Journal of Information and Data Management, 2026, 17:1, doi: 10.5753/jidm.2026.5890

© This work is licensed under a Creative Commons Attribution 4.0 International License.

MasterMobilityDB: A Storage and Processing Layer for
Multiple Aspect Trajectory Data at Scale

Flaris Roland Feller ® &3 [ Universidade Federal de Santa Catarina | flaris.fellev@gmail.com ]
Ronaldo dos Santos Mello ® [ Universidade Federal de Santa Catarina | r.mello@ufsc.br |

89 Departamento de Informdtica e Estatistica, Universidade Federal de Santa Catarina, Bairro Trindade, Floriandpolis,

SC, 88040-900, Brasil.

Received: 12 April 2025 e Published: 13 March 2026

Abstract Spatiotemporal data capturing the movement of real-world entities, gathered from sensors and GPS de-
vices, along with its integration with other contextual georeferenced data, has led to the generation of large and
complex trajectory datasets. These datasets, referred to as multiple aspect trajectories (MATSs), present new chal-
lenges for moving object databases. This work introduces MasterMobilityDB, a persistence layer for MATs based
on the Master representation model, built on top of the MobilityDB database through a dedicated API. A compari-
son with the state-of-the-art SecondoDB shows that MasterMobilityDB enables more natural query expressions and
delivers better performance for MATs. This is a pioneer solution to deal with MAT persistence and management.
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1 Introduction

With the widespread adoption of GPS enabled devices, the
capture of position data has become effortless, leading to the
daily accumulation of large amounts of such data. Asaresult,
trajectory data management and moving object databases
(MODs) have become prominent areas of research.
According to [Giiting et al., 2015], a trajectory represents
the movement of an entity, such as a person, a vehicle, or an
animal. At a lower level of abstraction, it consists of a time-
ordered sequence of spatial positions, commonly referred
to as a raw trajectory. When this raw trajectory is further
enriched with multiple contextual semantic dimensions that
vary in nature, it becomes what is known as a multiple aspect
trajectory (MAT) [Mello et al., 2019]. Figure 1 illustrates an
example of a MAT showing an individual’s daily movement,
starting from home, passing through their office, and end-
ing at a restaurant. This movement is enhanced with various
semantic attributes, including weather conditions, mean of
transportation, and points of interest (POI) characteristics.
This work adopts the Master data model [Mello et al.,
2019], which offers a more comprehensive approach to data
variety. Unlike previous models such as symbolic trajecto-
ries [Giiting ef al., 2015], which represent aspects as sim-
ple semantic labels, or CONSTANT [Bogorny ef al., 2014],
which is restricted to predefined aspects, Master provides
greater flexibility in handling diverse contextual dimensions.
For the persistence of trajectory data, the database re-
search community has developed several implementations
of moving object database (MOD), including Secondo [Git-
ing et al., 2015], Hermes [Pelekis et al., 2015], and Mobil-
ityDB [Zimanyi et al., 2019]. MobilityDB, built on top of
PostgreSQL and the PostGIS extension, benefits from active
support by a large community of companies and individuals.
It offers numerous features for handling large-scale trajec-
tory data, including abstract data types, specialized indexes,

an extensive set of operators and functions, and compatibil-
ity with various environments, tools, and programming lan-
guages. These capabilities make MobilityDB a strong choice
for storing and processing trajectory data. However, while
MobilityDB primarily focuses on raw trajectories, Secondo
and Hermes are limited to a single or a few fixed semantic
properties, making them incapable of representing multiple
aspect trajectories (MATS).

This paper revisits MasterMobilityDB, a persistence layer
built on top of MobilityDB MOD to manage MATs using
the Master model. We designed and implemented abstract
data types for Master model entities and efficient methods for
their manipulation in MasterMobilityDB. All are extending
the MobilityDB data model through a PLSQL API.

This paper is an extended version of [Feller and Mello,
2024], presented at XXXIX Brazilian Symposium on
Databases (SBBD?2024). This SBBD paper introduces
MasterMobilityDB. We have significantly improved Section
3 updating related work with more recent proposals for se-
mantic trajectories persistence. Moreover, we have extended
Section 5 by including new experiments with a greater vol-
ume of data to emphasize the robustness and performance of
the solution.

