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Abstract

Learning-based Methods for Optimising Shared Mobility Sys-
tems with Multimodal Data

Sen Yan

This thesis explores the use of learning-based methods in Shared Mobility Sys-
tems (SMS), utilising multimodal data to address three key operational challenges:
improper parking behaviour, energy consumption prediction, and pollution-aware
routing. The overarching goal is to improve the efficiency, sustainability, and user
experience of SMS through data-driven, task-specific solutions.

The first challenge is addressed by developing U-Park, a user-centric parking
recommendation system. It predicts trip destinations and parking availability in
real time using multimodal inputs, including partial trip data, GPS trajectories, and
environmental features. Combining an attention-based RNN and a contextualised
parking model, U-Park improves the chances of finding available parking by up to
29.66%.

The second contribution focuses on privacy-aware energy consumption modelling
for shared battery electric vehicles. A Federated Learning (FL) framework enables
model training across distributed data sources without sharing raw data. FL al-
gorithms and local models are evaluated on multimodal features such as speed,
altitude, and derived variables. The proposed FedAvg-LSTM model reduces mean
absolute error by up to 67.84% and supports deployment in edge-cloud environments.

For the third challenge, a pollution-aware route planning system is introduced.
Multimodal data from fixed and mobile air quality sensors is used to construct
a high-resolution PM2.5 map, combining temporal imputation with spatial inter-
polation. Models including IDW, RF, LSTM, and Conv-LSTM are evaluated for
short-term forecasting. The resulting pollutant maps inform route selection, reduc-
ing average exposure by 25.88% with minimal extra travel distance.

These contributions highlight the value of integrating multimodal data and adopt-
ing tailored learning approaches. The thesis also discusses challenges such as data
sparsity, integration uncertainty, and model explainability, and outlines future direc-
tions including ensemble learning, uncertainty-aware modelling, and multi-objective
optimisation.
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Chapter 1

Introduction

This chapter presents the motivation behind the research reported in this thesis,

defines the research objectives, summarises the main contributions, and introduces

the overall structure of the thesis.

1.1 Overview & Motivations

Urban mobility has always been fundamental in shaping how people live, access

opportunities, and engage in social activities within modern cities. As urbanisation

and economies expand globally, transportation demand has risen sharply, supporting

urban growth but also introducing new pressures on infrastructure and the environ-

ment. While increased mobility has enabled social and economic development, it has

also enhanced the reliance on private vehicles and strained public transportation sys-

tems, potentially leading to more traffic congestion, greenhouse gas emissions, and

air pollution [1], [2]. In response, some conventional strategies have been adopted

such as road expansion or increasing fleet sizes to meet capacity needs. However,

these approaches are often reactive and unsustainable. An overemphasis on supply-

side measures may reinforce car dependence and cause environmental degradation,

especially in highly populated areas [3], [4].

To address these challenges in urban mobility, Shared Mobility Systems (SMS)

have emerged as sustainable alternatives to private car ownership. In this thesis,
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SMS stand for technology-enabled systems that support the shared use of both mi-

cromobility1, e.g., bicycles, Electric Bikes (E-Bikes), Electric Scooters (E-Scooters),

and vehicle-based modes, e.g., Electric Vehicles (EVs). Figure 1.1 illustrates an

overview of SMS, capturing the service providers, customers, and the common modes

of transport, along with major operational challenges such as facility location, rout-

ing, and device assignment. The lower part of the diagram outlines a typical trip

process, starting from device selection and route planning regarding different con-

straints (e.g., energy anxiety and health concerns) to arrival and parking, reflecting

the decision points users and systems must address throughout a shared mobility

journey.

Figure 1.1: An overview of shared mobility systems.

Based on shared economy principles, SMS aim to reduce congestion, emissions,

and resource consumption by increasing vehicle utilisation and decreasing reliance

on privately owned vehicles [5], [6]. Nowadays, several cities worldwide, including

Dublin [7], Paris [8], and Beijing [9], have already introduced large-scale programmes

shared bicycle and E-Scooters, which have led to significant improvements in trans-

port sustainability and flexibility. However, the effectiveness of SMS in real-world

scenarios remains constrained by several operational challenges. Specifically, issues

1https://www.gov.ie/en/department-of-transport/publications/advice-note-for-l

ocal-authorities-shared-micromobility-services

2

https://www.gov.ie/en/department-of-transport/publications/advice-note-for-local-authorities-shared-micromobility-services
https://www.gov.ie/en/department-of-transport/publications/advice-note-for-local-authorities-shared-micromobility-services
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such as uneven vehicle distribution, limited availability, inadequate infrastructure,

unreliable parking behaviour, uncertain energy demands in electric fleets, and ex-

posure to urban air pollution continue to hinder broader adoption and impact [10],

[11], [12].

Addressing these operational challenges requires more effective coordination and

management of existing infrastructure, resources, and user demands. Recently, mul-

timodal data, describing the same world context through multiple complementary

perspectives, has attracted more attention as a considerable resource to enhance the

operational performance and sustainability of SMS [13], [14]. Within urban mobility,

multimodal data typically includes heterogeneous and interconnected data sources,

such as meteorological conditions [15], traffic flows information [16], air pollution

data [17], user travel patterns [18], and Global Positioning System (GPS) trajec-

tories [19]. Compared with single-source or unimodal data, multimodal datasets

provide richer, more detailed, and contextually informed insights, improving predic-

tive accuracy and supporting more responsive system-level decisions [13], [20].

However, the practical use of multimodal data remains challenging mainly due

to inherent issues such as data sparsity, heterogeneity, and privacy constraints. For

instance, real-world SMS data often contains significant missing values caused by

sensor malfunctions, transmission delays, or simply the absence of observations at

particular locations or times [21], [22]. In addition, multimodal datasets often ex-

hibit complex cross-modal correlations and non-linear dependencies that conven-

tional modelling approaches struggle to capture effectively. Traditional analytical

methods, such as statistical regression or heuristic rules, typically rely on data com-

pleteness or linear dependencies, limiting their applicability in real-world multimodal

settings [23], [24]. These limitations emphasise the need for advanced modelling

techniques addressing these challenges using multimodal data more efficiently.

Learning-based methods, such as Machine Learning (ML) and Deep Learn-

ing (DL) techniques, have emerged as effective tools for multimodal data process-

ing. Compared with traditional methods, learning-based models offer clear advan-
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tages in capturing non-linear, dynamic relationships, extracting useful features au-

tomatically, and handling missing values through robust data imputation or predic-

tion techniques [25], [26], [27]. These models has already been employed in many

transportation-related applications, such as traffic management and vehicle energy

management [28], [29]. Additionally, advanced ML paradigms such as transfer learn-

ing and ensemble learning have also demonstrated effectiveness in SMS based on

previously learned knowledge or the combination of multiple predictive models to

further improve accuracy and robustness to address data sparsity and heterogeneity

conditions [27], [30]. Meanwhile, Federated Learning (FL) approaches has gained at-

tention as promising solutions to address privacy concerns, enabling multiple stake-

holders to collaborate efficiently without sharing private data directly [31]. These

techniques present new opportunities for the effective use and secure integration of

multimodal data in SMS.

Applying learning-based methods together with multimodal data in SMS presents

strong potential to enhance system optimisation, operational efficiency, and user ex-

perience. For example, a recommendation system based on accurate prediction

results of parking availability and user destination may help reduce vehicle mis-

placement, improve fleet utilisation, and ease congestion near high-demand docking

areas [32]. Similarly, modelling the energy consumption of shared EVs using FL

techniques can effectively reduce range anxiety (the concern that the battery may

not last for the entire trip), optimise charging strategies, and support the expansion

of electric mobility services, such as Battery Electric Vehicles (BEVs), E-Bikes, and

E-Scooters, while maintaining user privacy [33]. Additionally, integrating short-term

air pollution forecasts with route planning systems can lower health risks for vul-

nerable road users, such as cyclists and pedestrians, by recommending routes with

lower pollutant exposure [17].

In summary, as global urban planning centres on building smarter, greener, and

more resilient transport systems, addressing the operational challenges facing shared

mobility has become gradually important. Applying advanced learning-based meth-
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ods together with multimodal data provides a practical and promising avenue to-

wards this goal, supporting more intelligent, reliable, and context-aware solutions

for SMS. Motivated by the potential of this powerful combination, this thesis ex-

plores informed decision-making and optimisation strategies aimed at enhancing the

operational efficiency and sustainability of SMS. Specifically, this thesis focuses on

three typical and interrelated challenges in urban SMS:

(1) Inefficient parking behaviour, which limits service availability and increases

user inconvenience;

(2) Energy consumption anxiety within shared EVs, which can constrain service

scalability and weaken user confidence;

(3) Pollutant exposure risks, especially affecting vulnerable SMS users such as

cyclists and pedestrians, which affects health impact of mobility decisions.

Jointly, these selected topics address distinct but interrelated aspects of system

optimisation, illustrating how effectively learning-based approaches and multimodal

data integration can drive improvements across diverse shared mobility scenarios.

1.2 Research Objectives & Contributions

As introduced above, this thesis aims to improve SMS by addressing three challenges

using learning-based methods and multimodal data. Each challenge is discussed and

solved in its corresponding case study in the following chapters. Accordingly, we

briefly summarise the research objectives and contributions of each chapter below.

1.2.1 A User-Centric Parking Recommendation System

To address the challenge of parking management in SMS, this work presents the

design of a real-time user-centric smart parking recommendation system based on

multimodal data and learning based models. Three Research Question (RQ) are

considered in his study:
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� RQ1: Can the destination of SMS users be accurately predicted in real time

based on historical travel records and partial GPS trajectories?

� RQ2: How can multimodal data (e.g., weather conditions) improve the pre-

diction of parking space availability near the targeted destination?

� RQ3: Can a personalised parking recommendation system reduce the likeli-

hood of improper parking and improve the overall user experience in SMS?

We hypothesise that integrating multimodal data into a learning-based recom-

mendation pipeline can significantly improve the accuracy and relevance of parking

suggestions, which in turn reduces improper parking behaviours and enables proac-

tive user guidance throughout the entire journey. Taking it into consideration, our

work explores three key objectives:

(1) To predict trip destinations during an ongoing trip by analysing historical

mobility patterns and partial GPS trajectories;

(2) To predict the parking space availability around candidate destinations by

including multimodal contextual data;

(3) To develop a personalised recommendation system that proactively suggests

optimal parking locations, minimising user interaction while remaining adap-

tive to individual preferences.

These objectives jointly support a shift from reactive to proactive parking strate-

gies, improving service efficiency, reliability, and user experience in SMS. The main

novelties for this work are as follows:

� A novel smart parking recommendation framework for SMS, U-Park, is pro-

posed, which proactively supports users from the beginning of their journey,

avoiding last-minute parking decisions.

� U-Park combines multiple data sources including GPS trajectories, historical

trip data, weather conditions, and infrastructure status, demonstrating the

advantages of multimodal data fusion in intelligent urban mobility systems.
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� A ML-based prediction pipeline is implemented, combining destination pre-

diction, real-time parking availability, and trajectory analysis to ensure highly

accurate, user-specific parking recommendations.

� U-Park is designed as a seamless, multimodal solution that functions across all

trip stages, minimising user interaction while remaining responsive to explicit

user preferences.

1.2.2 Privacy-Aware Energy Consumption Prediction

To address the challenge of energy consumption modelling in EVs, this work presents

a privacy-aware prediction framework using multimodal data while respecting user

privacy. This study mainly focuses on three RQ:

� RQ1: How to accurately model the energy consumption of shared EVs using

real-world sensor data and simulation-based driving features?

� RQ2: Can FL achieve comparable or improved predictive performance com-

pared to centralised models, while avoiding direct data sharing?

� RQ3: How do different FL strategies perform under realistic conditions, in-

cluding centralised and decentralised environments?

We hypothesise that applying FL methods to multimodal mobility data enables

accurate and privacy-preserving energy consumption modelling, and that specific

FL strategies can offer robust performance under non-identical data distributions

common in real-world scenarios. Based on these questions, this study focuses on

three key objectives:

(1) To model the complex, dynamic energy usage patterns of EVs using real-world

data of BEVs as an example, along with model-generated data to provide a

comprehensive description of energy-relevant driving behaviour;

(2) To protect sensitive private data during model training by adopting FL as a

privacy-preserving training framework;
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(3) To evaluate the effectiveness of different FL strategies under realistic driving

scenarios and different data distributions, demonstrating that strong predictive

performance can be achieved without compromising data privacy.

This work supports the development of intelligent, optimised, and privacy-aware

SMS. Our main novelties for this work are as below:

� A novel application of FL is introduced for the energy consumption prediction

of shared BEVs, enabling privacy-aware training across multiple data sources

while protecting data privacy.

