, 23,3436 1},
" properties”:{* Origine Phona Numbar”” Tal 7, * Destination Phone Nusber™ Tel b7,
" Call duration in seconds™." 347" Date™"” 21/10/2020", " How"™: “15:01.087}¢

Figure 5. A GeoJson view example using Accumulo basic structure

IV. INDEXING LAYER

Accumulo stores data on tables using columns organized
into families, it also offers data indexing using a single and
unique field named Rowld. These characteristics are similar,
semantically speaking, to relational databases properties.
Nevertheless, there is a major difference with regard to their
indexing logic and data models differences. Relational database
auto calculate indexes, whereas Accumulo does not generate
indexes but gives full power to client applications to calculate
them according to their own and specific logic using a Java
API. This means that Accumulo indexing approach is flexible
and can be adapted to new use cases such as handling big
vector spatial data by calculating spatial data indexes based on
big vector spatial data already stored on the database.
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The particularity of vector spatial data is that they are
multidimensional comprising both spatial coordinates and
eventually temporal dimension; especially in case of a
continuous use case that observes data over a specific time
window. On the other hand, we know that Accumulo database
manages indexes through a single and unique field named
RowlID. This field exists on any Accumulo table and is
dedicated to store the table index. Due to this constraint, we
apply a linearization function to transform several data
dimensions inputs into one single value that we will store into
the RowlID field. Many linearization methods exist; we can
classify them into three main families: regular and non-regular
grids indexing, space-filling curves and geohash functions.

According to our research, only two Accumulo spatial
index implementations exist, especially GeoMesa and
GeoWave. GeoMesa supports space filling curve indexes while
GeoWave supports Hilbert curve. This is not the case for
Hbase (another implementation of Google Big Table). Ref.
[19] proposes a spatial index structure using Geohash
encoding. , Ref. [20] proposes a spatial index, based on a
hybrid index structure, combining a quad-tree and a regular
grid. Ref. [21] introduces a method to construct an Hbase
spatial index by employing a Hilbert space-filling curve.

In this paper and since there is no extension of hexagonal
grid indexing approach on a column-oriented database, we
have decided to adapt this indexing approach to Accumulo and
to associate it with our spatial model described above to fully
manage spatial vector data.

A. Hexagonal tessellation

In the domain of planar tessellation, hexagons have several
properties that make them more efficient that triangles or
squares. Indeed, hexagons match circular shapes better than
triangular and square shapes. If we consider that, we have a
circle which radius is R circumscribed by a triangle, a square
and a hexagon then the area of the circumscribed circle for
each shape gives the following values (TABLE IV.):

TABLE IV. COMPARISION BETWEEN TRIANGLE,
SQUARE AND HEXAGON COVERED AREASTRUCTURE
Triangle Square Hexagon
041T1R2 | 0.6411R2 | 0.83 1 R2

TABLEV. DISTANCE COMPARISON BETWEEN
CENTERS FOR THE THREE TYPES OF REGULAR GRIDS

i Square partitioning with 8
> neighbours at two different
distances between centres

Triangle partitioning with
. = 12 neighbours at three
different distances
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Hexagon partitioning with 6
! equidistant neighbors

Unlike square, rectangular and triangular grids, hexagonal
grids are more compact, provide the highest resolution, and
display uniform adjacency; each cell in a hexagon grid has six
neighbors, all of which share one side with it, and all of which
have centers exactly the same distance from its center as
indicated in TABLE V.

B. Hexagonal Grids indexing

These different properties make hexagonal grids more
optimal than square or triangular grids. For this reason, we
have opted for a regular grid indexing based on hexagonal
grids. This approach consists in grouping spatial data into
hexagonal areas. These cells represent a collection of logical
subdivisions of earth's surface in a way to cover the whole
space.

