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Abstract—With the rapid increasing availability of information
and popularization of mobility devices, trajectories have become
more complex in their form. Trajectory data is now high
dimensional, and often associated with heterogeneous sources
of semantic data, that are called Multiple Aspect Trajectories.
The high dimensionality and heterogeneity of these data makes
classification a very challenging task both in term of accuracy
and in terms of efficiency. The present demo offers a tool,
called AUTOMATISE, to support the user in the classification
task of multiple aspect trajectories, specifically for extracting
and visualizing the movelets, the parts of the trajectory that
better discriminate a class. The AUTOMATISE integrates into
a unique platform the fragmented approaches available in the
literature for multiple aspects trajectories and, in general, for
multidimensional sequence classification into a unique web-based
and python library system. We illustrate the architecture and
the use of the tool for offering both movelets visualization and a
complete configuration of classification experimental settings.

Index Terms—data mining, python, trajectory classification,
trajectory analysis, movelets

I. INTRODUCTION AND MOTIVATIONS

Mobility data can be represented as a series of spatial in-
formation sorted by chronological order recording the moving
object position, called moving object trajectories. Mobility
data representation and analysis have many applications in
real life, such as studying the movement of people, vehicles,
ships, hurricanes and animals. A typical analysis task is the
classification of trajectories like examples the inference of the
transportation mode (e.g. car, bus, bike) [2], the strength level
of a hurricane [5], a vessel type (e.g. cargo, fish, tourism, etc)
[5], or the user of a trajectory [4].

With the rapid increasing availability of information and
popularization of mobility devices, trajectories are often asso-
ciated with heterogeneous sources of semantic data, leading
to the concept of Multiple Aspect Trajectories [7], [8] where
different semantic dimensions, called aspects can be associated
to trajectories parts. The heterogeneous dimensions can be
of many types, for instance, the spatial dimension type is
composed by the latitude and the longitude, that represent a
real position in space. The spatial dimension can be associ-
ated to time, and can generate numerical features as speed,
acceleration, traveled distance, etc. The spatial position also

can be associated to a POI name or category (e.g Hotel,
School, Restaurant), and the price and rating of the place.
The trajectories can be associated with the weather condition,
user mood, day of the week, and so on. Any data that can
be represented as multiple aspect trajectories is compatible
with our framework, such as the multivariate time series,
therefore from now on we will refer to multiple aspects
trajectories also referring to multidimensional sequential data.
The classification of such multidimensional objects is a very
challenging task both in term of accuracy and efficiency.
Movelets has been recently proposed [4] as a possible solution
to this challenge. Movelets are subtrajectories of multiple
aspects trajectories (thus including a subset of points and/or
semantic dimensions) that can represent a class behavior and,
therefore, can better discriminate classes in the classification
task. Movelets can improve the classification task in efficiency
while preserving good accuracy since classifiers can be run on
the movelets only disregarding the whole dataset. Movelets can
be several in number and complex to understand due to the
high dimensionality, therefore a proper tool for visualizing and
analyse movelets is needed to give insights about the behaviour
of the classes for data analysts.

Frameworks capable of trajectory data visualization as
SCIKIT-MOBILITY1 and GEOPANDAS2 provide managing and
analysis tools based on the raw spatio-temporal data. How-
ever, the multiple aspect trajectory analysis, due to intrinsic
complexity of the data, need more specific tools that could
offer visualization associated with patterns discovered from
multidimensional data. Moreover, another fundamental issue
is how to make understandable the patterns extracted from
such high dimensional data.

Movelet-based trajectory data mining faces the following
major challenges:

1) Visualizing the high dimensional data;
2) Visualizing the movelets associated to the trajectory

data;

1https://github.com/scikit-mobility/scikit-mobility
2https://doi.org/10.5281/zenodo.705645

https://github.com/scikit-mobility/scikit-mobility
https://doi.org/10.5281/zenodo.705645


3) Providing the user with a unique platform for accessing
the different tools available for movelet extraction and
trajectory classification.

This demo paper faces these challenges by introducing
the framework AUTOMATISE, an interactive web-system and
python library that provides a friendly interface to run multiple
aspect trajectory classification and analysis. More precisely,
the system provides tools to: (1) configure the experimental
environment, (2) select movelets extraction methods, (3) run
different classifiers, (4) summarize and visualize the results. As
an example, AUTOMATISE can be used by a data analyst for
wildlife monitoring, since he/she can visualize and compare
movelets extracted from animal trajectories to classify species
moving patterns.

