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Introduction

Mobility data (MD) are everywhere. Smartphones and con-
nected cars, as well as tracking devices with GPS capa-
bilities, produce enormous amounts of spatiotemporal data.
Governments, businesses, and researchers use this data for
identifying transportation modes (Lee et al. 2008), ascertain-
ing user identities (Naini et al. 2016), and detecting suspi-
cious movements, etc.

The most similar field in the literature is time series (TS),
which involves streams of observations over a finite period.
TS research is more extensively explored, particularly in
classification tasks, where a wide variety of methods ex-
ist (Middlehurst, Schéfer, and Bagnall 2024). These meth-
ods can be summarized in 3 sets: (i) feature extraction meth-
ods based on task-specific ad-hoc mathematical formulas;
(ii) transformation-based algorithms that aim to represent
the data in a simplified yet effective data tabular-like format,
which can then be fed into general-purpose machine learn-
ing models; (iii) deep learning methods, which, despite be-
ing the most recent, have already demonstrated results com-
parable to the other two approaches.

Comparing TS with mobility literature, we can observe
that the former tends to focus more on report-style publi-
cations, emphasizing the results of the analysis rather than
the methodologies employed. Furthermore, an analysis of
the methodologies reveals that many articles still prioritize
defining ad-hoc pipelines to address specific tasks, which
hinders the reusability of the code (da Silva, Petry, and
Bogorny 2019). In contrast, other methods rely heavily on
opaque deep learning techniques, often requiring substantial
training data. This poses a significant challenge in the sector,
as there is a major issue regarding the availability of pub-
lic data due to privacy constraints. Continuing our compar-
ison with the TS literature, we observe that transformation-
based algorithms are underexplored. This is problematic
because transformation-based algorithms in TS serve sev-
eral crucial purposes: they are used for explainability(Landi
et al. 2023b; Ferrero et al. 2018), for enhancing performance
(Middlehurst, Schéfer, and Bagnall 2024), and for enabling
new types of data manipulation, ensuring specific properties
(Landi and Guidotti 2024).
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Another key challenge in MD analysis is achieving geo-
graphic transferability of models. A model trained on data
from one region may perform poorly when applied to an-
other due to differences in the road network patterns or pop-
ulation behavior. For example, a model optimized to classify
transportation modes in Philadelphia may not work well in
Rome, where road layouts and commuting habits differ sig-
nificantly.

During my PhD, I’'m focusing on developing fast,
reusable, and effective trajectory representations suitable
for multiple machine learning tasks, with an emphasis
on geographic transferability and interpretability. The first
method I worked on is the Trajectory Interval Forest (TIF)
(Landi et al. 2023a) (published at ACM SIGSPATIAL23).
It emerged from a survey where I collected and reimple-
mented the field’s most commonly used mathematical for-
mulas. Inspired by Middlehurst et al.’s work on time series
classification (Middlehurst, Large, and Bagnall 2020), TIF
transform the trajectory data into a tabular format by ex-
tracting features based on the collected mathematical for-
mulas from random positions of each trajectory. Despite its
simplicity, the method showed extremely good performance
across multiple public benchmark datasets and served as a
baseline for my future research.

TIF’s main limitation is that it relies on a finite set
of human-defined features. While it performs well across
benchmark datasets, specific tasks may exist where no suit-
able predefined feature exists. To address this, I began de-
veloping Geolet (Landi et al. 2023b) (Published at IDA23),
a shapelet-based transformation that has quickly become the
core of my thesis. A shapelet is a sub-sequence of a time se-
ries extracted from the training data with strong discrimina-
tive power for the analysis tasks. Geolet builds on this con-
cept with three key advancements: (i) the subsequence selec-
tion phase is tailored for spatiotemporal signals; (ii) Geolet
introduces multiple distance measures to account for incon-
sistent sampling rates; (iii) it proposes two strategies to “nor-
malize” subsequences, making them less dependent on spe-
cific geographic locations and improving geographic trans-
ferability. After selecting the discriminative subsequences,
Geolet transforms the input trajectory dataset into a ma-
trix representation, where each element reflects the maximal
similarity between a trajectory and the discriminatory subse-
quences. The result of this transformation can then be used



with every tabular-based machine learning model.