� The performance of FL strategies is evaluated and compared, such as FedAvg

and FedPer, based on multimodal data from ten BEVs, combining both sensor

readings and physics-based model outputs.

� The proposed FedAvg-LSTM model demonstrates significant predictive ac-

curacy, achieving up to 67.84% reduction in Mean Absolute Error (MAE)

compared to baseline methods.

� The proposed method is discussed in two centralised and decentralised edge-

cloud computing structures for BEV energy consumption modelling, enabling

energy consumption predictions for EVs in various real-world scenarios.

1.2.3 Route Planning with Air Quality Constraints

To address the challenge of air pollution exposure, this work develops a comprehen-

sive pollution-aware framework to support vulnerable road users, such as cyclists and

pedestrians, in making safer travel decisions in urban environments. The framework

integrates multimodal environmental data and predictive modelling to recommend

routes with lower pollutant exposure while maintaining trip efficiency. This study

aims to address the following RQ:

� RQ1: How to construct high-resolution real-time air pollution maps by inte-

grating multimodal data with high missing rates?
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� RQ2: Which imputation and/or prediction methods are most suitable for

reconstructing spatiotemporal pollutant distributions under sparse and het-

erogeneous conditions?

� RQ3: Can predicted pollution levels be effectively integrated into real-time

route planning systems to reduce exposure for vulnerable road users without

significantly increasing trip distance?

We hypothesise that combining robust spatiotemporal prediction models with

multimodal air quality data enables effective exposure-aware navigation, allowing

users to make informed routing decisions that reduce pollution-related health risks

with minimal increase in trip distance. To achieve this, this study dives into three

objectives:

(1) To construct a high-resolution, hourly pollution map by merging multimodal

data from different sources, including mobile and fixed sensors, and address

the high missing rate through robust imputation and prediction models;

(2) To perform comparative evaluation of these models to reconstruct and forecast

air pollutant concentrations, focusing on spatiotemporal consistency under

sparse data conditions;

(3) To integrate the predicted pollutant distribution into a route recommendation

system to enable real-time exposure-aware navigation.

These objectives jointly support the development of healthier and more sustain-

able SMS. The main novelties for this topic are:

� A comprehensive analysis of air quality data (Particulate Matter 2.5 (PM2.5))

from multiple sources was conducted in Dublin, achieving high spatiotemporal

resolution (0.5 km grid cells, hourly) while addressing missing data issues.

� A comparative evaluation of interpolation and prediction methods is con-

ducted, supporting the selection of models that best balance accuracy and

robustness under high missing rates.
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� A pollution-aware route planning system is designed for vulnerable SMS users

based on predicted results, enabling healthier mobility choices in urban envi-

ronments.

1.3 Thesis Structure

This rest of the thesis is organised as follows:

� Chapter 2 presents a comprehensive review of recent advancements in SMS,

with a particular focus on learning-based approaches and the use of multimodal

data. It also outlines key operational and environmental challenges, along with

potential solutions covered in the relevant literature.

� Chapter 3 proposes U-Park, a smart parking recommendation system aimed

at improving parking behaviour in SMS. Using real-world data of shared E-

Bikes from Dublin, we observe that 12.9% of users park improperly. To address

this, U-Park integrates multimodal data, including historical trip records, real-

time GPS trajectories, station availability, and weather conditions, to predict

trip destinations and parking space availability. Learning-based models are

employed to provide proactive personalised parking recommendations through-

out the whole journey.

� Chapter 4 presents a privacy-aware energy consumption modelling framework

for shared BEVs, combining multimodal data with FL to enable accurate

prediction while protecting data privacy. The proposed framework trains local

models on-device using real-world and model-generated data, including GPS

trajectories, vehicle speed, altitude, and derived features, without sharing raw

data. We evaluate five FL algorithms and five local model candidates to

identify the most effective setup. We further examine system behaviours under

different conditions and discuss its practical deployment within edge-cloud

infrastructures.
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� Chapter 5 presents a pollution-aware route planning system designed to re-

duce PM2.5 exposure for vulnerable road users within SMS. Utilising multi-

modal air quality data collected from mobile sensors and fixed monitoring

stations across Dublin, Ireland, we construct a high-resolution pollution map,

addressing an initial missing rate of 89.64% through a three-stage framework

comprising data imputation, spatiotemporal forecasting, and route optimisa-

tion. The system integrates various external features, including meteorological

conditions, traffic flows, and land cover, to enhance model performance. This

study demonstrates the effectiveness of personalised data-driven route plan-

ning in supporting healthier urban mobility choices for active SMS users.

� Chapter 6 concludes the main findings of this thesis and discusses potential

directions for future research within SMS.
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Chapter 2

Literature Review

SMS are reshaping urban transportation by offering flexible and sustainable travel op-

tions. However, their complexity and dynamic nature introduce significant challenges

for system management and service optimisation. In recent years, learning-based

methods and multimodal data fusion have provided promising tools to address these

challenges and improve operational efficiency. This chapter reviews relevant litera-

ture from three perspectives: the application of learning-based methods for system-

level optimisation, the role of multimodal data in supporting SMS, and the key op-

erational and environmental challenges along with potential data-driven solutions.

2.1 Learning-Based System-Level Optimisation

System-level optimisation aims to enhance the overall performance of complex sys-

tems by effectively coordinating resources, decisions, and operations [34], [35]. Tradi-

tionally, these tasks relied on static rules, heuristic approaches, or simple predictive

models to estimate system demands and conditions [36], [37], [38]. For instance,

mixed-integer linear programming has been applied in [39] to develop personalised

charging strategies for EVs and in [40] to address joint task allocation and path

planning problems. However, in complex and flexible environments such as SMS,

these traditional methods often struggle to provide accurate and timely information,

limiting their performance in system-level decision-making [23], [24].
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Learning-based methods, especially ML models, can enhance decision support

by improving the quality of system predictions. For example, Recurrent Neural

Network (RNN) models have been applied in [41] to forecast future pickup and

return rates for a bike-sharing system. By integrating these predictive insights

into system-level operations, decision-making can become more adaptive, efficient,

and proactive [25], [26], [27]. Consequently, learning-based methods have become

more and more important in supporting system-level optimisation, helping complex

systems respond more effectively to changing conditions.

Therefore, we first outline the main types of learning-based methods used for

decision support, and then introduce their applications in system-level optimisation

tasks in this section.

2.1.1 Learning-Based Methods for Decision Support

This section provides an overview of learning-based methods for decision support

in SMS, focusing on the principles, variants, advantages, challenges, and specific

applications of each algorithm, from classic ML models like Linear Regression (LR)

to artificial neural networks such as Graph Convolutional Network (GCN).

Classic Machine Learning Models

Classic ML models have been widely used in SMS to support decision-making

through data-driven predictions. Based on their core principles and primary ob-

jectives, these models can be categorised into statistical-based, distance-based, and

tree-based models. An overview of these models is presented in Figure 2.1.

(1) Statistics-Based Models, such as LR [42], Multiple Linear Regression (MLR)

[43], and Auto-Regressive Integrated Moving Average (ARIMA) [44], [45], are based

on statistical theory and use probability models to describe and predict targets.

They are usually applied to tasks with the hypothesis that the data follows a cer-

tain probability distribution, so they always focus on parameter estimation and

hypothesis testing [46], [47], [48]. Although these models are sensitive to noise and
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Figure 2.1: An overview of classic ML models.

outliers and struggle with nonlinear relationships, they can provide considerable

prediction results and relatively strong explainability by analysing key statistical

characteristics, making them suitable for some SMS applications, especially where

model transparency and interpretability are important.

(2) Distance-Based Models rely on calculating the distance or similarity be-

tween data points for classification or clustering purposes. These models, including

K-Nearest Neighbours (KNN) [49], Support Vector Machine (SVM) [42], and K-

Means [50], employ distance metrics such as Euclidean or Manhattan distances to

determine similarity, and they do not require strict statistical assumptions or pa-

rameter estimation [51], [52]. Although these models are computationally intensive

and sensitive to the choice of distance metrics, they can still achieve competitive

performance in scenarios with clearly structured data and limited noise, making

them suitable for tasks where the relative position or similarity between data points

is important.

(3) Tree-Based Models, such as Decision Tree (DT) [53], Random Forest (RF)

[53], eXtreme Gradient Boosting (XGB) [54], and Light Gradient-Boosting Machine
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(LGBM) [54], can classify or predict data by constructing decision trees that recur-

sively split the dataset. These models can effectively handle nonlinear relationships

and complex interactions and use branching logic to make decisions [55], [56], provid-

ing a clear and interpretable decision-making process. Although tree-based models

generally require more computational resources than simpler models, they often

achieve competitive results and high flexibility, making them suitable for complex

SMS applications involving various data types.

Artificial Neural Networks

Based on the architectural design and methods for handling different types of data,

we classify Artificial Neural Networks (ANN) models used in SMS into Multilayer

Perceptron (MLP), Convolutional Neural Networks (CNN), RNN, Graph Neural

Network (GNN), and Transformer models. An overview of these models is presented

in Figure 2.2. Each type of network has unique processing capabilities, making them

particularly suited for specific data types and tasks.

Figure 2.2: An overview of artificial neural networks.

(1) Multilayer Perceptron is a basic ANN model consisting of multiple fully

connected layers, where each unit in one layer is connected to every unit in the

previous layer. Compared with other ANN models, MLP does not have specific
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capabilities for processing spatial or temporal data. While its ability to manage

high-dimensional data, such as images or serial data, is limited, MLP remains well-

suited for tabular tasks in SMS applications [57], [58]. For instance, it was employed

in destination prediction as a baseline model in [49] and in modelling e-mobility

energy consumption in [59].

(2) Convolutional Neural Network models use convolutional and pooling layers

to process input data through local perception and shared weights, making it partic-

ularly effective at extracting spatial features. Through convolution operations, CNN

models can efficiently capture spatial features in images, such as edges and textures,

making them significantly effective in processing data with spatial structures, such

as images and videos in SMS scenarios [60], [61], [62], [63], [64]. In addition to vi-

sual data, they have also been applied in many aspects in SMS, such as shared bike

demand prediction in [65], destination prediction in [66], and energy consumption

estimation for EVs in [67].

(3) Recurrent Neural Networkmodels, including simple RNN, Long Short-Term

Memory (LSTM), Gated Recurrent Unit (GRU), and their variants, are designed

with recurrent connections to handle sequential data, such as time series and text

data with temporal or sequential dependencies [68], [69]. Simple RNN [49] has a

basic recurrent structure suitable for sequences but struggles with long-term depen-

dencies due to gradient vanishing. LSTM [49] adds gates to control information

flow, making it more effective at capturing long-term dependencies. GRU [70] sim-

plifies LSTM by combining the forget and input gates, making it faster and easier to

train. Convolutional Long Short-Term Memory (Conv-LSTM) [70] integrates con-

volutional layers with LSTM, making it ideal for spatiotemporal data by capturing

both spatial and temporal patterns. Overall, RNN models are highly effective for

time series and spatiotemporal prediction tasks, making them particularly suitable

for SMS applications involving dynamic temporal patterns.

(4) Graph Neural Network models, including GCN, Spatio-Temporal Graph

Convolutional Network (STGCN), and other variants, are designed to process graph-
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structured data [71], [72]. GCN uses convolutional layers to aggregate information

from neighbouring nodes, making them suitable for tasks like node classification and

link prediction in networks. It is widely used to obtain relationships in graph data,

but may struggle with deep networks when node features become indistinguishable.

STGCN extends GCN by incorporating temporal dynamics. Thus, it is ideal for spa-

tiotemporal data like traffic flow or driver activity recognition. For instance, GCN

has been employed in trip destination prediction in the context of taxi services in

[44], while STGCN was used to predict the shared bike hourly demand in [73]. While

the underlying transport modes differ in how they are affected by traffic conditions,

the ML approaches applied remain methodologically relevant across contexts.

(5) Transformer Models are DL architectures originally developed for natural

language processing, characterised by self-attention mechanisms that enable the

modelling of long-range dependencies in sequential data [74], such as urban mobility

time series over 12 to 48 hours, or traffic flow over daily or multi-day cycles. In

SMS, Transformer models have been applied to tasks such as demand forecasting

[75] and trajectory prediction [76], [77], using their strength in capturing complex

temporal and sequential patterns. Although Transformers typically require sub-

stantial data volumes and computational resources, they provide strong predictive

performance and flexible modelling capacity, making them well-suited for advanced

SMS applications.

Ensemble Techniques

Ensemble techniques are advanced state-of-the-art approaches integrating two or

more algorithms to improve model performance and robustness. In the context of

SMS, ensemble methods typically involve processing data with one model to capture

certain characteristics, followed by further refinement or prediction using another

model.