The rest of this paper is organized as follows. Section 2
presents basic concepts regarding MAT and the Master Data
Model. Section 3 presents a state-of-the-art review of pro-
posals for semantic trajectory persistence. Section 4 details
the MasterMobilityDB. Section 5 discusses experiments on
the known semantic Geolife trajectory datasets. Section 6
concludes the paper.
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2 Multiple Aspect Trajectory and the
Master Data Model

A MAT [Mello et al., 2019] is defined as a sequence of
points (p1,pa, ..., Pn) recorded for a moving object, where
each point p; = (z,y,t, A) represents the object’s posi-
tion at coordinates (x, y) and time ¢, along with a set A =
ai V1,0 : Va,...,a. : v, of r aspect-value pairs. These
aspects provide semantic context to the movement, captur-
ing various real-world factors such as social media activity,
weather conditions, or transportation modes. Each aspect in-
cludes attributes that offer detailed information, as illustrated
in Figure 1 for an individual’s MAT.
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Figure 1. A MAT example.

Building on the definition of a MAT, the Master data
model [Mello ef al., 2019, 2021] was proposed to overcome
the limitations of earlier representation models. Its relational
logical schema is shown in Figure 2'. A key feature of Mas-
ter is the introduction of the concept of an aspect—a real-
world factor that is significant for the analysis of trajectory
data.
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Figure 2. The Master data model

An aspect is defined by an aspect type, which specifies
its metadata and attributes. Aspects can support various
data types, including numbers, value ranges, text, geome-
tries, or complex objects. For instance, an aspect type
hotel may include attributes such as geographical coordi-
nates, address, stars, room types, and facilities. An exam-
ple of an aspect of this type could be: "Il Mare Resort”,
with the following attribute-value pairs: geographical co-
ordinates, —27.439771, —48.500802; address, ’Main Ave.,
45, Atlantis”; stars, 5; room types, “suite”, junior suite”’;
facilities, "gym”, “swimming pool”, “restaurant”, “bar”,
“beach service” .

An aspect can be associated with a MAT, a point within a
MAT, a moving object (MO), or even a relationship between
MOs. A MAT is linked to an MO, which may represent enti-

I Table attributes were omitted to simplify the understanding of the pro-
posed model.
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ties such as a person, drone, animal, vehicle, or even a natural
phenomenon like a hurricane.

3 Related Work

An initial step toward achieving the goals of this work in-
volved conducting a systematic review of the state-of-the-art
in the persistence of semantic trajectories in databases, as
well as the implementation of representation models [Feller
and Mello, 2022]. We have also revisited the research repos-
itories to find new proposals.

A total of twenty-four works were selected (see Table 1)
and categorized according to the main database technologies
they utilize: object-relational (OR), NoSQL, triplestore, and
multimodel. We also include MasterMobilityDB.

Table 1. Solutions for persistence of semantic trajectories

MOD DB Base DB Extension Tech
Hermes@Oracle Oracle Spatial OR
Hermes@Postgres PostgreSQL PostGIS OR
Secondo BerkeleyDB Algebra OR
Weka-STPM PostgreSQL PostGIS OR
[Brandoli et al., 2022] MobilityDB PostGIS OR
STKST PostgreSQL PostGIS OR
MODB MySQL Spatial OR
[Xuetal., 2023] Secondo Symbolic OR
NALMO Secondo Symbolic OR
DeepVQL PostgreSQL PostGIS OR
[Gomez et al., 2024] MobilityDB PostGIS OR
MasterMobilityDB MobilityDB PostGIS OR
[Gomez et al., 2019] Neo4j Spatial Graph
[Noureddine ef al., 2021]  Neo4j Spatial Graph
[Karim et al., 2021] Neo4j Spatial Graph
[He et al., 2023] Neo4j Spatial Graph
GSM Neodj Spatial Graph
Hermes@Neo4j Neo4j Spatial Graph
[Huang and Li, 2022] Cassandra GeoMesa W-column
[Zhao et al., 2024] LevelDB S2geometry  Key-value
FrameSTEP Virtuoso - Triplestore
STriDE Stardog - Triplestore
[Torres et al., 2020] Apache Jena - Triplestore
[Tamilmani ef al., 2019] PgSQL/Neo4j  PostGIS Multimodel
[Wannous et al., 2013] Oracle Spatia/RDF ~ Multimodel

When implementing a MOD using an object-relational
(OR) database, a trajectory is typically represented as an ab-
stract data type (ADT), which encapsulates spatiotemporal
and semantic characteristics along with operations on these
properties. Persistence is managed through relations with at-
tributes derived from ADTs and is manipulated using SQL.