It is worth pointing out that the present tool can be useful
not only for multiple aspects trajectories but also in a more
general setting of Multivariate Time Series data mining.

As a contribution to the research community, we make
available AUTOMATISE3 as an online web application and as
a Python library to provide developers and data analysts with a
comprehensive platform for classification of multidimensional
data.

II. SYSTEM ARCHITECTURE

The AUTOMATISE framework is available as a library in
Python that can be easily imported in scripts or notebook
coding, and as an interactive web-platform that integrates
public datasets, classification methods, and experimental re-
sults. The prototype web-platform is currently working with
public datasets of multiple aspect trajectories, spatio-temporal
trajectories, and time series datasets4.

The architecture of AUTOMATISE is shown in Figure 1,
and it is composed of five main modules: Data Preprocessing,
Scripting, Analysis, Results and Visualization Tools described
below.

Automatize

Python Web-interface

Preprocessing AnalysisScripting Visualization

Datasets experimental_history.csv

- preprocessing.py - script.py

- run.py

- analysis.py

- classifiers.py

Results
- results.py - visualization.py


- movelets.py

Fig. 1. The architecture of AUTOMATISE platform.

Data Preprocessing: module capable of reading and writing
trajectory datasets in three formats: (i) sequential data in
comma separated values, (ii) sequential data in cache format
zip files, and (iii) multivariate time series files format. It
provides methods for hold-out splitting and joining the data,
k-fold data split, format conversions, and dataset statistics;

3Platform and source codes: https://github.com/ttportela/automatise
4From https://archive.ics.uci.edu/ and http://timeseriesclassification.com/

Scripting: the scripting module provide functions to gener-
ate command line scripts for running methods and classifiers.
Available methods to generate scripts include methods devel-
oped in: [1], [3], [4], [6], [8]–[12], but it can be easily extended
with other methods;

Analysis: provides python implementation of classifiers
for multiple aspect trajectories and movelet-based methods:
MARC [6], POI-F [10], Multilayer Perceptron (MLP), Ran-
dom Forest (RF), Decision Tree (DT), and Support Vector
Machine (SVM) (implemented in [4]);

Results: the module provides functions to read and compile
statistics from the experimental resulting files, such as running
time and accuracy. The web interface will read a result file pre-
computed in [8]. Again, this can be easily extended to other
results files;

Movelets Visualization: library of tools that provides visu-
alization schemes for movelets as Sankey diagrams5, Markov
chain6, and a tree visualization.

III. USERS, INTERACTIONS AND DEMONSTRATION
SCENARIO

AUTOMATISE has a friendly web-interface that allows the
user to interact with most of the functions from the Python
library. Thus, the user can perform the following activities:
a) trajectory and movelet visualization, b) public dataset
review and analysis, c) results exploration, d) experimental
environment preparation, and e) related publications review. It
is important to highlight that the web-interface scalability is
limited to the browser and web server resources. It is a limit
that the user has to manage as large datasets will be very hard
to load and visualize.

We describe each interface below. However, we emphasize
that there is no specific order in the use of these interfaces
and they can be employed as the user needs. For example,
if the movelets have already been extracted, he/she can open
the movelets visualization interface, while if the user needs to
configure an experimental environment, he/she can open the
Experimental Environment interface.

a) Trajectory and Movelet Visualization: the main fea-
tures provided by the AUTOMATISE platform are the vi-
sualization tools for trajectory data and movelets. The user
can drag-and-drop trajectory datasets and movelet files to the
Movelet Visualization tool. For instance, the Movelet Sankey
diagram in Figure 2 shows movelet sequences, where the
first column are the classes and the subsequent columns refer
to movelet sequences together. More precisely, the diagram
shows the movelet point values in each column and how many
movelets contain that value. Thus, following the paths from
the first column, the user can visualize the interaction among
the different classes.