In this research, we use a geospatial hexagonal grid
indexing software library developed by Uber Technologies,
Inc. and released for public use under open source license in
2018 [22]. We mainly use it for the linearization of vector data
by converting them to hexagonal grids and each grid will have
a 64-bit identifier [23]

C. Spatio-temporal data indexing on Accumulo

We propose in this paper a new Rowld with a nested
alphanumeric structure made up of several prefixes separated
by a special character. This proposition gives every Rowld
portion the possibility to bring additional information and to
query data in an efficient way. TABLE VI. lllustrates our
proposed structure:

TABLE VI. RowID NESTED STRUCTURE

1dGeo
#
1dAlgo
#
IDResolution
#
1dObjet
#

IdSpatial
#
IdTimeStamp

e |dGeo: prefixes the RowID with values ranging from
zero to five in order to inform about geometry types.
The table below gives the correspondence between the
numerical value used in the index and the geometry

type:
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TABLE VII. ID GEO VALUES MAPPING

1dGeo Geometry
Point

Polygon

Line
Multi-points
Multi-polygons

Multi-lines

a|lbhlwN|FR|O

o |IDAIgo is an identifier that informs about the spatial
indexing algorithm being used in order to apply its
proper logic. It also gives the possibility to mix several
indexing algorithms without changing the storage
structure. For example, we can use GeoHash,
ZorderCurve, HilbertCurve or any other linearization
algorithm using the same storage structure. In the case
of this paper, we assign the value 1 to IDAIlgo to
indicate that we are using H3 (a Uber Java
implementation of hexagonal grid index).

e |DResolution is the third part of our RowID and
provides information on the exact resolution used
during the indexing process. In the actual case where
we use Uber’s H3 grid indexing, the resolution can
have 16 possible values ranging from 0 to 15.

e |dObijet is the fourth part of our RowID and we use it
to retrieve the spatial object business identifier. For
example, it can be equal to a mobile phone number if
we are in a use case of collecting and indexing
Telecom subscriber’s locations. In this case, IdGeo
will be equal to 0 as the geometry type used is Point.

e |dSpatial is in the fifth position of our RowID and
provides the spatial index value. In our case and based
on the H3 library, we will have a 64-bit identifier.

e |dTimeStamp is at the sixth and last position of our
RowID, it takes care of the time dimension so that we
can position data over time. Depending on the use
case, IdTimeStamp can be extracted from data to
inform about events dates as it can obey to a specific
logic (insertion dates in the Accumulo table for
instance).

D. Combined index

Our first Rowld design detailed in the previous section
grants spatiotemporal data indexing but it does not take into
account any other attribute. Which means that it is impossible
for this index to respond effectively to queries that use both
spatiotemporal filters in combination with other attribute
filters. For example, if we need to extract the first 1000
subscribes that made at least five calls during the last two hours
when they were closest to a particular point of interest. Then,
Accumulo will execute a full scan to be able to retrieve data
that meets spatial and non-spatial predicates. Which means that
the spatial index already created will not bring any gain in
terms of performance. The solution that seems obvious would
be to integrate non-spatial attributes in the Rowld, it will solve
the performance problem. However, it has the disadvantage of
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not being sustainable over time because of the possible creation
of new attributes at any time and it is not convenient to act on
the structure of the RowID whenever there is a need to index
new attributes. To overcome this situation, we propose a new
indexing method dedicated to non-spatial attributes while
keeping our first RowlD for spatiotemporal queries. This
method uses a reverse indexing logic with a particular new
structure (secondary table on Figure 6. ) that gives, for a value
of a given attribute, the list of records where this value appears.
The notion of "reverse indexing" finds its explanation in the
inversion of the roles of the two cells "RowID" and "Value"
between our two tables: main and secondary on figure 5.
Indeed, the Rowld of the main table will be stored in the cell of
the secondary table and the value corresponding to this Rowld
will be stored in the RowlD cell of the secondary table as
shown in the figure below:

= Key Value
Main G T e e B
RowlD | Column | TimeStamp
Table |
| Familly Name
|

Visibity |

|

| Key

[Valie

RowlD | Column

| Familly

Name
Cew s

| TimeStamp

Visibiity |

I

Seconda
Table

Figure 6. Accumulo inversed indexing

Data insertion and indexing occurs in a coordinated fashion
so that each record successfully saved in the primary table is
immediately indexed in the secondary table. In what follows,
we detail the different procedures for creating records and
corresponding indexes:

START
READ {Record R} FROM {Source S}
IF {R recordis valid} THEN INITIALIZE {counteri to 0; precision P to ot of the values 0..13}
WRITE {Explode filds} IN {FIELDS [0.N]}
WHILE {i <=N} DO