MOD implementations based on triplestores adopt
ontology-driven approaches to model semantic trajecto-
ries, relying on three core ontologies: domain, time, and
spatial. These ontologies provide context for movement,
space, and time. In addition to the ontologies, rule sets are
defined, with proposals emphasizing the use of SPARQL
and GeoSPARQL for querying.

NoSQL database persistence strategies differ based on the
underlying technology. In property graph-based approaches,
semantic trajectories are represented through vertices—
denoting points or episodes—and edges that connect them.
Both vertices and edges can store semantic and spatiotem-
poral attributes as properties. In wide-column database im-
plementations, the MO identifier is the partition key, while
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latitude, longitude, and timestamp are clustering keys. Ad-
ditional columns, including trajectory ID, store the semantic
attributes associated with the trajectory. Lastly, key-value
DB-based implementations encode keys as a combination of
trajectory ID and spatiotemporal attributes, and semantic at-
tributes are serialized in the data value.

Finally, multimodel approaches encapsulate both the ge-
ometry and semantics of mobility data using different data
models. For instance, the relational model stores raw GPS
trajectories, while the graph model captures various seman-
tic properties.

By generalizing the aspect concept, MATs represent a new
view of trajectories and a new paradigm for mobility data.
The MasterMobilityDB differs from the state-of-the-art by
being the first proposal for persistence and manipulation of
MATs. We adopt a MOD based on the OR technology as
the basis for MasterMobilityDB (i.e., MobilityDB) to take
the advantage of the reusability principle for extending the
MobilityDB data model as well as its data access methods.

4 MasterMobilityDB

MasterMobilityDB is a MAT data management layer on top
of MobilityDB DB Management System (DBMS). Figure
3 gives an overview of the stack of DB technologies on
which MasterMobilityDB is based. MobilityDB, in turn,
was built over PostGIS DBMS, which is an extension of
the PostgreSQL relational DB for managing georeferenced
data. Each component on this stack of DB technologies pro-
cesses a part of a MAT according to the data types it supports,
and communicates with the others through available APIs.
PostgreSQL handles alphanumeric data, relationships, refer-
ential integrity, and transactions. PostGIS treats geometries
and spatial operations. MobilityDB handles raw trajectories
and, finally, MasterMobilityDB is based on the Master data
model.
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Figure 3. MasterMobilityDB overview. [Feller, 2023]

4.1 Design issues

MasterMobilityDB implements several issues to efficiently
support the persistence and manipulation of MATS, such as
ADTs, tables and methods. Such objects are organized into
logical groups using DB schemes, providing a way to sep-
arate different parts of the development according to their
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Figure 4. Part of the MasterMobilityDB logical data model.

purpose. The schemes are as follows: (i) Master: the ob-
jects that support the Master model and extensions Mas-
ter DR and Master SG; (ii) partitions: physical segmen-
tation of high-volume tables; (iii) util: methods used in
ETL procedures; and (iv) staging: user-developed ETL pro-
cedures; v Master_dr [Mello et al., 2021] introduced the
modeling of dependency rules (DRs) as patterns discov-
ered on data present in MATs datasets; mat_sg [Machado
et al., 2022] for MAT summarizing, which determines rep-
resentative points generated from a set of MATs with rep-
resentative values for each aspect and whose sequencing
generates representative trajectories. The source code for
MasterMobilityDB, as well as its API, are available at
https://github.com/ffeller/MasterMobilityDB.