The AUTOMATISE platform provides the following four
types of trajectory and movelet visualizations:

Statistics: display statistics of the trajectories (number of
trajectories, attributes, trajectories by class, trajectory sizes,

5https://en.wikipedia.org/wiki/Sankey diagram
6https://setosa.io/ev/markov-chains/
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https://archive.ics.uci.edu/
http://timeseriesclassification.com/
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https://setosa.io/ev/markov-chains/


Fig. 2. Movelets visualization interface as Sankey diagram.

and descriptive statistics by each dimension). When import-
ing movelet files, it displays descriptive statistics about the
movelets by class, such as the quality, sizes, and used features;

Trajectories and Movelets: displays the trajectory data in
each dimension, ordered by the sequence of points. The trajec-
tory points that are present in movelets (for each dimension)
are highlighted. The user can interact by selecting the range
of trajectories and the dimensions to display. It is important
to highlight that the interface allows the user to visualize
trajectories and its movelets together;

Movelets: this interface displays the movelets of one se-
lected trajectory (Figure 3). The trajectory points are here dis-
played aligned with its movelets. This visualization shows the
position in the trajectory where the movelets were extracted, or
they best fit. The user can look for insights from the movelet
patterns that could characterize the class behaviour;

Movelets Graph: provides three forms of graphical visual-
ization of the movelets, where the user can select the movelet
range, the dimension to display, and the visualization type: The
Movelet Sankey Diagram (Figure 2) is a visualization tool used
to show the movelet sequences flowing from one set of values
to another. It depicts the movelet sequences, starting by the
class label, in an interactive way to show how the movelets
can inter-connect;

The Movelet Markov Chain shows how the movelet patterns
flow from one point to another as a directed graph network.
The user can visualize the points, and the sequences that
connect these points inside movelets. For example, in Figure 5
we selected the attribute Category of the Point of Interests and
verified that in the movelets we have a frequent (22) sequence
of movements from and to Outdoor & Recreation, while
other less frequent sequences comes from Shops & Services
to Outdoor & Recreation and from Arts & Entertainment to
Outdoor & Recreation.

The Movelet Tree provides a tree view of the movelets

ordered by the higher quality value computed as F-Score [4],
and aggregated based on overlapping elements. In other words,
it displays the movelets in a top-bottom order of the most
relevant subtrajectories to the less significant. It is a simple
way of organizing the movelets that can help the user to
understand a class behaviour.

Fig. 3. Movelets visualization screen for selected trajectory.

b) Public Datasets Review and Analysis: the user can
browse information about the dataset, related publications,
methods and results. The system will dynamically read the
available dataset files, classify them by type and associate
each one with its descriptions. It dynamically shows published
works that uses the dataset, the best method in accuracy and
list files to download.

c) Results Exploration: The user can display a prede-
fined results file or can load a new results file in comma
separated values. The user can filter results and build rankings
of methods by selecting datasets, methods, and classifiers. The
rankings are build by accuracy, running time of the method
execution and classification running times. The displayed
results can be exported to a file.

d) Experimental Environment Preparation: the AU-
TOMATISE web-interface provides a section to generate an
environment for running the movelet extraction methods and
the classifiers. The user can configure many parameters to
generate the scripts for running the methods. First, it is
possible to set a root folder where the environment will be
installed. Then, the user can configure the path to datasets,
the datasets that will be used, the methods and a timeout for
each run (i.e., a time limit for the method to run). The user
also can provide the number of threads, memory limit, python
specific command, and method specific parameters. Moreover,
the user can opt to employ k-fold cross validations. The system
will generate all the folder structure, optionally including the
methods executable, and the script files to download in one
compressed file. (See Figure 4).

e) Related Publications Review: the publications section
in web-interface displays aggregated information about the pa-
pers for each available classification method. The information
in each paper reference is enriched with the datasets used,



the method user guide, examples of use, source codes when
available, executable files and citation reference.

Fig. 4. AUTOMATISE experimental environment preparation.

Fig. 5. Movelets visualization as Markov chain.

IV. CONCLUSIONS AND FUTURE WORK

AUTOMATISE is a platform providing both a web interface
and a python library that provides tools to perform trajectory
and multidimensional data classification task. This demo paper
has introduced some functionalities of the python library and
the interactions with platform’s web version. AUTOMATISE
is tailored for multiple aspects trajectories but also to more
general multidimensional sequential datasets and offers several
options to visualize trajectories and movelets, by hiding many
details of the python coding. This speeds up the task of
creating interactive visualizations that data analysts need to
compare, and offers unique views of the movelets that can
give insights to the data analyst.

Multiple aspects trajectories is a model general enough to
represent other domains, such as the multivariate time series,
event logs or genetic sequences. Thus, AUTOMATISE is an
open source platform that was designed to be easily extended
for other types of data and feature visualizations. We are
extending this prototype to incorporate SCIKIT-MOBILITY,
GEOPANDAS, and Time Series visualization tools.
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