(1) Data Transformations & Image Processing: Statistical techniques enable

data transformation from various formats into images, enabling the application of
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image processing and analysing techniques to address complex problems that are

challenging to solve in other fields. For instance, a system was developed in [61] to

monitor e-scooter drivers’ attentiveness. It used short-time Fourier transform and

wavelet transform to convert vibration data into images, which were then processed

by various multimodal CNN models.

(2) Optical Flow & Object Detection: Optical flow is a technique used to de-

scribe the apparent position of objects of interest by tracking reference points across

multiple frames over a certain period and calculating the displacement of corner

points among these frames. Combined with object detection techniques, optical

flow can approximate the speed of e-scooters and predict potential collision times

with stationary objects. This idea has been employed to develop an accident pre-

vention system in [78], [79] to provide real-time warnings to SMS users in situations

of potential accidents.

(3) Semantic Segmentation & Object Detection: Combining semantic seg-

mentation with object detection provides a balanced approach that enhances both

accuracy and efficiency, especially in resource-limited scenarios. In [80], these tech-

niques were integrated using “cells of interest” to classify objects rather than tra-

ditional pixel-based methods. This approach reduces the computational load while

maintaining high precision, making it effective for applications in SMS, where pre-

cision and efficiency are both essential.

2.1.2 Applications of Learning-Based Methods

This section introduces different applications of learning-based methods in SMS,

and Figure 2.3 provides a visual representation of some of these applications for a

better understanding.

Demand Prediction

One of the most common applications of ML in SMS is demand prediction, which

involves estimating the number of vehicles required within a given time window to
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Figure 2.3: A pictorial representation of the applications of learning-based methods
in SMS to improve efficiency, accuracy, and user experience.

meet customer demand. This task is usually regarded as a combination of time-series

forecasting and spatial analysis. The complexity of urban dynamics and scalability

across regions presents significant challenges for traditional approaches [17], [81].

In contrast, existing studies [82], [83], [84], [85] suggest that ML techniques such

as time-series models, neural networks, and graph-based methods are well-suited to

capturing these dynamics.

Trip Destination Prediction

Another important application of ML methods in SMS is the prediction of trip

destinations, which requires understanding temporal patterns, spatial relationships,

and user-specific behaviours. Recent studies have shown the effectiveness of ML

techniques, such as time-series models, tree-based methods, and neural networks, in

addressing these dimensions [86], [87], [88], as they provide more accurate, scalable,

and personalised solutions compared with conventional methods [89], [90].

Energy Consumption Prediction

ML methods are integral to predicting energy consumption across various forms of

SMS, particularly those involving EVs. This problem can be regarded as a combina-
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tion of regression tasks and time-series forecasting, aiming to estimate precise energy

consumption and investigate how it varies over time based on driving conditions,

weather, and battery characteristics. Previous studies have presented the ability of

ML methods in these tasks, such as linear models, ensemble methods, and neural

networks [54], [91], [92], which can model the complex interactions between vehicle

attributes, environmental factors, and trip features, enabling SMS to improve energy

management and vehicle efficiency, and assist in route planning [33], [43], [93].

Route Planning with Constraints

Many studies have investigated route planning within SMS under different con-

straints, such as travel time [94], air quality [17], and trip mode preferences [95]. An

essential factor making e-mobility unique from conventional transportation methods

is the need to consider the real-time charge status of vehicle batteries. This appli-

cation can be formed as a combination of prediction and optimisation tasks. The

former estimates different objectives like energy consumption or travel time based

on factors such as trip distance and driving habits, while the latter balances these

objectives for optimised solutions. Various ML methods, including statistics-based,

tree-based, and neural network models, have been applied to enable dynamic route

adjustments based on real-time data [42], [50], [96].

Lane Recognition for Rider Safety

Lane recognition within SMS is important for ensuring rider and pedestrian safety.

Riders such as e-scooter users may deviate into unauthorised areas due to traffic

congestion or infrastructure limitations, increasing collision risks. This task can

be formulated as a classification problem, where the system determines whether a

rider is travelling within a designated lane. Object detection is often incorporated

to identify lane boundaries and nearby obstacles from visual data. Recent studies

[63], [64] have demonstrated the effectiveness of lightweight ML models, such as

MobileNetV2 [97], which can be deployed on low-spec edge devices to enhance real-
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time safety monitoring in SMS.

Object Detection for Safety & Navigation

Object detection within SMS involves localising, classifying, and identifying objects

of interest from images or videos captured by cameras mounted on shared vehicles.

The main purpose is to enhance safety and operational sustainability by detecting

moving or stationary targets and enabling informed decision-making. Moving ob-

jects, such as pedestrians, vehicles, and other riders, are identified to alert users to

potential hazards [79], [98], while stationary targets, such as potholes, traffic signs,

and cones, are recognised to provide real-time navigation assistance [80].

Object Tracking & Trajectory Estimation

Object tracking and trajectory estimation in SMS aim to predict the future path of

moving objects based on their current and historical positions, enhancing safety in

navigation systems and autonomous operations. These methods can be particularly

valuable for collision prevention in SMS. For instance, [62] presents a bicycle-based

system that predicts pedestrian trajectories to anticipate potential collisions. Unlike

traditional systems that rely on current positions and may trigger delays or false

alarms, this approach forecasts whether and when a pedestrian might cross paths

with a bicycle, enabling timely and more accurate warnings, which helps improve

accident prevention in dynamic environments.

Other Applications

In addition to the applications mentioned, learning-based methods have also been

employed in SMS for other purposes.

a. Battery Health Prediction: It significantly improves operational efficiency,

reduces costs, and ensures user safety and satisfaction. The adoption of ML

technologies enhances the sustainability, safety, and cost-effectiveness of e-

mobility services [99], making SMS more robust and reliable for users.
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b. Trip Mode & Purpose Analysis: This type of analysis provides operators

with a deeper understanding of user behaviours and needs, allowing them

to optimise vehicle deployment and provide personalised services based on

actual user patterns. Employing ML methods enhances service customisation,

operational efficiency, and user satisfaction [100], [101].

c. User Safety Concerns: ML methods have also been used to identify factors

affecting the injury severity of E-Bike users in crashes [102]. Such analysis

helps improve user safety and increases public confidence in SMS.

d. Infrastructure Improvements: It is crucial for addressing safety concerns

in growing SMS use. The adoption of ML approaches effectively highlights

risk areas and provides safe routes [103], contributing to more sustainable and

secure urban transportation.

In general, ML methods are widely used in various aspects of SMS, including

but not limited to demand prediction, destination prediction, energy consumption

prediction, route planning, and vehicle and user safety concerns, such as lane recog-

nition, trajectory estimation, object detection, and tracking. In addition to their

better performance in result accuracy, these methods are also capable of manag-

ing dynamically changing real-time data. However, learning-based approaches rel-

atively require higher data quality and computational resources. Additionally, as

data-driven methods, it is necessary to consider data security and user privacy to

avoid potential risks.

2.2 Multimodal Data in Shared Mobility Systems

SMS rely on diverse data sources, e.g., vehicle, environmental, and user behaviour

data, to optimise operations and enhance user experiences. This section firstly in-

troduces the key types of multimodal data typically collected in SMS, highlighting

their roles and contributions to system efficiency and user satisfaction. Then, multi-

modal data fusion methods were discussed, especially early fusion, which integrates
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features from different sources to capture interactions and improve prediction ac-

curacy. Through this discussion, we aim to show how multimodal data fusion can

effectively address challenges in SMS and support improvements in overall system

performance.

2.2.1 Types of Multimodal Data in Shared Mobility

Data in SMS is collected from various sources, including different sensors, devices,

and external platforms [104], [105], [106]. These data types cover information from

different perspectives, from vehicle-specific attributes, e.g., location and status, to

external factors, e.g., weather, traffic, and user behaviour. Integrating these diverse

data sources is essential for building a comprehensive understanding of shared mo-

bility operations, supporting system optimisation, enhancing user experiences, and

promoting sustainability [19], [107]. This section introduces several key categories

of multimodal data typically collected within SMS, with descriptions of their roles

and contributions.

Transportation Data

Transportation data refers to all information directly related to the movement and

usage of shared mobility devices, such as shared bicycles, E-Bikes, E-Scooters, and

even cars and EVs. This type of data includes (1) Location Data, which tracks

the real-time position of vehicles, enabling systems to monitor availability, predict

travel patterns, and optimise routes [19]; (2) Vehicle Status Data, which provides

insights into the current condition of devices, such as speed, State of Charge (SOC)

or fuel levels, and operational status, supporting effective fleet management and re-

liable operations [108]; and (3) Trip Data, which includes origins and destinations,

trip duration, and travel distance, assisting in understanding usage patterns and

improving service planning [109].

In short, transportation data provides valuable information about vehicle loca-

tions, status, and trip details, which helps improve fleet management and enable
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data-driven decision-making in SMS.

Environmental Data

Environmental data stands for information about external conditions that can influ-

ence the operation and demand for SMS. This includes (1) Meteorological Data,

such as temperature, rainfall, and wind speed and direction, which can impact user

preferences and vehicle performance [15]. For instance, users may prefer EVs over

E-Bikes on rainy days; (2) Air Quality Data, which includes metrics like PM2.5

or pollen levels that significantly affect vulnerable road users, as they may change

their travel patterns according to personal preferences or health conditions [17]; and

(3) Traffic Data, which provides real-time updates on road conditions, congestion

levels, and accidents, supporting more effective route optimisation and influencing

the availability and usage patterns of shared vehicles [16].

Overall, environmental data offers valuable insights into factors like weather,

air quality, and traffic, enabling optimised route planning and personalised user

experience in SMS.

User Behaviour Data

User behaviour data captures how individuals interact with SMS, providing insights

into demand patterns and service preferences. This includes (1) Usage Patterns,

which track user engagement with the system, such as peak usage times, preferred

routes, vehicle types, and frequency of use [18]. Understanding these patterns is

important for demand forecasting and ensuring service availability during periods

of high demand; (2) User Personas, which consist of information like age, gender,

and trip preferences. This data can be used to personalise services, offer targeted

incentives, and tailor the system to meet specific user needs [110]; and (3) Feedback

Data, which includes user ratings, reviews, and comments regarding the vehicles or

the service. Such feedback provides actionable insights into areas for improvement,

helping operators refine services [111].
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In general, user behaviour data provides important insights into how users in-

teract with SMS, supporting demand prediction and personalised service.

Infrastructure Data

Infrastructure data describes the physical environment where SMS operate, provid-

ing essential context for system management. It includes (1) Parking Availability,

which tracks where shared vehicles can be parked and whether spaces are available or

occupied [112]. Accurate parking information supports optimised vehicle allocation

and maintains high availability at key locations; (2) Charging Stations for EVs,

which offer real-time updates on charging station availability, status, and patterns

of vehicle usage [113]. This information is important for maintaining the continuous

operation of vehicle fleets; and (3) Road Network Data, which contains detailed

maps, road types, and infrastructure features such as bike lanes, traffic lights, and

pedestrian zones [114]. Such data is crucial for route planning, improving safety,

and ensuring the efficiency of the device navigation through complex urban areas.

In summary, infrastructure data plays an important role in supporting vehicle

deployment and enabling safe and efficient routing within SMS.

Payment & Transaction Data

Payment and transaction data capture the financial activities associated with SMS.

This includes (1) Payment Methods, which record how users pay for their rides,

such as through credit cards, digital wallets, or subscription models. Understand-

ing payment preferences supports effective billing management, customer segmenta-

tion, and the development of targeted marketing strategies [115]; and (2) Pricing

Data, which details different pricing structures, such as per-minute, per-mile, or

subscription-based models [116]. It helps operators monitor revenue streams, iden-

tify pricing trends, and design promotional offers aligned with user behaviour and

usage patterns.

Overall, payment and transaction data assist in understanding user spending

25



Learning-based Methods for Optimising Shared Mobility Systems with Multimodal Data

behaviour and improving customer segmentation within SMS.

Other Data

Other data types provide additional insights that further enhance SMS. This in-

cludes (1) Social and Community Data, which combines social media feedback

with broader community factors such as urban planning and local transportation

policies [117]. Incorporating this data helps to refine services and adapt solutions to

specific community needs; and (2) Public Transport Integration Data, which

captures information on transit schedules, routes, and stops. This data facilitates

the planning of multimodal journeys and supports enhancing connections between

SMS and public transport networks [118].

In summary, these complementary data types enable a more integrated and user-

focused approach to the design and management of SMS.

2.2.2 Multimodal Data Fusion & Integration

Multimodal fusion methods are generally categorised into three types: early fusion,

late fusion, and hybrid fusion. Each approach offers considerable flexibility, as they

can be combined with various unimodal classifiers or regressors, supporting various

applications across multimodal learning tasks [119].