In order to design MasterMobilityDB, we consider spatial
data types offered by PostGIS and the TGeomPoint type in-
troduced in MobilityDB for the persistence of raw trajecto-
ries. Based on these spatiotemporal data types, MasterMo-
bilityDB defines a series of ADTs, i.e., composite data types
that mirror the Master model. An example of an ADT is
aspect, which holds six attributes: (i) aspect id, an integer
that identifies the aspect; (i) a variable character (descrip-
tion); (iii) two float values (x and y representing spatial co-
ordinates); (iv) a timestamp (t); (v) the space_time flag (inte-
ger), which indicates the aspect’s nature (spatial, temporal,
spatiotemporal) or semantic, and; (vi) aspect_type_id, an in-
teger value that is a reference to a key in the corresponding
aspect_type relation.

A key-design issue we consider in the definition of the
MasterMobilityDB logical data model is the double repre-
sentation of trajectory points, as shown in Figure 4. For the
MAT representation, we consider the TGeomPoint type, as
stated before (the RAW _TRAJECTORY attribute in the MAT
table). This specific MobilityDB data type is efficient for
filtering and querying conventional raw trajectories. Never-
theless, we also define the POINT table in order to allow the
association of aspects that are specific to a trajectory point,
like a point that holds a POI. This is in consonance with the
Master model, giving flexibility to bind aspects to parts of a
trajectory besides the whole trajectory.
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In order to simplify the manipulation of MATSs, we also
design several methods for MasterMobilityDB. These meth-
ods were implemented within the Master and util schemes as
procedures and functions in MobilityDB’s PL/SQL language.
Since the volume of data tends to increase, something consid-
ered in the layer design is the manipulation of several tuples
in one operation, like create_many(), which inserts several
tuples in one method call. As an example, Table 2 shows the
main methods for the aspect ADT.

Table 2. Examples of methods for the aspect ADT

Method Parameters Description

aspect_count() counts tuples

aspect_create() inout aspect_typ creates one tuple

aspect_create_many() inout aspect typ[]  creates tuples

aspect_delete_many() in aspect_typ[] deletes tuples

aspect_delete_all() delete all tuples

aspect_delete by id() in integer deletes a tuple by PK id
aspect_delete_by name() in varchar deletes a tuple by name
aspect_find_all() finds all tuples
aspect_find_by_id() in integer finds a tuple by PK id
aspect_find_by name() in varchar finds a tuple by name

aspect_update() inout aspect_typ[]  updates a tuple

4.2 Functionalities for improving data access
performance

The integration of motion data and alphanumeric data, as
well as the transformation of this large volume of data into
useful information, is usually complex and expensive. In this
sense, MasteMobilityDB adopts valuable features inherited
from MobilityDB for loading, querying, and building MATs:
(i) object partitioning, (ii) temporary tables, (iii) external ta-
bles, and (iv) specialized indexes. They are detailed as fol-
lows.

For datasets that generate large volumes of MATSs, tables
such as MAT or Point from the Master model can be di-
vided into smaller objects called partitions. It performs better
when accessing these tables and their indexes, as it is propa-
gated to the partitions using parallelism. For this purpose, the
create_partitions_by date() and drop_partitions_by date()
methods are in the util schema described in Table 3. With
this, partitions are created in the partitions schema accord-
ing to the period and interval (i.e., day, week, month, year).
Table 3 also shows other methods of the util schema.

A temporary table in MobilityDB is a table that exists for
a session in the DB and is automatically deleted when the
session is closed. They help to store intermediate results
within a specific context. In MasteMobilityDB, temporary
tables are widely used in complex queries to manipulate a
large volume of tuples. The strategy here is to divide a com-
plex query into more straightforward queries that have their
results stored in indexed temporary tables. It provides supe-
rior performance and lower resource consumption.

External tables (or Foreign Data Wrappers (FDW)) is a
practical feature of MobilityDB that allows working with re-
mote data or data in other formats, such as CSV files, spread-
sheets, and JSON documents. FDWs enable the definition
of external tables that access these remote data sources and
integrate them into a single DB. For MasteMobilityDB, exter-
nal tables are essential when mapping data from CSV files.
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Table 3. Utility methods for ETL procedures

Method Parameters Description

create_partitions_by date  p_schema, p table, Creates parti-
p_start, p_end, tions for relation
p_column, p_schema.p_table
p_interval, for the period.
p_partschema

drop_partitions_by_date p_schema, p_table, Drops parti-
p_start, p_end, tions of relation
p_interval, p_schema.p_table
p_partschema for the period.

disable fks p_schema text, Disables FKs for the
p_table text relation.

enable fks p_schema text, Enables FKs for the
p_table text relation.

disable_indexes p_schema text, Disables indexes for
p_table text the relation.

enable_indexes p_schema text, Enables indexes for
p_table text the relation.

reset_sequence p_schema text, Resets sequence’s
p_table text value.