WRITE {Transform FIELDS [i] as ¥Y ¥ YMMDDHHSS} IN {DATE}

IF {FIELDS [i] matches the geometwy of the event} THEN

WRITE {Transform field FIELDS [i] into G eoJson} IN {Geo_C}

WRITE {Indexing in K3 (P) of FIELD [i]} IN {IDx_H3_C}

ELSE IF {FIELDS [i] matches a normal attribute} THEN

WRITE {Fonnat FIELDS [i] consistent with its type} IN {Att_C [i]}

ELSE IF {FIELDS [i] matches an attribute with reverse indexing} THEN

WRITE {Fomat FIELDS [i] consistent with its type} IN {Att_Inv_C [i]}

ENDIF
INCREASE {counteri by 1}
ENDWHILE
WRITE {Prepare RowID of record R}, {IDx_H3_C, DATE, Constarts []} IN {RowID_R}
WRITE {Prepare the vahue of the R recard}, {Geo_C, Att_C [0.j]. Att_Inv_C [0 ]} IN {Val R}
QUERY {Insert}, {RowID_R. Val R} IN {the main table Accamulo P1}
ENDIF
INITIALIZE { counter kto 0}
WHILE {k <= M} DO
REQUEST {Insert}, {A#t Tnv C [k], RowID_R} IN {the secondary table Accumulo P2}
INCREASE {counter k by 1}
ENDWHILE
END

Figure 7. Data Insertion and indexing procedures
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V. RANGE QUERY EXAMPLE

In this section, we detail an example of a spatial query in
order to illustrate the use of our indexing and storage models.
Range Query is one of the most widely used spatial queries. It
helps to retrieve all the points located on a radius "r" from a
focal point F (Xf, Yf) as shown on the figure below:

e

»

¥

Figure 8. Range query logic

The H3 library provides a function named KRing that takes
two parameters as inputs, the first contains an H3 index
corresponding to the focal point F (Xf, Yf) and the second
parameter contains the radius of the circle expressed in
hexagonal cells. This means that KRing does not allow us to
respond directly to our Range Query, there is indeed a need to
add additional processing, notably to transform the Rang Query
radius expressed in Euclidean metric into a Kring radius
expressed in hexagonal grids. We do this calculation by simply
dividing the radius R by the length of one of the sides of the
hexagon corresponding to the index H3 of the focus F.

Figure 9. Range query using Hexagonal indexing

On Figure 9. we can see that there are parts of results
located between the first two hexagonal cells and the third
hexagonal cell. In other terms, they are located between the
two following executions of the KRing function:

e  Kring (H3Index (F), [r / h3.edgeLength])
e  Kring (H3Index (F), [r / h3.edgeLength] +1).

The first execution does not contain all the results that
satisfy RangeQuery conditions, we have highlighted these
missing results in the figure (yellow points contained in the
circle but are not containers on the hexagonal cells of the first
execution). The second execution contains more points but
some were wrongly added by the KRing function (red points in
the figure; despite being out of the circle, the function returned
them anyway). In order to have a more reliable result, we add
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a third processing to calculate the minus between the results of
both executions a) and b), once done we add a last check to
eliminate all the points where the distance to the focal point is
greater than the Radius. This solution makes it possible to
benefit from Kring performance while maintaining a reliable
result.

In what follows, we propose a second method by using the
minimal circumscribed regular polygon P which best
approximate the circle C(F,r). The determination of the
polygon P is done by filling the circle C(F,r) with isosceles
triangles and by putting them side by side, so that the sides of
each triangles are equal to the radius as indicated in Figure 10.
The intersection of the base of each triangle with the circle
identifies two vertices of the polygon.

Figure 10. : Minimal circumscribed regular polygon

We now have to determine the number of sides by
determining the number of triangles to use in the partitioning of
circle C (F,r) . So, let N be the number of isosceles triangles Ti
(Figure 12. .used in the partitioning of our circle C whose
radius is r.