Among these approaches, early fusion merges features extracted from different

modalities directly, typically by concatenation. This approach allows the model to

learn joint multimodal representations by capturing correlations and interactions

between low-level features. One of its major advantages is the simplicity, as it

requires training only a single unified model and involves a relatively straightforward

processing pipeline compared to late or hybrid fusion methods [120], [121].

In late fusion, by contrast, the outputs of individual unimodal models are com-

bined after their independent predictions, such as classification scores or regression

outputs. Fusion techniques may include simple averaging, voting schemes, weighted

combinations based on signal quality, or learning-based strategies [119]. A major
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advantage of late fusion is its flexibility, as different models can be applied to each

modality, and the system remains functional even when some modalities are miss-

ing [122]. However, because late fusion operates at the decision level, it cannot

capture low-level interactions between modalities, which may reduce its capacity to

efficiently use the complementary information across modalities [123].

Hybrid fusion combines elements of early and late fusion to capture the advan-

tages of both [124]. By combining information at both the feature and decision

levels, hybrid fusion enables models to learn fine-grained feature interactions while

maintaining the modularity and robustness provided by decision-level fusion [125].

This combined strategy offers a more balanced and resilient modelling approach.

The multimodal SMS datasets used in our studies include trip behavioural data,

GPS trajectories, environmental measurements, and other contextual information,

all characterised by strong correlations and dependencies. Compared with other

fusion strategies, early fusion captures feature-level dependencies more effectively,

reduces information loss, and simplifies the integration process, ultimately improving

prediction accuracy.

Accordingly, we focus on early fusion to combine features into a unified rep-

resentation, enabling the model to capture feature interactions at the early stage,

and in each study, we investigate how feature-level multimodal fusion contributes to

prediction performance. Through this analysis, we aim to provide insights into the

relationships in multimodal data sources and to show the effectiveness of multimodal

fusion in addressing the challenges in SMS.

2.3 Challenges & Solutions in Shared Mobility

Systems

The development and acceptance of SMS also brought several operational and en-

vironmental challenges, which should be addressed to support their sustainability

and effectiveness. This section outlines three major areas of concern related to the
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growth of SMS in urban environments.

Specifically, parking management remains a major concern, as improper parking

behaviour reduces vehicle availability and increases operational costs. Meanwhile,

the growth of electric devices in SMS has brought new challenges in energy man-

agement, where accurate consumption modelling is essential but often held back

by privacy concerns, communication limitations, and the complexity of integrating

diverse data sources. In addition, exposure to urban air pollution may cause sig-

nificant health risks for active SMS users such as cyclists and pedestrians, but the

development of effective pollution-aware mobility solutions is often constrained by

missing data and the demands of real-time prediction.

Multimodal data and data-driven methods provide opportunities to address these

challenges by improving the efficiency, sustainability, and user experience of SMS.

These key challenges and the potential solutions enabled by multimodal and data-

driven approaches are briefly introduced in this section below and detailed individ-

ually in the following chapters.

2.3.1 Parking Issues in Shared Mobility Systems

As SMS continue to expand within urban environments, parking management has

become a critical operational challenge. Improper parking behaviour can disrupt

pedestrian access, reduce vehicle availability, and increase operational costs for ser-

vice providers [126]. For example, a study on shared E-Bike systems in Dublin,

Ireland, found that 12.9% of users parked improperly, affecting both operational

efficiency and management costs [7]. Commercial vehicles also encounter particular

difficulties, as limited space and inadequate policies often lead to illegal parking in

dense urban areas [127]. Traditional measures, such as penalty enforcement, desig-

nated parking zones, and incentive schemes, have provided partial relief but often

remain reactive and inflexible in the face of dynamic and evolving mobility patterns

[19], [128], [129].

To address these challenges, learning-based methods have been explored to sup-
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port more proactive and adaptive parking management. ML models trained on

historical trip records [130], real-time GPS trajectories [131], and contextual infor-

mation such as weather conditions and traffic density [132] have shown strong poten-

tial in predicting parking demand and user destinations, as well as providing person-

alised parking recommendations. Specifically, classic ML methods such as Spatial

Regression (SR), LR, and RF have been widely applied to predict parking avail-

ability and user destinations, using features extracted from temporal, spatial, and

external datasets [45], [133], [134]. More recently, DL techniques, including CNN,

RNN, and GNN, have further enhanced the ability to capture complex patterns in

sequential mobility data [65], [73], [135], [136], [137]. Compared with sensor-based

systems, which often require substantial infrastructure investments, learning-based

approaches offer greater flexibility by integrating multiple data sources without re-

liance on physical deployment.

However, most existing learning-based parking solutions address only individual

aspects of the parking management challenge. Few systems achieve the integration

of destination prediction, real-time parking availability forecasting, and adaptive

recommendation generation within a user-centric framework. Moreover, the fusion

of multimodal data sources remains a substantial challenge, requiring models that

can handle diverse feature types and scales. These limitations highlight the need for

more comprehensive approaches, which are discussed in detail in Chapter 3.

2.3.2 Energy Management for Shared Electric Vehicles

As the development and adoption of private and shared EVs increase globally, energy

management has become a critical challenge for SMS. Accurate energy consumption

modelling is important for optimising vehicle operations, supporting infrastructure

planning, reducing environmental impacts, and improving user experience [138],

[139], [140]. Existing approaches for energy modelling include white-box methods

based on vehicle dynamics [141], grey-box methods that combine physical models

with data fitting techniques [142], and black-box methods that leverage ML and
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DL algorithms [143]. For instance, ML models, including SVM [59], RF [53], and

XGB [144], have been widely applied to predict energy consumption based on spa-

tiotemporal features and external contextual factors. Deep learning methods, such

as ANN [43] and CNN [67], have further improved prediction accuracy by captur-

ing complex nonlinear relationships in large-scale sequential data. Each approach

presents different balances between transparency, scalability, and adaptability.

Despite these advances, several challenges remain. Centralised energy mod-

elling approaches often encounter difficulties related to data privacy, communica-

tion overheads, and the integration of heterogeneous data sources. To overcome

these limitations, FL has been introduced as an effective approach, enabling vehi-

cles to train predictive models collaboratively without sharing raw data [33], [145],

[146]. FL-based methods offer enhanced privacy protection, scalability, and real-

time adaptability, making them particularly well-suited to the decentralised nature

of SMS [147]. However, the practical deployment of FL in energy management still

faces technical challenges, including handling statistical heterogeneity across vehi-

cles and ensuring communication efficiency within edge–cloud infrastructures [148].

The design and discussion of centralised and decentralised edge–cloud frameworks

are further presented in Chapter 4 based on FL mechanism.

2.3.3 Air Quality Concerns for Active Road Users

Air pollution exposure has become a major concern for active road users, such as cy-

clists and pedestrians, in SMS. As they are more exposed to traffic emissions, these

users are particularly vulnerable to pollutants such as PM2.5 and Nitrogen Oxides

(NOx), which may cause serious respiratory and cardiovascular health risks [7], [149],

[150]. As a result, improving mobility safety for vulnerable groups has become an

essential challenge in the development of sustainable transport networks. However,

designing pollution-aware mobility solutions remains a complex challenge. It is still

difficult to obtain reliable air quality data, especially with fine spatial and temporal

resolutions. Practically, sensor networks often produce fragmented datasets with
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high missing rates, limiting the potential for accurate real-time exposure manage-

ment.

To address these gaps, classic spatial interpolation methods such as Inverse Dis-

tance Weighting (IDW) and KNN have been applied to handle missing data issues

[151], [152]. Meanwhile, ML techniques, e.g., RF [153], and DL models such as

CNN and GCN [154], [155], have also been explored to capture the complex spatial

patterns of urban pollution efficiently. Beyond interpolation, short-term air quality

prediction has also developed from traditional statistical models, such as ARIMA

[156], to more recent DL architectures, including Temporal Convolutional Network

(TCN) [157] and Conv-LSTM [158]. These approaches enable smarter and more dy-

namic route planning based on the predicted pollution levels, allowing for healthier

and more personalised mobility choices for SMS users.

Recent studies have demonstrated that even small changes in route choice may

result in significant differences in pollution exposure [159], [160]. Consequently,

more and more research has been conducted on including air quality predictions

into real-time route planning frameworks [161]. At the same time, the inclusion of

multimodal data, such as meteorological data and traffic conditions, has been proven

to enhance the performance of pollution forecasting models [162], [163]. However,

there are still several challenges in this domain, such as high missing data rates,

the demand for rapid prediction in real-world conditions, and the need to balance

route safety, travel time, and accessibility [164], [165], which continue to limit the

practical implementation. A more detailed discussion of air quality data imputation,

spatiotemporal forecasting, and route optimisation for active SMS users is provided

in Chapter 5.

2.4 Summary

This chapter has reviewed existing research on learning-based methods and multi-

modal data in the context of SMS. Specifically, we examined the role of ML tech-

niques in supporting system-level optimisation, the types and fusion strategies of
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multimodal data in SMS, and the key operational and environmental challenges

currently facing urban mobility services.

Based on this review, we identify three pressing challenges that support the tech-

nical contributions of this thesis. First, parking management remains a persistent

issue, where improper parking behaviour reduces service efficiency and increases

operational costs. Second, accurate energy consumption modelling for shared EVs

is essential but complicated due to privacy concerns and data heterogeneity, espe-

cially in decentralised environments. Third, air pollution exposure poses significant

health risks to vulnerable road users, but practical reduction through route planning

is often constrained by missing data and the need for real-time prediction.

These challenges are highlighted not only for their practical relevance but also

because they represent broader categories of problems where learning-based and

multimodal approaches are particularly effective. Addressing these issues provides

a foundation for developing scalable, intelligent, and sustainable solutions for future

SMS. The following chapters explore each of these challenges in detail and propose

targeted solutions based on the concepts introduced in this review.

32



Chapter 3

A User-Centric Parking

Recommendation System

SMS, such as shared bicycles and E-Scooters, play an important role in sustainable

urban transportation. However, effective parking management remains a critical op-

erational challenge, as improper parking behaviours reduce vehicle availability and

increase management costs. This chapter addresses the first of the three key chal-

lenges identified in Chapter 1, i.e., how to improve parking accuracy in SMS through

data-driven user-centred approaches. It introduces U-Park, a smart parking rec-

ommendation system using multimodal data and learning-based methods to provide

proactive and personalised parking support for SMS users. This work is conducted

in collaboration with Mingming Liu and Noel E. O’Connor, and published in [7],

[32].

3.1 Introduction

With the increasing demand for sustainable urban mobility, SMS, including shared

E-Bikes, have become a vital component of Mobility as a Service (MaaS) frameworks.

Shared E-Bikes offer a flexible, environmentally friendly alternative to private cars,

particularly for short-distance commuting, helping to reduce traffic congestion and

carbon emissions [166], [167], [168], [169]. Recent studies indicate that shared E-
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Bikes can replace up to 76% of short car trips, with users travelling between 9.8 km

and 17 km per week [170]. Additionally, E-Bikes offer health benefits for a wide

range of users, as the electric assistance mechanism reduces physical exertion while

still encouraging active transportation [171]. Compared to traditional bicycles, E-

Bike users tend to cover longer distances and ride at higher speeds, averaging 3.0

km per day, whereas pedal bike riders travel only 2.6 km per day [172].

The widespread adoption of shared E-Bikes has been supported by policy changes

and regulatory advancements. For example, in Ireland, new legislation has inte-

grated E-Bikes into road traffic laws, treating them similarly to traditional bicy-

cles1. However, despite their growing popularity, parking management remains a

major operational challenge in SMS. Analysis of real-world MOBY shared E-Bike

data from Dublin reveals that 12.9% of users fail to park correctly, highlighting

widespread non-compliance and the need for more effective parking strategies [7].

Similar to traditional bicycles, improperly parked E-Bikes can obstruct pavements,

pedestrian pathways, and public spaces, creating inconvenience and safety risks for

pedestrians and other road users. Additionally, poor parking reduces vehicle avail-

ability, disrupts fleet accessibility, and lowers overall system efficiency. However,

E-Bikes present additional operational challenges due to their reliance on dedicated

charging and maintenance infrastructure. Misplaced E-Bikes, especially low-battery

vehicles, may remain inoperable for long periods if parked far from charging sta-

tions. This delays battery swaps, increases maintenance workloads, and further

reduces service reliability. Additionally, the higher operational costs of tracking,

retrieving, and repositioning improperly parked E-Bikes place a financial burden on

service providers. Ultimately, these issues degrade the user experience and threaten

the long-term sustainability of SMS. While existing parking management strategies,

such as penalty enforcement, incentive mechanisms, and designated parking zones,

help improve compliance, they remain reactive rather than proactive, failing to offer

real-time, user-centric parking recommendations. Moreover, many current systems

1https://www.gov.ie/en/press-release/12185-government-approves-next-steps-for

-escooter-and-ebike-legislation/
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lack adaptive decision-making, making them ineffective at responding to dynamic

parking demand fluctuations [71], [87], [173], [174], [175], [176].