Resets all se-
quences’s values.

reset_sequences p_schema text

When implementing ETL processes, the following settings
must be configured: (i) the directory of input files; (ii) a user
mapping and permissions; and (7ii) an external table for each
file. This strategy makes easier to work with input data with-
out managing it in regular tables, and can be combined with
temporary tables.

Finally, GiST (Generalized Search Tree) and SP-GiST
(Space-Partitioned Generalized Search Tree) offer special-
ized trajectory indexing Capabilities. The query optimizer
can automatically choose GiST or SP-GiST indexes with-
out programming intervention. In MasteMobilityDB, MAT
queries can be resolved efficiently using alphanumeric in-
dexes for aspects and attributes as a primary filter, and GiST
or SP-GiST indexes are considered to accelerate operations
and searches over spatiotemporal data, providing the system
with speed and agility.

4.3 Examples of queries

MasteMobilityDB extends the query capabilities of Mobili-
tyDB by allowing queries involving the semantic dimension
besides queries over raw trajectories, which are limited to
spatiotemporal dimensions. Some examples of queries are
presented in Figure 5. They show the usage of new proper
MasteMobilityDB methods that allow filters over semantic
aspects and their relationships with the main spatiotempo-
ral Master data model entities (moving objects, MATs, and
points). A complete list of MasteMobilityDB query opera-
tions is available at Feller [2023].

Query 1 selects MATs whose sequence of points con-
tains the 'Green City Hotel and 'Viktoriapark’ POls, which
are aspects, together with the sequence of visited locations,
the distance traveled being returned by the MobilityDB
LENGTH() method and the trajectory geometry by the Mo-
bilityDB TRAJECTORY() method. The use of semantic an-
notations for POIs and the usage of the MasteMobilityDB
POINT FIND BY ATTRIBUTE() method allows a more ef-
ficient implementation of the query because it avoids POI
and trajectory geometry comparison.

Query 2 presents a nearest-neighbor query where both the
reference and the candidate objects are moving objects that
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Query 1

WITH POI_PASSED (
SELECT P.MAT_ID
, BRRAY_AGG (ASP.DESCRIPTION ORDER BY P.T) POIS
, ST_UNION (ARRAY_AGG (ST_TRANSFORM(
ST_SETSRID (ST_MAKEPOINT (ASP.X, ASP.Y), 4326), 5676)
ORDER BY P.T)) COCRD
FROM POINT FIND_BY ATTRIBUTE('POI', NULL, NULL) P
CROSS JOIN LATERAL UNNEST (P.ASPECT_A) ASP
GROUP BY P.MAT_ID
) SELECT P.MAT_ID, LENGTH (M,RAW_TRAJECTORY), P.POIS
, TRAJECTORY (M.RAW_TRAJECTORY), P.COORD
[FROM POI_PASSED P
INNER JOIN MAT M USING(MAT_ID)
[WHERE P.POIS (>
CAST(ARRP’[ Gree

SELECT MAT_ID, DURATION(M.RAW_TRAJECTORY) DURATION

The well-known Gowalla [Cho et al., 2011] trajectory dataset
was considered: Gowalla is a location-based social network-
ing website where users share their locations by checking
in. The friendship network comprises 196591 nodes or users
and 950327 edges or relations between them. This dataset
includes long-term check-in data worldwide collected from
Gowalla API. It has collected 6,442,890 check-ins from these
users between February 2009 and October 2010. It contains
files in CSV format with eight columns, as shown in Table
4. The dataset was imported into Secondo DB and Master-
MobilityDB (MMDB), generating 174,531 trajectories calcu-
lated weekly from real user check-ins with at least ten points.
The average record length of the input data was 2,786 bytes,
with a total size of 424,108,032 bytes.

