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1 INTRODUCTION

Cities worldwide have agreed to ambitious goals regarding carbon
neutrality and GHG emissions. Based on this ambitious roadmap,
smart cities face challenges regarding active and shared mobility
owing to public transportation’s low attractiveness and lack of real-
time multimodal information for citizens (that integrates public
transport). These struggles have increased the community’s lack
of awareness of their mobility choices’ carbon footprints and low
motivation to change habits.

Although there have been efforts to offer solutions to raise aware-
ness among citizens, individual perceptions can be different. Cit-
izens leave their carbon footprint depending on their transporta-
tion and mobility patterns. Therefore, an increasing need exists to
leverage an individual’s data to promote a user-specific solution.
Nonetheless, many consumers are reluctant to use third-party solu-
tions that may compromise their personal or private data because
of their lack of privacy guarantees.

With this, our solution is built on top of three main pillars, namely:
(i) state-of-the-art mechanisms to safeguard data collected from
smartphones by not sharing private/sensitive data with any cloud
service [3, 5]; (ii) compliance with European best practices in us-
ability, accessibility and explainable Al to clarify in an understand-
able way how the data is being processed and how the results are
achieved, and, finally, (iii) building up the experience on gamifica-
tion and habit changing to promote incentives (rewards, vouchers,
among others) to encourage the community to opt for sustainable
trip choices as well as to create more awareness.

This study proposes a solution that promotes personalized and
sustainable travel behaviors while preserving data privacy and in-
creasing user trustworthiness. Focusing on the practical usage of
Federated Learning (FL) in fully distributed environments, Explain-
able AI (XAI), and mobile environments, this solution is built upon
users’ data to provide users with global knowledge about their
carbon footprint.

Machine Learning (ML) models are built to predict user modal
choice by considering standard sensor data from smartphone de-
vices (GPS/GNSS, accelerometer, etc.). The predicted results are
then used as input to a second model for GHG emissions, which
estimates the users’ carbon footprint.

2 DESIGN OVERVIEW

The design goal of this solution is to leverage ML models to un-
derstand users’ mobility patterns and their chosen transportation
modes. By following a FL distributed setting, it is intended that
an ML model deployed locally in each user’s mobile device infers
and trains with the users’ data. While training the models locally
with each user’s individual data, FL also assumes a global model
in a centralized server that is updated regularly. Briefly, N users

share their gradients with this centralized server which aggregates
the shared information and sends a new batch of gradients for all
connected users. The user’s local model uses the received gradients
in the next iteration. Moreover, privacy is guaranteed by resorting
to Differential Privacy. Adding a predefined amount of noise to a
user’s data or parameters guarantees that such information cannot
be disclosed. Nonetheless, finding the correct amount of noise for
privacy-preserving data while maintaining the accuracy of each
local model is challenging.

As inferred from the model, the transportation mode of each user is
later used to calculate its carbon footprint and GHG emissions. This
approach increases the user’s awareness of their global emissions
from transportation and promotes a change in the users’ mobility
patterns.

Even though privacy-preserving user data is one of the main focal
points, users usually want to understand how their data is leveraged.
Explainable Al stems from this requirement and allow users to
understand which data is being used as well as what is the real
impact on the trained models and the output of these models. The
proof-of-concept solution was implemented on top of Flower [1]
and SHAP [2] and the ML models were trained using GeoLife GPS
trajectories [4].

3 FUTURE DIRECTIONS

Differential privacy has been proving itself as a resourceful solution
for offering privacy-preserving solutions. Nonetheless, the trade-off
between the models’ accuracy and data privacy is a focal point for
offering these solutions. A study understanding the correct point
of balance and optimising the end results, is, therefore, an impor-
tant future research direction. Also, the proposed proof-of-concept
could profit from validation from real-world scenarios and the focus
should rely on real-world datasets and specific communities that
benefit from different transportation modes.
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Figure 1. Pipeline of the full proposed methodology.

We propose a methodology that:

1. Detects and classifies transportation modes based
on ML/DL models.

2. Estimates CO, emissions for each citizen (through

a daily carbon digest). Velocity
5. Ensures the privacy of citizens data.
4. Integrates Explainable AL to make data and models Distance

understandable for citizens.
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Figure 2. Explainability feature allows us to understand the
weight given to each feature to label each class.

 (GeolLife dataset was used to train and create general
Llabels for the transportation modes (e.g., car,
foot, bus). CO, EMISSIONS CO, SAVINGS

« The system was tested with 10 clients, achieving
around 75% accuracy.
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4. Future Directions
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« Study the trade-offs between data privacy and models
accuracy when applying differential privacy. Figure 3. CO, emissions (left) and CO, savings (right) of a

e Assess with realistic scenarios and datasets.

user commuting with a diesel car, gasoline car and a bus.
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