To address these challenges, data-driven approaches integrating real-time mo-

bility data and ML techniques offer a promising solution for optimising parking

management. Recent research suggests that ML-based parking recommendation

systems can enhance trip planning [133], [134], destination prediction [44], [49],

[66], [86], [177], [178], and trip demand forecasting [45], [65], [70], [73], [135], [136],

[179]. While sensor-based approaches leveraging Internet of Things (IoT) infras-

tructure can provide accurate real-time parking data, they often lack flexibility and

adaptability to dynamic user needs [180], [181], [182], [183]. Conversely, multimodal

ML-based solutions enable the integration of heterogeneous data sources, offering

greater personalisation and adaptability, enabling real-time and proactive parking

recommendations [137], [184]. However, to the best of our knowledge, no existing

smart parking system fully integrates destination prediction, parking availability

forecasting, and personalised parking recommendations for SMS.

This chapter introduces U-Park, a multimodal, user-centric smart parking rec-

ommendation system for SMS using ML techniques. U-Park employs historical

mobility data, real-time GPS trajectories, parking space availability, and other ex-

ternal factors such as weather information to deliver accurate and adaptive parking

recommendations. In addition to the analysis findings from [7], our work also builds

upon prior research in this area [71], [185]. In the former study, an Attention-based

Spatio-Temporal Graph Convolutional Network (ASTGCN) was developed to pre-

dict bike availability at the start of user trips, achieving a MAE of 1.00, while in

[185], a Bayesian classifier was devised for route prediction with Markov chains. This

classifier can use a user’s partial trajectory to update the posterior probabilities of

the user’s destination based on historical trip data. However, a key limitation of

this work is that validation was performed solely with synthetic data, and it did not

compare with advanced approaches like DL-based methods.

To increase user satisfaction, encourage SMS adoption for the daily commute,
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and optimise system efficiency, U-Park introduces a novel approach using multi-

modal data based on ML models to address the challenges of parking management

within SMS by including the following key features:

� U-Park addresses users’ parking needs in SMS proactively from the journey’s

start, eliminating the need to search for parking at the last minute.

� U-Park ensures seamless functionality across all journey stages, minimising

user input while remaining flexible enough to adapt to explicit instructions if

provided.

� U-Park uses a user’s current trajectory and historical mobility patterns to

continually refine parking predictions, ensuring optimal accuracy and recom-

mendations.

This chapter is structured as follows: In Section 3.2, we provide an overview of

related work in existing SMS and ML techniques applied. The research problem

addressed in our study is detailed in Section 3.3. The multimodal data used in

this chapter is introduced in Section 3.4, and Section 3.5 delves into the overall

design of our enrolment system. The details of our prototype implementation are

presented in Section 3.6, and Section 3.7 presents our study results along with

relevant discussions, and then the limitation of our current work is described in

Section 3.8. Finally, we conclude our work in Section 3.9 and discuss future plans

and improvements.

3.2 Related Work

In this chapter, we consider the relevant literature from four perspectives: parking

management solutions, current SMS, ML methods in travel demand prediction, and

ML methods in trip destination prediction.
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3.2.1 Parking Management Solutions

Many solutions have been investigated from various perspectives to address the

challenges in parking management for SMS. These include optimising the layout of

parking areas, examining the role of social norms, the impact of warning messages

and monetary incentives, as well as developing systems for recommending parking

spots.

To optimise parking area layout, a collaborative optimisation model was pro-

posed in [186] using an improved genetic algorithm to minimise resident walking

distances and enterprise costs. The designed model considered constraints including

parking area coverage and bicycle allocation, ultimately optimising both the layout

of shared bicycle parking areas and the number of bicycles deployed. On the other

hand, the authors of [187] focused on the impact of social norms, warning messages,

and monetary incentives, and conducted a comparative experiment using the control

variable method. The results suggest that behavioural incentives are more effective

than social norm intervention in shared bike parking management.

Some recommendation systems have also been designed for parking management

by recommending parking locations based on sensor networks and IoT technologies

[180], [181]. As noted by the authors, this approach requires extensive infrastructure

deployment, including sensors at intersections and parking lot entrances. However,

these systems often struggle to meet the diverse and dynamic needs of users, as they

tend to provide generic recommendations. Additionally, they typically require user

interaction to initiate a parking search, which can be inconvenient for SMS users

during their trips. In contrast, our system generates recommendations without

relying on user input. By leveraging ML algorithms and trip data collected from

users, our recommendations take into account diverse user trip patterns and dynamic

needs.

In another previous study [177], a two-stage framework for destination predic-

tion was proposed. This framework used hand-crafted rules, e.g., using several

frequently-visited destinations in history as the candidate samples, to generate can-
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didate destinations in the first stage and then employed a prediction model to pre-

dict the final destination from the candidate set, considering trip and customer

attributes.

In contrast, our system, introduced in Section 3.5, relies entirely on ML-based

models for trip destination prediction. Moreover, our system does not only rely

on historical trip records but also incorporates trip trajectories. This means that

our model not only provides a preliminary forecast based on historical data be-

fore the trip begins but also delivers in-journey predictions and recommendations.

Furthermore, while the previous framework concluded with destination prediction,

our approach integrates the destination as an input for the subsequent stage of the

model.

3.2.2 Current Electric Shared Micromobility Services

Improper Parking Behaviours

Recent research studies have extensively investigated inappropriate parking be-

haviours, with a focus on identification and mitigation [7], [188], [189], [190], [191].

For instance, in [188], data from five U.S. cities was analysed to detect instances of

improper parking. Research in [189] demonstrated the correlation between improper

parking behaviour and parking space availability, while [192] proposed a real-time

data-driven system employing ML techniques to manage parking spaces, aiming to

reduce shortages and conflicts among customers. However, these analyses and meth-

ods primarily operate at the trip conclusion and necessitate specific user-provided

input data.

38



Learning-based Methods for Optimising Shared Mobility Systems with Multimodal Data

Pricing & Incentive Policies

SMS employ diverse pricing structures, particularly pay-as-you-go models, with no-

table variations. In Dublin, Ireland, for example, MOBY2, ESB3, and Tier4 provide

shared E-Bikes, all featuring a consistent 1 euro starting fee but varying per-minute

rates (5, 15, and 20 cents per minute, respectively). Similar pricing variations are

observed in other regions as well5. Moreover, SMS companies globally implement di-

verse incentive policies to promote vehicle repositioning. In a study [190], a reward

of ¥1.43 (approximately e0.20) per minute was proposed in China to encourage

shared bike relocation. These policies consider multiple factors, such as travel dis-

tances and user preferences. Because of their practicality and proven effectiveness,

we adopted similar mechanisms in our case study.

Relevant Datasets

In recent years, numerous research studies have delved into the realm of SMS. How-

ever, due to the limited accessibility of data directly from SMS providers, research

and exploration in this domain have been restricted. Some studies have introduced

datasets with similar characteristics[45], [133], [134], [135]. These datasets include

trip history data, such as aperture and arrival times and locations, trip duration,

distance, and trip trajectory data with timestamps, GPS coordinates, and vehicle

indices, as seen in [134]. Nonetheless, a common limitation across these datasets is

the absence of user-related features, which hinders the provision of personalised ser-

vices. Therefore, after careful consideration, we opted to utilise the MOBY dataset.

Although it has a limited volume, it contains information about anonymous users,

enabling us to address the aforementioned challenges effectively.

In summary, addressing improper parking in SMS systems is important, and

2https://www.dublincity.ie/residential/transportation/covid-mobility-measures/

dublin-city-covid-19-mobility-programme/journey-planning
3https://www.irishtimes.com/business/2022/08/17/esb-launches-shared-ebike-sch

eme-across-dublin
4https://irishcycle.com/2022/06/20/new-electric-bicycle-share-now-available-i

n-some-north-dublin-areas
5https://www.expertreviews.co.uk/scooters/1416160/how-much-do-electric-scooter

s-cost-everything-you-need-to-know-whether-youre-buying
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this is highly influenced by parking space availability [189]. In the next sections, we

examine ML techniques used in SMS for trip demand and destination prediction.

The latter helps predict the endpoint of a current journey, prompting users to park

correctly, while the former represents the number of departures and arrivals in an

area or station, determining parking space availability.

3.2.3 ML Methods in Travel Demand Prediction

Hourly demand forecasting for SMS has been addressed using various ML algorithms

and models in different cities globally. In this section, we provide an overview of

previous methods and techniques for hourly demand prediction.

In previous studies [45], [133], [134], classic ML methods like SR and LR have

been employed to forecast hourly demand for shared E-Bikes. In [134], for example,

the authors focused on predicting E-Bike travel demand. The proposed method,

Geographically and Temporally Weighted Regression (GTWR), achieved a signifi-

cantly lower relative error of -1.07% compared to 7.85% for Ordinary Least-Squares

Regression (OLSR) and -1.43% for Geographically Weighted Regression (GWR),

demonstrating its superior predictive performance.

Recently, DL techniques, including LSTM in RNN, CNN, and GCN, have gained

significant attention in micromobility research [65], [73], [135], [136], [137]. These

models are adept at capturing temporal patterns. For instance, in [65], Conv-LSTM

was employed to predict next-hour bicycle demand using rental histories alongside

meteorological data. The use of GCN-based methods is also on the rise in this

prediction task, given their ability to model non-Euclidean data localities [136]. In

[73], bike pickup and return demand were predicted using the STGCN model, which

outperformed three baseline models, RNN, LSTM, and GRU, in terms of prediction

accuracy and computational efficiency. Inspired by cognitive attention in DL, atten-

tion mechanisms have been employed to enhance the prediction performance of GCN

models. In [137], ASTGCN was proposed and applied to predict the bike availability

at each bike parking station. This approach exhibited superior performance when
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compared to other existing methods, including STGCN and XGB, when tested on

real-world datasets. Our present research builds upon these concepts by adopting

the method proposed in [137] to design the parking space availability prediction

module within the SMS architecture.

Finally, extensive research has highlighted that prediction accuracy can be af-

fected by various journey attributes, including spatial attributes (e.g., origin and

destination), temporal attributes (e.g., hour of the day and day of the week), and

weather conditions (e.g., temperature and wind speed) [65], [73], [133], [134], [136].

Consequently, these journey attributes have also been included in the ML-based

method used in this study.

3.2.4 ML Methods in Trip Destination Prediction

Methods and models used in trip destination prediction in relevant papers are de-

tailed below. Generally, travel destination prediction can be categorised based on

the data utilised into two types: history-based and GPS-based. The former focuses

on the prediction based on the trip records, including the temporal and spatial

features of only the origins and destinations, while the latter aims to predict the

destination based on time-series data reflecting the trip trajectory.

Trip History-Based Prediction

Trip history datasets provide temporal and spatial information about the origin and

destination of each journey. Researchers have employed various techniques, includ-

ing ARIMA, Conv-LSTM, CNN, GCN, to predict destination using trip history data

[44], [66], [177]. For instance, a Destination Prediction Network based on Spatio-

Temporal data (DPNst) was introduced in [66], integrating LSTM, CNN and a Fully

Connected Neural Network, each extracting user behaviour, spatial features, and ex-

ternal features like weather conditions, respectively. The results were compared to

alternative models, including LSTM and Naive Bayesian (NB) [185].

Our review illustrated that complex models with strong performance are adapt-
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able to large datasets. However, considering the limitations of our trip history

dataset, we chose ANN in our study because of its flexibility, adaptability, and

suitability for handling small datasets, making it an ideal choice for our research.

Trajectory-Based Prediction

In parallel, numerous research studies have explored destination prediction based on

GPS data for various applications [49], [70], [178]. For instance, in [49], the authors

proposed an Multi-module Deep Learning Network (MDLN) to solve the problem of

destination prediction. As the journey trajectory is a temporally-ordered GPS loca-

tion collection, RNN [193] and LSTM [70] are also widely used in trajectory-based

destination prediction thanks to their ability to handle temporal and sequential data

effectively. Besides, recent research has indicated that the initial k and final k seg-

ments of a GPS trajectory significantly contribute to destination prediction [49],

[194], [195], so we adopted the same method.

To sum up, ML models for both hourly demand and destination prediction com-

monly incorporate external factors such as weather and points of interest in addition

to spatial and temporal information related to trip origins and destinations [44], [66],

[134], [179]. RNN models play a crucial role in these tasks due to their effectiveness

in time-series prediction problems [44], [49], [65], [66], [70], [73], [135], [136], [177],

[179]. Considering our dataset size, the model complexity, and prediction accuracy,

we decided to employ a simple ANN for initial destination prediction based on trip

history at the start of a journey, while using an RNN model during the trip based

on GPS data in our study.