Table 4. Data from the Gowalla dataset

WITH MAT1 AS (
SELECT T1.MC_ID, T1.MAT ID, T1.RAW_TRAJECTORY
FROM MAT T1
JOIN POINT_FIND_BY_ASPECT('region', '74') P USING (MAT_ID)
), TRIPDISTANCES AS (
SELECT T1.MC_ID AS MO_ID1, T1.MAT_ID AS MAT ID1,
T3.MO_ID AS MO_ID2, T3.MAT_ID AS MAT_ID2, T3.DISTANCE
FROM MAT1 T1 CROSS JOIN LATERAL (
SELECT T2.MO_ID, T2.MAT_ID,
MINVALUE (T1.RAW_TRAJECTORY <-> T2,RAW_TRAJECTORY)
AS DISTANCE
FROM MAT1 T2 WHERE T1.MO_ID < T2.MO_ID AND
PERIOD (T1.RAW_TRAJECTORY) && PERIOD(T2.RAW_TRAJECTORY
ORDER BY DISTANCE LIMIT 3 ) AS T3
SELECT T1.MO_ID, T1.MAT_ID, T2.MO_ID, T2.MAT_ID, TD.DISTANCE
FROM MAT T1 JOIN MAT T2 ON T1.MO_ID < T2.MO_ID
JOIN TRIPDISTANCES TD ON T1.MO_ID = TD.MO_ID1
AND T1.MAT_ID = TD.MAT_ID1 AND
T2.MO_ID = TD.MO_ID2 AND T2.MAT_ID = TD.MAT_ID2
ORDER BY T1.MO_ID, T1.MAT_ID, T2.MO_ID, T2.MAT_ID;

Figure 5. Examples of queries executed by MasteMobilityDB.

have passed by region 74 (an aspect), which can be accessed
by the the MasteMobilityDB POINT FIND BY ASPECT()
method. The query starts by computing the nearest-
neighbors in a MobilityDB temporary table TRIPDIS-
TANCES. Then, the main query verifies for each pair of trips
T1 and T2 where both belong to TRIPDISTANCES.

Finally, in Query 3, trajectories of passenger vehicles (a
moving object aspect) are returned with the aid of the Maste-
MobilityDB MOVING OBJECT FIND BY ATTRIBUTE()
method. Their related trips are filtered using the EXTRACTY()
method, which returns the day of the week, and the Mobil-
ityDB DURATION(), SPEED(), LENGTH(), and TRAJEC-
TORY() methods, which return the trajectory duration, speed,
distance, and geometry, respectively.

5 Experimental Evaluation

We provide an experimental evaluation of MasterMobili-
tyDB by comparing the time performance of data operations
against the symbolic trajectories model offered by Secondo
DB, the state-of-the-art in terms semantic trajectory DBMS.

, LENGTH (M.RAW_TRAJECTORY) /1000 DISTANCE
, TWAVG (SPEED (M.RAW_TRAJECTORY) ) #3,6 SPEED # Description MMDB Secondo
, TRAJECTORY (M.RAW_TRAJECTORY) TRAJECTORY - - - -
FROM MOVING_OBJECT_FIND_BY_ATTRIBUTE ( 1 User ID (anonymized) Moving Qb_]ect Attribute
'ehi n enger') MO 2 UTC time MAT/Point RT Att.
WHERE EXTRACT (DCW FROM Il- M;? B;ll ‘; . USING [NC Ij} 3 Latitude MAT/Point RT At
AND DURATION (M. RAW_TRAJECTORY) ’ 4  Longitude MAT/Point RT Att.
BETWEEN INTERVAL ' E 5  Location ID (Gowalla) Aspect Sem. Att.
AWD INTERVAL '3 ! ) 6  Location cat. ID (Gowalla) Attribute Sem. Att.
AND LENGTH (M.RAW TR}‘\J,_.CTO'IY} 000 < 20.0; - -
7  Location cat. name (Gowalla)  Attribute Sem. Att.
Query 2 8  User ID (related) MO Relationship ~ Sem. Att.