Figure 11. Isoscele triangle Ti formed from two identical sides of length r (the
radius of the circle) and a base b

The triangle Ti area is equal to: r2 sin (Ai) / 2, where Ai is
the angle formed by the two identical sides. Since the circle is
partitioned by N identical Ti triangles then the angle Ai will be
equal to 360 divided by N. The approximation therefore
consists of finding N in such a way that the sum of the areas of
the isosceles triangles is equal to the area of the disc formed by
the circle C(F,r), which gives this equation:

N *r2*sin (360/N) /2= m *r?
By simplifying, we get the following result:
N *sin (360/N) /2= =
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Of course, the objective here is not to approximate the ©
number because Archimedes did it several centuries ago using
this same method based on triangular partitioning. Our goal
here is to determine the number of sides of our polygon P by
determining the number of triangles Ti based on the real value
of the m number. The table below gives the estimation error:

TABLE VIII. I NUMBER APPROXIMATION ACCORDING
TO THE NUMBER OF TRIANGLES
l\il:irzrt]);lregf Approximation | m- Approximation

50 3,13333084 8,26E-03

60 3,1358539 5,74E-03

70 3,13737581 4,22E-03

80 3,13836383 3,23E-03

90 3,13904132 2,55E-03

96 3,1393502 2,24E-03

100 3,13952598 2,07E-03

In our case, we opted for a polygon with 96 vertices in
order to cover the circle C We have chosen to use 96 sides but
for a maximum precision we can extend to higher values as
displayed on table VIII. The choice depends on available
hardware resources and calculation capacity.

Now that we have our polygon P with 96 vertices in a
manner to cover, as much as possible, the circle C, we first fill
it with all the hexagonal cells contained in it. This action is
done using another H3 function named PolyFill. Second, we
compare all the H3 indexes of Accumulo stored points with the
polygon P contained cells H3 indexes. This method is more
reliable as it uses the minimal circumscribed regular polygon P
that best approximate circle C(F,r) and the more vertices he
has the more optimal is the approximation as it gives the least
false results compared to the precedent function KRing. Once
all the hexagonal cells contained in the circle C are identified,
it remains to launch an Accumulo search operation while
keeping the maximum processing on the server side and not on
the client application side. To achieve this result, we use three
concepts. The first one is called "Scanner" and allows to
connect to Accumulo tables in order to have access to all of its
elements: Rowid, Columns, Column families, values. The
second concept we use is the "lterator" concept which allows to
browse all the data in an Accumulo table to apply a specific
filter. The third concept we use is filtering with strings regular
expressions according to a previous nested RowlD structure.
This last concept allows us to translate a spatial query into
regular expressions in line with the structure of our RowlD by
using quantification operators. Knowing the N+1 hexagonal
cells HCJO,..N] that covers the circle C(F,r), our RangeQuery
(F, r) query is equivalent to finding the list of points contained
in the circle by applying the following regular expression at the
scanner level for all the indexes H [0..N] corresponding to
HC[O,..N] cells (Figure 12.):
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"OHOHGH*HH[OH*",

TOHOHGHHH[1]1#*",

"OHOHGH*#H[N]H*"

Figure 12. Regular expression spatial filter

If now we want to add a temporal filter so that the previous
spatial query brings back only points contained by the circle (F,
r) during a given time period for example during the first
minute of the day of February 01, 2020 for example then just
change the regular expression so that it looks like this:

- N

"OHO#6H*#H[0}#20200201000[0-1][0-59]",

"OHO#GH*#H[1]# 20200201000[0-1][0-59]",

"OHO#GH*#H[N]# 20200201000[0-1][0-59]"

. _/

Figure 13. Spatiotemporal regular expression filter

VI. CONCLUSION

In this paper, we shed light on the impact of the big data
phenomenon on spatial data and the challenges related to their
exploitation, notably because of relational databases limitations
in the presence of big data constraints. From there, we looked
at the NoSQL Accumulo database to see if there was a
possibility to adapt it to spatial data since it does not support
them natively. In this sense, we have proposed a universal
storage model specific to vector spatial data, capable of storing
big spatial data independently of their source. We have also
proposed a new index based on hexagonal tessellations in order
to be able to execute spatial queries on stored big spatial data
using existing Accumulo functions. However, not all spatial
queries can be transcribed into search operations based on
Accumulo index, especially complex queries. The solution
offered by Accumulo consists of implementing parallel
processing tasks using Hadoop MapReduce. According to
literature, this processing engine is more suitable for a batch
processing and not for interactive queries. Because Hadoop
MapReduce has the disadvantage of reading/writing data from
the disk, which generates latency, mainly when read/write
operations are frequent. From this observation, one need for
future work is to perform a new implementation of the
MapReduce paradigm combining the advantages of parallel
computing and in-memory storage while offering the
possibility of interfacing it with the Accumulo database in
order to reuse our actual spatial model.
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