3.3 Problem Formulation

In this section, we introduce our research problem and provide an in-depth expla-

nation of each question. To enhance clarity, we use a shared E-Bike system as an

example of SMS systems, but U-Park applies to other SMS systems as well. We

segment the user journey into three stages: pre-journey (from the moment users de-
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cide to start a trip and scan the Quick Response (QR) code attached to the E-Bike

until they are unlocked), in-journey (from the point of unlocking the bike until users

are near their destination and ready to end the trip), and post-journey (from the

moment users are near the end of the trip until they receive final recommendations

from U-Park, lock up the bike, and complete the payment process). Specifically, we

consider the trip to be concluding if the user’s current position is within a certain

distance, e.g., dis metres, of the predicted destination.

3.3.1 Overall Research Problem

Notations: In essence, U-Park’s primary objective is to solve improper parking

behaviours in SMS by providing parking station recommendations as a trip nears

completion. Given this context, we can formulate the parking station recommen-

dation problem. With an SMS system, the operator has established a total of S

predefined parking stations. We introduce the set of parking stations, denoted as S,

as follows:

S = {s1, s2, . . . , sS} (3.1)

For a given user, their historical record H and GPS record G contain information

about a total of N past trips within the SMS. Leveraging H and G, our goal is to

devise a system to make recommendations for suitable parking stations near the

destination of the user’s ongoing trip. To achieve this, we use Ti to represent their

ith trip. For each trip Ti, we define its GPS record TG
i and historical record TH

i as

follows.

Firstly, let us define a GPS record of a single trip TG
i by

TG
i = [(ti1, p

i
1); (t

i
2, p

i
2); . . . ; (t

i
Li
, piLi

)] (3.2)

where the sequences (ti1, . . . , t
i
Li
) and (pi1, . . . , p

i
Li
) represent lists of timestamps and

GPS positions, both having the same length denoted as Li. Thus, the size of TG
i is
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Li × 2. The initial position pi1 and the final position piLi
correspond to the origin

and destination of the trip TG
i , while the first timestamp ti1 and last timestamp tiLi

represent its departure time and arrival time, respectively. Given the context above,

the user’s historical record for a single trip TH
i is defined as:

TH
i = [(ti1, p

i
1, t

i
Li
, piLi

)] (3.3)

which means the history of one specific trip TH
i contains the spatial and temporal

characteristics of its origin and destination and the size of TH
i is 1× 4. Expanding

on the context given above, the user’s historical record for N trips is:

H = {TH
1 ,T

H
2 , . . . ,T

H
N} (3.4)

and similarly, the user’s GPS record for N trips is:

G = {TG
1 ,T

G
2 , . . . ,T

G
N} (3.5)

Finally, based on the list of all trip destinations within this user’s GPS records,

denoted as (p1L1
, p2L2

, . . . , pNLN
), we define the set of destinations for this user as

follows:

D = {d1, d2, . . . , dD} (3.6)

where any dj ∈ D represents a unique destination, and D is the length of D, so for

any given trip Ti in G, we have the destination piLi
∈ D.

Problem: For an ongoing trip Tk = [(tk1, p
k
1); . . . )], the primary goal of our U-Park

system is to determine a suitable parking station ŝk ∈ S and make recommendations

aiming at increasing the user’s chance to obtain an available parking space near the

predicted destination d̂k ∈ D, which is predicted by ML models within U-Park

system.

Remark: The S and D defined in this section represent different sets. The

44



Learning-based Methods for Optimising Shared Mobility Systems with Multimodal Data

former is the predefined station set, while the latter is the set of destinations from

this user’s previous trips. The destinations may or may not be included in S. Only

for new users without history records, we specify that D = S. To address our

primary research question, we divide it into three ML tasks corresponding to the

three stages introduced earlier. We define these tasks as follows and provide detailed

explanations in the subsequent sections: (i) history-based destination prediction in

the pre-journey stage; (ii) trajectory-based destination prediction in the in-journey

stage; and (iii) parking space availability prediction in the post-journey stage.

3.3.2 History-Based Destination Prediction

Notations: As introduced above, this history-based prediction model is applied at

the pre-journey stage to predict the destination of this trip. In addition to the

departure and arrival timestamp and position introduced in (3.3), each specific trip

Tk includes a set of extra features fH
k , such as temporal features (e.g., day of the

week) and weather conditions (e.g., temperature). Denoting NH
f as the number of

fH
k , the length of the extended historical record for Tk becomes MH = NH

f + 4. In

other words, the size of the extended historical record for N trips in total amounts

N ×MH .

Problem: When dealing with an upcoming trip Tk = [(tk1, p
k
1, f

H
k )], the research

question at this stage is to solve the classification task of determining the category

within D that the trip Tk belongs to, or in other words, to identify a dkH ∈ D as the

destination for Tk.

Remark: This problem is solved every time a user gains authorisation to unlock

a vehicle in this SMS. Since the model only relies on the user’s historical record and

external features, the prediction result for the current trip Tk remains constant until

the dataset is enriched by new records.
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3.3.3 Trajectory-Based Destination Prediction

Notations: As previously mentioned, this trajectory-based prediction model is em-

ployed during the in-journey stage to improve the prediction result made at the

pre-journey stage. In addition to the timestamp and GPS position sequences in

(3.2), each specific trip Tk with a length of Lk incorporates supplementary features

fG
k , such as temporal features (e.g., day of the week) and weather conditions (e.g.,

temperature) obtained for each timestamp. Denoting NG
f as the number of fG

k , the

dimensions of the extended GPS record for Tk can be represented as Lk×MG, where

MG = NG
f + 2 denotes the number of features for each timestamp.

Problem: At this stage, the research question is to solve the classification task of

determining the category in D this ongoing trip Tk = [(tk1, p
k
1, f

G
k ); (t

k
2, p

k
2, f

G
k ); . . . ]

corresponds to, or in other words, to designate dkG ∈ D as the destination for Tk.

Remark: Concerning General Data Protection Regulation (GDPR), GPS data

will be converted and then integrated into our system rather than being directly

input. The processing of GPS data will be introduced in Section 3.6. This problem

is resolved each time a new GPS position is observed during the current trip. Since

this model relies on external features and the user’s real-time trajectory, it is feasible

to update the prediction result when a new GPS point is included.

3.3.4 Parking Space Availability Prediction

Notations: Lastly, we articulate the parking space availability prediction problem

as follows. Let Ak
t denote the number of available parking docks or spaces at station

sk ∈ S at time t. At represents the vector consisting of the numbers of the available

parking docks or spaces at all S stations in total at time t. Consequently, the length

of At is S. Moreover, we use fk
t to denote the value of external features at station sk

at time t, such as temporal features (e.g., day of the week) and weather conditions

(e.g., temperature) for model training, and we use MF to represent the length of fk
t .

Similarly, we denote the feature set values of all parking stations at time t by ft, so

the size of ft is S ×MF .
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Problem: Mathematically, the learning objective of this prediction model, which

is applied in the post-journey stage, is to find a function H(.) that addresses the

following problem:

At+1:t+n = H(At−m+1:t; ft−m+1:t) (3.7)

where m and n represent the input and output lengths of this model, respectively.

Besides, t+ 1 : t+ n denotes the output as a sequence of vectors from time t+ 1 to

t+ n.

Remark: Predictions for this problem persist until the user confirms the destina-

tion of this trip or reaches locations with the highest prediction occurrences. This

model is influenced by the arrival time and external features, and the arrival time

can be obtained using any commonly used map Application Programming Interface

(API).

To explain the reason for making multiple prediction results, we consider the

following example: A user plans to take a shared E-Bike trip from Point A to a

crowded bike station Point C, which is close to a less crowded station Point B. Using

multiple prediction results for each bike station in the next hour, at certain intervals

(e.g., 15 minutes), U-Park can forecast that Point C might have fewer parking spaces

available than Point B upon arrival with high confidence. In response, U-park will

recommend the user to park at Point B and walk to Point C rather than park at

Point C to avoid potential time costs in looking for parking spaces. This provides

a more convenient solution and helps prevent wasted time searching for parking

spots. As a result, users can better deal with uncertainty arising during their travel,

improving overall experience and satisfaction.

3.4 Multimodal Data & Dataset

In our work, data from three different sources was employed to provide trip-relevant

details from multiple perspectives, including (1) the trip details and trajectories pro-
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vided by MOBY BIKES 6 (MOBY dataset), (2) the meteorological data collected

from the Irish Meteorological Service7 (Meteorological dataset), and (3) the park-

ing station information sourced from NOW Dublinbikes8 (Dublinbikes dataset).

In this section, we detailed our analysis of the MOBY dataset and introduced how

these 3 datasets were integrated and contributed to solving our research problems.

3.4.1 Dataset 1: MOBY Dataset

The MOBY dataset is provided in a fully anonymous and GDPR-compliant manner,

purely for academic research purposes as part of the Smart DCU 9 programme, con-

sisting of two patterns of tables reflecting user rental reports and GPS trajectories.

Rental Reports

This section contains around 58,000 journey records, collected from January 2020 to

September 2021 in Dublin, Ireland, with 37 features in total, including information

about the user, E-Bike (e.g., Bike ID), consumption (e.g. Total price), time (e.g.,

Rental duration), position (e.g., Return location), and distance for each journey.

Some briefly descriptive statistical information for total duration and distance of

journey records are reported in Table 3.1. Some features in this dataset, such as

Voucher code and Status, do not provide highly relevant information for our anal-

ysis and were therefore excluded during data preprocessing. Additionally, records

containing “null” or “0” values in key features like Return time and Distance were

dropped to simplify the analysis. To further refine the dataset, we applied the Z-

score method to identify and eliminate outliers in features with exceptionally high

or low values, ensuring more reliable results.

In Figure 3.1, the histogram of trip duration compares E-Bike usage between

weekdays and weekends, based on 97.53% of the available data. The records used

in this chart were selected by excluding trips shorter than 5 metres, with dura-

6https://mobybikes.com/
7https://www.met.ie/climate/available-data/historical-data
8https://www.dublinbikes.ie/en/home
9https://smartdublin.ie/smart-districts/smart-dcu
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Table 3.1: Summary of descriptive statistics for duration and distance for all E-Bike
journey records.

Features Minimum Maximum Median AVG STD

Trip Distance (metres) 1.00 7914.00 371.00 586.66 653.90
Trip Duration (minutes) 0.17 4587.18 21.62 56.53 131.93

Figure 3.1: The histogram of trip duration based on partial data (97.53%).

tions under 1 second, or with average speeds exceeding 0.2 km/h, to remove outliers

and unreliable readings. The results indicate that most trips last between 600 and

800 seconds, with weekday usage higher than weekends, although the overall dis-

tribution remains similar. This suggests that E-Bikes are primarily used for short

daily commutes, with weekends showing a more dispersed pattern that may reflect

leisure-oriented trips. Further supporting this, Figure 3.2 presents the total number

of recorded trips and the percentage distribution of each E-Bike type across differ-

ent distance intervals. The results show that trip frequency increases sharply until

reaching a peak of 3,248 records at a distance range of 200–250 metres, after which

it gradually declines to near 0 beyond 2,500 metres. This confirms that most trips

cover very short distances, reinforcing the role of E-Bikes as a last-mile transport

solution rather than a long-distance alternative. Additionally, the DUB-General

bike type dominates across all distance intervals, consistently accounting for at least

90.59% of total users, while Private E-Bikes are rarely used, appearing only once
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in the 850–900 metre range.

Figure 3.2: Percentage and sum of records for each E-bike type.

GPS Trajectories

This part of the dataset captures the GPS coordinates of each E-Bike at different

time points, containing five features (Bike ID, Latitude, Longitude, Valid, and Time)

across more than 4 million records collected from January 2020 to September 2021.

During data processing, we identified duplicate records, particularly in the Time

feature, where multiple GPS signals were received from different satellites at the

same timestamp. To address this, we replaced the duplicated coordinates with their

mean values for each device at a given timestamp. Some redundant features were

removed, including Valid, which consistently held the value “1” across all records.

Finally, after removing a small percentage of records with missing values, the cleaned

dataset provides a refined representation of E-Bike trajectories. As illustrated in

Figure 3.3, the trajectory of bike No. 40 on a specific date is shown, where the

trip began on Wellington Road in Phoenix Park, highlighted in blue, and ended on

Heytesbury Street in Dublin 8, marked in red. The colour of each road segment,

ranging from green to red, represents the riding speed, from slow to fast, with values

from 0 to around 25.31 m/s. The E-Bike journey follows a structured path, moving

from a less dense area toward the city centre with a generally steady riding pace.
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Figure 3.3: Trajectory of bike No. 40 on a specific date.