For Secondo DB, a CheckinSymTraj table was created to
hold user trajectories. It contains an User ID that identifies
the moving object, and a RT attribute to hold the weekly raw
trajectory built by the aggregation of Latitude, Longitude,
and UTC time. Besides RT, some semantic attributes were
defined to label some Location aspects, as stated in Table 4.

Table 5. Queries for Gowalla dataset

# Description

1 How many trajectories exist for each user with 400 or more connec-
tions?

2 Where have the users connected to User 1802 been at each instant
from Instants?

3 Which user IDs are related to Users who passed the POIs from Lo-
cations?

4 What is the minimum distance between places in the perimeter of
50km of point with coordinates 18.0580794811 and 59.3301577,
where ten users, with at least 400 connections, were and another
ten?

5 What are the pairs of user IDs within 10m or less of each other?

6 What are the IDs of the users who reached the POIs before all users
during the entire observation period?

7 What do users travel the total distances with User IDs with at least
400 connections during each interval from Periods?

8 What does a user travel the greatest distance during each interval
from Periods?

9 When and where did users with User IDs meet other users (distance
< 3m), and what are these last IDs?

10 Which users passed by a POI point from Locations in one of the
Instants?

11 Which users found themselves at a point from Locations in an in-
stant of Instants?

12 Which users passed by one of the Regions during each interval from
Periods?

13 Which users passed by one of the Regions in an instant of Instants?

14 Which users passed a point from Points during a period from Peri-
ods?

15  List the pairs of users that were both located within a region from
Regions during a period from Periods.

16 List the first time at which a user visited a point in Points?

17 How long does building MATs from the Gowalla dataset take?
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For MasterMobilityDB, a Location was mapped to an as-
pect with a Location Category ID, and Location Category
Name added to the Attribute table. In turn, MATs were cre-
ated in a same way of Secondo DB, i.c., generated by the
aggregation of the same CSV colunms by User ID and week.
Additionally, the intersection of the Locations’ geometries
with MAT and points generated the relationships from the
Location aspect with MAT and Points table.

For this experiment, we collect the execution mean times
for 16 queries, three times each, as well as the load time, as
shown in Table 5. Tables 6 and 7, in turn, shows the query
execution times for MasterMobilityDB, Secondo, as well as
the difference. To avoid been exhaustive, we do not show
the implementation of each query in MasterMobilityDB and
Secondo DB. The queries comprise combinations of alphanu-
meric, temporal, spatial, and spatiotemporal predicates, op-
erations, and aggregations over the data, and the specified
query filters allows to test a wide range of index structures,
access methods, and spatiotemporal operators.

Computing times were achieved on an Intel Core 17 2.8
GHz computer with 16 GB RAM and 512 GB HD, running
Ubuntu 22.04. Measurements are carried out by varying the
considered percentage of the input data sample: 10%, 40%,
70%, and 100%.

Tables 6 and 7 presents the query execution times in sec-
onds for MasterMobilityDB (MM), Secondo DB (Sec), and
the spent time difference (Dif). The 10% sample has shown
close values, but for higher samples, the difference was
more significant in favor of MasterMobilityDB. It can be ex-
plained by the way Secondo DB persists semantic data in
terms of labels, dealing with one semantic aspect at a time.
So, all semantic complex attributes that hold these labels
must be searched for queries that involve multiple aspects to
check if the aspects occur together. On the other hand, Mas-
terMobilityDB models the semantic dimensions as aspects
and attributes, which permit access to any information for
the moving objects, as well as their MATs and points. In-
stead, load time (Query 17) was slightly lower for Secondo
DB due to the few number of tables to insert data. Further-
more, all experiments were conducted in the same manner in
both databases, including the creation of indexes to optimize
queries and the use of temporary tables to pre-process parts
of the results.