Geolet has demonstrated performance comparable to
SotA methods on classification tasks. Although it lags in
runtime due to the non-linear complexity of the similarity
function, it offers improved model interpretability, making
it a valuable trade-off in applications where understanding
the decision process is crucial.

To better understand why Geolet works, I'm currently in-
vestigating two hypotheses: (a) Is Geolet learning that a spe-
cific shape corresponds to a specific road in the road net-
work, thus hindering geographic transferability? (b) Is Geo-
let learning some latent trajectory feature tied to the road’s
shape? In order to validate these hypotheses, in (Landi and
Guidotti 2024), we addressed a preliminary question: Is it
possible to map-match a normalized shapelet, i.e., a sub-
trajectory, without knowledge of its original coordinates?
The study’s findings indicate that, given a shapelet, it is pos-
sible to reduce the space of all potential candidate roads by
up to 90%, with a probability greater than 85% that the re-
maining roads include the correct solution'. The paper has
been published in the BMDA workshop co-located with the
VLDB23 conference. The paper has been invited to submit
an extended journal version to Geoinformatica. The journal
version of the paper investigates the (a) and (b) hypotheses
by simulating trips using Eclipse SUMO for different vehi-
cle types, specifically cars and bicycles, across three cities:
Rome, New York, and Athens. These cities represent dis-
tinct road network topologies: curvilinear, grid-based, and
mixed. Early results show that Geolet can adapt to scenarios
where the target variable is influenced either by the city’s
structure (i.e., identifying the origin city of a trip?) or by
movement dynamics (i.e., distinguishing between cars and
bicycles). We further tested these models on different cities
from where they were trained, demonstrating that trajec-
tory normalization enables geographic transferability while
maintaining high performance.

Other ongoing work is to extend Geolet by proposing
rotation-invariant similarity measures and incorporating se-
mantically enriched trajectories (Ferrero et al. 2018). The
idea stems from the intuition that objects moving along
roads with similar characteristics and shapes should main-
tain consistent movement dynamics, regardless of the di-
rection of the movement. Inspired by (Musleh and Mok-
bel 2024), I'm also exploring trajectory discretization tech-
niques to enhance the efficiency and throughput of the pro-
posed methods. In collaboration with Prof. Pelekis from the
Data Science Lab at the University of Piraeus, Greece, |
am moving away from the classification task by working on
a framework for benchmarking event-based sub-trajectory
clustering through trajectory representation learning. This
problem involves clustering segments of trajectories that ex-
hibit common events, such as sudden braking or rapid accel-
eration, ignoring the spatial closeness the of trajectories.

!The experiments were conducted using real-world GPS traces
from OSM and the road network of the entire Tuscany region in
Italy.

normalizing the trajectories such as everyone start from coor-
dinates < 0,0 >
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Lastly, I contributed as a second author with my su-
pervisors on an explainable clustering method, ParTree
(published in DS 2023). I am also involved in ongoing
projects related to fair clustering, explainable model min-
ing (Guidotti et al. 2024), and benchmarking methods for
irregular time series classification.

To sum up, during the first part of my PhD, I proposed TIF
based on a survey of MD analysis, which served as one of
the baselines for my work. I then introduced Geolet, virtu-
ally the first shapelet-based method for raw MD, and began
investigating its capabilities and limitations. In the second
part of my PhD, I plan to integrate the MD transformations I
developed with the methods I am collaborating on, creating
interpretable pipelines for MD analytics. I will also invest
more time in deep learning, for example by using generative
models to produce the discriminative sub-trajectories used
by Geolet in the transformation.
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