Joint Analysis & Processing

To prepare the dataset for the implementation of U-Park, we considered all user data

in rental reports for the history-based model, filtered out users with less than 10

trip records in our dataset, and then selected the data from the top 5 users with the

most trips for the trajectory-based prediction model. As shown in Figure 3.4, these

users contributed 716 complete journey records in total, occupying about 14.37% of

the total trips, so we believe that such experiments can reflect the performance of

our proposed model to a certain extent.

Figure 3.4: The number of trip records for each user.

Table 3.2 illustrates the diverse trip patterns among the selected users. Specifi-
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cally, Users 1, 3, and 5 have a similar number of origins and destinations within their

trip histories. In contrast, there is a significant imbalance in the numbers of origins

and destinations for Users 2 and 4. The difference in trip patterns could be a chal-

lenge for the prediction model. It also highlights the necessity of effective strategies

that can accommodate and adjust individual user behaviours. To ensure compliance

with GDPR regulations, we performed the following steps: 1) splitting the feature

Starting Time into separate components for the hour and weekday, and 2) trans-

forming GPS information into road segment data, containing only road labels rather

than exact GPS coordinates, by Mapbox Map Matching API10.

Table 3.2: Statistics for selected user data.

User ID Trips Origins Destinations Proportions

User 1 260 25 25 0.0522
User 2 143 2 11 0.0287
User 3 109 40 31 0.0219
User 4 103 18 9 0.0207
User 5 101 26 14 0.0203

It is worth mentioning that a significant imbalance in trip origins and destina-

tions was observed for these users. To address this issue, we employed the Synthetic

Minority Over-sampling Technique (SMOTE) algorithm [196]. SMOTE works by

calculating the K nearest neighbours of each minority class sample, randomly select-

ing N samples from these neighbours for random linear interpolation, and generating

new minority class samples accordingly. This resulted in an augmented training set

with more samples in minority categories to address the imbalance problem.

3.4.2 Dataset 2: Meteorological Dataset

The meteorological dataset comprises historical hourly records from three moni-

toring stations: “Casement”, “Dublin Airport”, and “Phoenix Park”. It includes

multiple parameters such as precipitation amount, air temperature, and vapour

pressure. Each rental record was matched to the nearest station using Euclidean

10https://docs.mapbox.com/api/navigation/map-matching
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distance and its rental time, while GPS trajectory samples were paired based on

Euclidean distance and timestamp.

Figure 3.5: Temperature and precipitation of three monitoring stations.

An analysis of temperature and precipitation trends across these stations, as

illustrated in Figure 3.5, reveals distinct seasonal patterns. Specifically, Precipita-

tion exhibits periodic fluctuations, with peaks in winter and lower levels in summer,

reflecting a typical seasonal rainfall cycle influenced by regional atmospheric circu-

lation. Temperature also follows a clear seasonal trend, reaching its lowest levels

in winter and peaking in summer, with a sharp rise after May. Trends across the

three stations are highly consistent, indicating a relatively uniform temperature dis-

tribution across the city. However, Phoenix Park tends to record slightly higher

temperatures, possibly due to its urban park environment, while Casement shows

slightly higher precipitation in most months, which may be linked to local topogra-

phy and exposure to prevailing weather systems. A notable inverse relationship is

observed between precipitation and temperature, where higher rainfall often coin-

cides with lower temperatures, particularly in winter. However, this relationship is

not strictly linear and may be affected by some transient meteorological events.
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3.4.3 Dataset 3: Dublinbikes Dataset

Inspired by the successful application of the ASTGCN model in bike availability

prediction, as detailed in [71], we initially intended to adapt its structure to predict

parking space availability in our study. However, the MOBY dataset lacks specific

data on parking space availability at the parking stations. To address this, we as-

sumed that the distribution of available parking spaces in our dataset would resemble

that of a comparable open dataset, the Dublinbikes dataset used in [71]. We then

aligned the parking stations from both datasets based on geographical proximity.

The statistical histogram of parking space is illustrated in Figure 3.6.

Figure 3.6: Histogram of parking space in station 32 on York Street East.

3.5 Methodology & System Design

This section presents the system structure of U-Park to address the research ques-

tions discussed in Section 3.3. An overview of the system architecture is provided in

Figure 3.7, with hardware and user interface modules involved in all three journey

stages: pre-journey, in-journey, and post-journey, as defined in the previous section.

Again, we use a shared E-Bike system as an example of SMS systems for clarity.

U-Park consists of three main modules: a hardware module (e.g., E-Bikes with

various sensors), a user interface module (e.g., a mobile application), and a prediction
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Figure 3.7: The proposed system architecture for U-Park.

module based on ML prediction algorithms. Additionally, it incorporates external

feature sources, a database, and a trading module to manage financial transactions.

3.5.1 Hardware Module

The hardware module attached to U-Park’s E-Bikes serves three primary functions:

collecting physical data from the bikes, calculating trip deposits, and controlling

motor rotation. This module can be built on a Single-Board Computer (SBC), e.g.,

a Raspberry Pi with various sensors connected to interact with the cloud database.

When an unlocking or locking request is received, the SBC will unlock or lock the E-

Bike accordingly and calculate the trip deposit, and the motor status will be stored

in the database and updated in real-time throughout this trip. Additionally, this

module will upload the GPS coordinates of E-Bikes to our database, allowing both

administrators and users to track the current locations of E-Bikes.

3.5.2 User Interface Module

An Android mobile application has been developed to interact with users. It collects

trip origin data, communicates with the prediction model, and delivers recommen-

dations back to users. The application handles user credits, payments, and data

collection, which is then uploaded to the database through the trading module.

Furthermore, the application employs map APIs and QR code scanning to enable

users to view their current position, locate nearby E-Bikes, and unlock available
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E-Bikes by scanning QR codes.

When users open and log into the mobile application, their positions are located

on the map according to GPS coordinates. The map also displays the locations

and availability of E-Bikes using colour-coded markers, e.g., in Figure 3.11. Users

can input their intended destination dkU for a trip Tk. Once the user provides a

destination, the system proceeds directly to the post-journey stage, as described in

Section 3.5. However, our primary focus is on scenarios where users may not provide

input to the system, allowing us to address more complex and versatile situations.

Users can scan the E-Bike’s QR code to start the credit validation and deposit

payment process when clicking on an available E-Bike marker. The deposit amount

is determined by the total duration from the origin to the predicted destination,

as determined by the history-based model in Section 3.5. The equation employed

in this step (3.10) is detailed in the following section. If the user has sufficient

remaining credit to cover the deposit, the device is unlocked after payment, and the

journey status is updated in our database. Otherwise, the user is advised to add

credit to their account and try again.

The E-Bike GPS is continuously captured and uploaded until the user ends the

trip. Upon trip completion, the balance amount Fbalance is calculated by (3.8), which

is determined by the trip duration, the minimum distance to predefined stations,

and the deposit paid at the start of this trip.

Fbalance = f · (tkLk
− tk1) + Fparking − Fdeposit (3.8)

In (3.8), f represents the charge per second, tkLk
is the actual arrival timestamp

at the destination dk and Fparking is the predefined parking fee defined in Section 3.6.

If Fbalance g 0, it indicates that the user needs to be charged again at the end of the

trip, and if Fbalance < 0, a refund is provided.

56



Learning-based Methods for Optimising Shared Mobility Systems with Multimodal Data

3.5.3 Prediction Module

The prediction module serves two purposes: destination prediction and parking

space availability prediction. We employ a two-step prediction model to improve

the accuracy of destination prediction. When users initiate a trip, we first predict

a list of potential destinations, i.e., a set of dkH , using our history-based prediction

model. Subsequently, we refine it by our trajectory-based prediction module result,

i.e., dkG. In other words, destination prediction is divided into two stages: pre-

journey and in-journey. The final estimated trip destination d̂k is determined by

both dkH and dkG.

The workflow of the entire prediction module is illustrated in Figure 3.8, where

items coloured in yellow, orange, and green represent history-based and trajectory-

based destination predictions as well as the parking space availability prediction,

respectively. The red item summarises the final result of the destination prediction

task, while the blue items calculate probability distributions to make a recommenda-

tion regarding which parking station to use. For clarity, we summarise the notations

used for destination prediction in Table 3.3.

Table 3.3: Notations for destination prediction tasks.

Notation Explanation

dk the actual destination of trip Tk which will be recorded when the
journey ends

dkH the predicted destination of trip Tk which results from our history-
based model

dkG the predicted destination of trip Tk which results from our trajectory-
based model

dkU the user-planned destination of trip Tk which is determined by the
user when the journey starts

d̂k the overall result of the destination prediction module which is deter-
mined by dkH and dkG

ŝk the overall result of U-Park, the final parking station recommended to
the user when d̂k is decided
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Figure 3.8: Prediction module workflow.
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Pre-journey

Our prediction module focuses on destination prediction based on the user’s history

at this stage. Our classification model, as introduced in Section 3.5, is a probabilistic

classifier, which results in a probability distribution over a set of categories instead of

the most likely category. Consequently, we consider multiple destination candidates

with the highest probabilities and calculate the trip deposit Fdeposit accordingly.

(a) Pre-journey recommendation. (b) In-journey recommendation.

Figure 3.9: Sample user interfaces of recommendations.

Following the notations, when a user starts a trip Tk from the origin pk1, U-Park

collects necessary data, including the departure location, starting time, weather con-

ditions, and battery remaining power. Temporal, spatial, and weather-related data

are used for destination prediction, while the remaining battery power is compared

with the expected travel distance to determine if it is sufficient to complete this
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trip. If not, U-Park helps the user find other suitable E-Bikes. The predicted des-

tination candidates Dk
H , represented as a set of dkH , are then recommended for user

confirmation. Depending on the user responses, two cases are considered in this

step.

Case 1: If any result dx in Dk
H matches dkU , i.e., ∃dx ∈ Dk

H dx = dkU , and the

users confirm it by selecting it from the list given in our mobile application, or the

users enter a destination in the input box as shown in Figure 3.9(a), we denote

this case as dkU ∈ Dk
H . In this case, our prediction module adopts dkU as the final

destination result, i.e., d̂k ← dkU , and calculates the deposit accordingly. Then, the

system proceeds directly to the post-journey stage. Mathematically, the deposit for

trip Tk is determined by the timestamp tkU when the user arrives at dkH , estimated

by maps API.

Case 2: If none of the predicted results in Dk
H matches dkU , i.e., ∀dx ∈ Dk

H

dx ̸= dkU , or if the user disregards the recommendation in this stage, we denote this

case as dkU /∈ Dk
H . In this scenario, the system estimates the expected deposit value

based on the user’s historical destinations D and proceeds to the in-journey stage.

To estimate the expected deposit, we define Dk as the set of destinations for all trips

in the user’s historical record starting from the origin pk1, so Dk ¢ D. Let Dk denote

the number of elements in Dpk
1

, so we have Dk f D. For any destination dkl ∈ Dk,

the arrival timestamp is represented by tkl . We use Nl to denote the total number of

trips starting at pk1, and Nk
l to denote the number of trips starting at pk1 and ending

at dkl . Therefore, the weight wk
l of destination dkl is calculated as:

wk
l =

Nk
l

Nl

(3.9)

where
∑Dk

l=1 w
k
l = 1, so the deposit for trip Tk is determined by the timestamps of

arrival at all destinations in Dk and their corresponding weights.

To sum up, the equation for deposit calculation is given by
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Fdeposit =















f · (tkU − tk1) if dkU ∈ Dk
H

f ·
∑Dk

l=1 w
k
l · (t

k
l − tk1) if dkU /∈ Dk

H

(3.10)

where f is the same constant value used in (3.8) representing the charge per second.

In-journey

During this stage, the continuous GPS coordinates of the E-Bike are used to predict

the trip destination. Predicted trip destinations dkG are recommended to the user at

specific intervals and saved in a sorted list Dk
G, based on the frequency of occurrences.

Users can customise recommendation frequency, confirm destinations at any time,

or choose to ignore the recommendations while cycling. When users decide to end

their journey and make a payment, they click the corresponding button in the mobile

app. Three cases need to be considered in this step, depending on user responses.

Case 1: If any predicted result dy in Dk
G matches dkU , i.e., ∃dy ∈ Dk

G dy = dkU , and

the user selects it from the list in our mobile application, as shown in Figure 3.9(b),

we denote this case as dkU ∈ Dk
G. In this case, our prediction module adopts dkU as

the final result, i.e., d̂k ← dkU . The system enters the post-journey stage without

further destination prediction.

Case 2: If the user ignores all the recommendations and is not ready to end the

trip, we denote this case as ∄dkU . The system will use the result at the top of Dk
G,

which is the prediction with the highest occurrence value, e.g., a set of predicted

destinations followed by the number of their occurrence in Figure 3.9(b). Then,

U-Park will begin the post-journey stage but continue tracking user responses to

the predictions until an end command is issued.