6 Conclusion

Mobility data management and analysis have emerged in the
last decade as a very active research domain addressing di-
verse issues such as clustering, integration, mining, index-
ing, persistence, and privacy. While previous research fo-
cused on processing raw trajectories collected from sensors
and GPS devices, for example, recent research focuses on
methods for enriching a trajectory with more contextualized
and application-oriented information. Adding semantics to
movement data brings enormous potential for the analysis
of mobility-related phenomena. For example, understanding
why and how people and animals move, what places they
visit and for what purposes, what their activities are, and
what resources they use is extremely important for decision-
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Table 6. Query execution times over MATSs for Gowalla dataset
Qry 10% 40%

# MM  Sec Dif MM Sec Dif
0.02 0.05 -0.03 0.02 0.07 -0.05
0.02  0.07 -0.05 0.03 0.10 -0.07
0.07  5.68 -5.61 0.05 25.87 -25.82
0.05 0.13 -0.08 0.05 0.21 -0.17

00| A | | | W] —

0.05 0.12 -0.07 0.05 0.17 -0.12
0.13  7.28 -7.14 0.20 41.68 -41.48
0.02 18.61 -18.60 | 0.03 26.86 -26.83
0.08  0.20 -0.12 0.23 0.68 -0.45
9 0.03 041 -0.38 0.03 5.68 -5.64

10 0.12  0.40 -0.28 0.23 1.96 -1.73
11 257  1.02 1.55 2.10 6.55 -4.46
12 1.06  0.30 0.76 3.56 1.19 2.38
13 2.64 0.83 1.82 2.71 3.12 -0.41
14 233 097 1.35 2.36 3.38 -1.02

15 1.04 2526 -2422 | 7.71 99.66  -91.95
16 0.17  0.31 -0.15 0.45 1.09 -0.64
17 9.83 241 7.43 42.60 1147 31.14

Table 7. Query execution times over MATs for Gowalla dataset

Qry 70% 100%

# MM Sec Dif MM Sec Dif

1 0.02 0.07 -0.05 0.03 0.08 -0.05

2 0.03 0.10 -0.07 0.07 0.13 -0.07

3 0.05 25.87 -25.82 | 0.07 77.63 -77.57
4 0.05 0.21 -0.17 0.07 0.31 -0.25

5 0.05 0.17 -0.12 0.07 0.41 -0.35

6 0.20 41.68 -41.48 | 0.23 137.64  -137.41
7 0.03 26.86  -26.83 | 0.07 28.79 -28.73
8 0.23 0.68 -0.45 0.59 1.91 -1.32

9 0.03 5.68 -5.64 0.07 32.46 -32.39
10 0.23 1.96 -1.73 0.41 7.97 -7.56
11 2.10 6.55 -4.46 2.95 3491 -31.96
12 3.56 1.19 2.38 9.01 4.52 4.49

13 2.71 3.12 -0.41 2.76 9.60 -6.85
14 2.36 3.38 -1.02 22.23 10.71 11.52
15 7.71 99.66  -91.95 | 37.39 25440 -217.01
16 0.45 1.09 -0.64 1.42 2.76 -1.34
17 7537 20.53  54.85 109.23  30.20 79.04

making, particularly for public authorities responsible for
managing society.

Within this context, this work addresses an important is-
sue that has not tackled by the literature: the persistence of
MATSs based on the pioneer data model in the literature called
Master. The purpose here is to store and manipulate unlim-
ited semantic data about mobility, where the representation
and query of MATs are considered from a DB perspective.
We materialize our solution, called MasterMobilityDB as an
extension of a comprehensive raw trajectory DBMS called
MobilityDB. New ADTs and an API dedicated to the rep-
resentation and manipulation of MATs, respectively, were
developed. An experimental evaluation comparing Master-
MobilityDB against the state-of-the-art in terms of DBMS
for management of semantic trajectory data demonstrates the
feasibility and superior time performance for querying MAT
data.

Mobility data has multiple applications, with bigdata ana-
Iytics and data mining standing out. We consider MasterMo-
bilityDB as a basis for several future projects related to MAT
data management. One ongoing work in our DB research
group is the support for MAT data integrity constraints, i.e.,
to allow the definition and guarantee of some classes of in-
tegrity constraints over MAT data without introducing a sig-
nificant overhead in data management. Another study in
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progress is the support for MAT data analytics through the
modeling of specific machine learning methods that could
be applied over MAT entities, as well as the persistence of
analysis results. Future work on creating new utility routines
in MasterMobilityDB that assist in applying methods, such
as clustering and classification, related to such applications
is of great value. Among these utility routines, we can men-
tion the creation of ETLs from the Master model generating
dataframes and datasets.
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