Case 3: If the user does not choose any predicted destination but is ready to end

the trip by clicking the “End Journey” button shown in Figure 3.9(b), we denote

this case as dkU /∈ Dk
G, and set the user’s current location pk

−1 as the final result, i.e.,

d̂k ← pk
−1. The system will enter the post-journey stage.

Algorithm 1 demonstrates the workflow of our destination prediction module,
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in which HistoryBasedModel(.) and TrajectoryBasedModel(.) represent the pre-

diction models introduced earlier in this section. They are used to compute the

predicted destination results based on trip history and trip trajectory, respectively.

Specifically, if a user enters a desired destination, as shown in Algorithm 1, U-Park

will adopt user input as the final destination result, skip destination prediction, and

proceed directly to the post-journey stage.

Algorithm 1 Workflow of destination predictions

Input: An ongoing trip Tk = [(tk1 , p
k
1); . . . ], extra features fk, distance threshold dis, (user-planned

destination dkU )

Output: Prediction of destination d̂k
if dkU is initially given then

d̂k ← dkU
return d̂k

end if

while length(Tk) = 1 do

Dk
H ← HistoryBasedModel(Tk)

if ∃dx ∈ Dk
H dx = dkU (i.e., dkU ∈ Dk

H) then

d̂k ← dx
return d̂k

end if

wait for more trip data to be added
end while

while (UserStop(Tk) = False) & (d̂k = nothing) do
Dk

G ← TrajectoryBasedModel(Tk)
if ∃dy ∈ Dk

G dy = dkU then

d̂k ← dy

return d̂k
else if UserStop(Tk) = True then

d̂k ← pk
−1

return d̂k
end if

end while

Post-journey

When a user confirms a destination predicted by U-Park or the E-Bike’s location

approaches the final predicted destination d̂, within a distance of dis metres, our

final prediction module estimates parking space availability at nearby stations. This

prediction is based on destination location, weather conditions, and estimated ar-

rival time, as provided by the map API. The results represent the availability of

parking docks or spaces, helping to decide whether a particular station is feasible to

recommend for parking. For instance, if a prediction suggests more than 5 available
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parking positions upon arrival, with an MAE of less than 1 [137], we are more con-

fident in recommending that station, as it implies the user is likely to find suitable

parking without difficulty. However, if the predictions indicate that there are fewer

than, for example, 2 available parking positions, it implies that the user may have

difficulty finding parking at their intended destination. In this case, U-Park will

identify “available stations” based on the predicted results of nearby stations. An

“available station” is defined as a station su where the parking space availability Eu

exceeds a predefined threshold E. In Figure 3.10, we demonstrate the procedure for

determining parking station ŝk based on the probability distribution.

Figure 3.10: Parking station determination.

In the scenario shown in Figure 3.10, Station sA represents the parking station

at d̂, with an associated available parking space denoted as Ed̂ = EA. Stations sB,

sC and sD are the closest available stations to Station sA, i.e., within the region

of the yellow circle of radius m metres. In contrast, Station sE lies outside the

region and is not factored into the decision-making process. Formally, we express

this as ∀Ev > E, where Station sv ∈ {sB, sC , sD}. In this scenario, we assume that

EA < E, indicating that Station sA is not available for parking. Thus, the parking

station recommended to the user is chosen from only Stations sB, sC and sD. The

probability of recommending Station sv to this user can be calculated by (3.11). For
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instance, the probability of Station sC being recommended to the user in this case

is given by PC = EC/(EB + EC + ED).

Pv =
Ev

EB + EC + ED

v ∈ {B,C,D} (3.11)

The parking station recommendation method based on the probability works

better than simply advising every cyclist with the same destination to park at Station

sv because it avoids the rapid change in parking availability at Station sv caused by

the same recommendations. Instead, it helps balance the parking availability within

a specific area.

3.5.4 Trading Module & Database

At the beginning of a trip, the trading module charges the user for the trip deposit

as per the result of the prediction module, and users are billed for trip duration

and parking behaviour at the end of the trip. For instance, parking at suggested

stations may earn users rewards. Data from the hardware, user interface, and trading

modules is stored in a database, enabling interactions among these components.

3.6 Experiments & System Implementation

In this section, we introduce and provide an overview of the implementation of the

proposed system, U-Park, along with the experiments we conducted based on the

multimodal data detailed above as a use case.

3.6.1 Hardware Module

The hardware section is implemented using various sensors connected to the E-Bike

via a central controller, the Raspberry Pi 3 Model B, which is capable of processing

the physical status information collected by the sensors, including GPS time series

and digital lock status of the E-Bike. The GPS time series, required for our predic-

tion module, is then transmitted to our database for further use, while the digital
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lock status is used for interactions between the mobile application and the Rasp-

berry Pi to lock or unlock an E-Bike. Specifically, the E-Bike’s geographic location

is identified by NEO-6M GPS module, and its axial position is captured by the

MPU6050 gyroscope and accelerometer module.

3.6.2 User Interface Module

Our Android mobile application is developed using IntelliJ IDEA and installed and

tested on an OnePlus 7pro with a SnapdragonTM 855 processor. With Google

Maps API11, the interactive map is implemented, presenting the locations of the user

and E-Bikes, as well as predefined station locations with circles representing their

parking areas and digits showing parking availability in real-time. In Figure 3.11,

the orange marker represents the current user location, obtained via the Android

locating service. The green marker shows the current location of an E-Bike. Circular

areas filled with different colours define parking zones with different parking fees,

and the digit within each parking zone denotes its current parking availability. The

size of parking zones is dynamically scaled to account for changes in GPS positioning

accuracy in different areas for optimising performance in non-open areas.

Figure 3.11: User location, E-Bike position and predefined parking zones.
11https://developers.google.com/maps/documentation/directions
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The QR code scanning function, implemented by the ZXing library12, captures

the E-Bike’s Unique Identification Number (UID), GPS coordinates, and current

timestamp. The E-Bike’s UID serves for management and maintenance, while the

others are sent to our prediction module to predict the destination, which is sub-

sequently recommended to the user for confirmation, and to examine whether the

remaining battery power is enough for the predicted trip. If not, U-Park waits for

the user’s response and suggests an alternative E-Bike nearby that has sufficient

battery power. Conversely, if the battery power is enough, the predicted destination

is used to calculate the trip deposit. The calculated deposit and the user’s real-

time credit are then transmitted to the database for validation. Data transmission

between the user-end and the trading module is completed based on Web3j API13.

We used DynamoDB for data storage and hardware testing. Interactions with

DynamoDB are facilitated through the Amplify framework provided by Amazon

Web Services14 for database management. The GPS data contains trip details,

including trip ID, latitude, longitude, and timestamp. Additionally, we add extra

information when a trip ends, including the moving duration, moving fee, minimum

distance to stations, and parking fee. This enables us to validate trip deposits and

balances. Trip records also include rental and return timestamps, along with GPS

coordinates and physical attributes. A statistical description of this dataset is shown

in Table 3.4.

Table 3.4: Statistical description of test trip report collected.

Object t (s) Fm d (m) Fp

mean 83.50 0.0025 36.16 0.0636
std 89.32 0.0027 33.27 0.0414
min 11.00 0.0003 1.94 0.0000
25% 24.00 0.0007 10.61 0.0500
50% 30.50 0.0009 20.35 0.0750
75% 112.50 0.0034 56.75 0.1000
max 318.00 0.0095 95.19 0.1000

t (s) – Trip Duration in Seconds, Fm – Moving Fee, d (m) – Parking Distance in metres, Fp – Parking Fee.

12https://github.com/dm77/barcodescanner
13https://docs.web3j.io/4.10.0/
14https://aws.amazon.com/dynamodb/
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3.6.3 Trading Module & Database

Since this work focuses more on the design of the recommendation system, the

trading module and database can be realised using various technologies depending

on specific project requirements. Therefore, we will only discuss the management of

user credits in this section.

According to the incentive and punishment policy we introduced in Section 3.2,

the parking fee Fparking mentioned in Section 3.5 and applied in U-Park is determined

by a tiered fee approach, as shown in (3.12), where D1 and D2 are two distance

thresholds and Dmin represents the minimum distance, measured in metres, between

the E-Bike’s current GPS location and the locations of all available stations. Fpenalty

is the penalty imposed for the failure to park the E-Bike appropriately.

Fparking =































0 Dmin f D1

0.5× Fpenalty D1 < Dmin f D2

Fpenalty Dmin > D2

(3.12)

According to [197], the lowest mean walking speed indicates that a 50-metre com-

mute takes less than 1 minute, leading to a reward of e0.2 in our study. Considering

potential user heterogeneity, we set D1 and D2 to 50 and 100 metres, respectively.

As an illustrative example, this choice results in corresponding penalties for user

credits. To clarify, parking within the green circular zones in Figure 3.11 means

that Dmin < 50, leading to a parking penalty Fparking of 0 for this trip. Parking

within the yellow circular zones leads to half of the penalty while parking outside

results in the full penalty charge.

3.6.4 Prediction Module

As outlined in Section 3.5, our prediction module consists of three individual stages:

destination prediction based on trip history, destination prediction based on par-

tial trajectory, and parking space availability prediction based on station history.
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Each prediction task is addressed by various ML models. Initially, features of the

data used in our system only included trip origin and destination labels, starting

time, i.e., rental time, and hourly rental demand at the starting station (derived

from statistics). After adding in meteorology data (e.g., precipitation amount and

air temperature), the modified dataset, presented in Table 3.5, was used in the

experiment section.

Table 3.5: Sample data of trip records from the modified dataset.

O D W H R PA AT WBT DPT VP MSLP Road segment

215 199 1 16 2 0.0 21.0 18.4 16.7 19.1 1019.2 . . . , Stillorgan Road, . . .
215 214 5 14 2 0.0 5.9 4.7 3.1 7.6 1009.6 . . . , Stillorgan Road, . . .
261 261 0 20 2 0.0 13.5 7.9 0.1 6.2 1016.9 . . . , Queen’s Road, . . .
217 261 5 19 1 0.0 9.5 7.5 5.1 8.8 1006.8 . . . , Harbour Road, . . .
261 210 2 13 1 0.0 18.4 14.8 12.0 13.9 1024.8 . . . , Idrone Lane, . . .

O – Rental ID, D – Return ID, W – Rental Weekday, H – Rental Hour, R – Hourly rentals, PA – Precipitation
Amount (mm), AT – Air Temperature (C), WBT – Wet Bulb Temperature (C), DPT – Dew Point Temperature
(C), VP – Vapour Pressure (hPa), MSLP – Mean Sea Level Pressure (hPa).

History-Based Destination Prediction

In our model, the dataset is divided into training, validation, and test sets with an

8:1:1 ratio, and a basic ANN model is implemented including two hidden layers with

64 and 32 units, respectively, and a dropout layer between them. The number of

units in each layer is optimised by the Hyperband algorithm [198], and they may

vary when applied to other users’ trip records. The loss function used is Categorical

Cross Entropy (CCE), and the model performance is evaluated by Categorical Top-3

and Top-1 Accuracy metrics. To simulate the absence of certain features, we exper-

imented with different combinations of feature sets in our work. The feature sets

adopted are as follows: (1) rental location ID (Init); (2) rental hourly demand (D);

(3) rental hour and rental weekday (T); (4) precipitation amount, air temperature,

wet bulb temperature, dew point temperature, vapour pressure, and mean sea level

pressure (W).

Trajectory-Based Destination Prediction

Based on road segments transformed from the partial trajectory, we split the dataset

into training data, validation data, and test data with an 8:1:1 ratio, and trained
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several models to predict the destination candidate.

Simple RNN: A simple RNN model is implemented with a structure including a

dense layer with 64 units, a dropout layer, and a dense layer with 32 units.

ARNN: An Attention-based Recurrent Neural Networks (ARNN) model is imple-

mented with a structure including a dense layer with 64 units, a Bahdanau attention

layer, a dropout layer, and a dense layer with 32 units.

LSTM: An LSTM model is implemented with a structure including an LSTM

layer with 128 units, a dropout layer, and a dense layer with 32 units.

ALSTM: An Attention-based Long Short-Term Memory (ALSTM) model is im-

plemented with a structure including an LSTM layer with 128 units, a Bahdanau

attention layer, a dropout layer, and a dense layer with 32 units.

The number of units in each layer is also tuned by the Hyperband algorithm.

Specifically, for trips with a length of Lk > (50 + 10 − 1), we randomly select 50

numbers smaller than (Lk − 4) and accordingly extracted 50 samples starting from

the trip origin. Each sample is processed by considering only the first 4 and the

last 4 road segments to create a sub-trajectory for this trip. For instance, for a trip

Tk of which the length is 70, if a generated random number is 20, we take the first

20 points (i.e., [(tk1, p
k
1), . . . , (t

k
20, p

k
20)]) as one sample, and only use the first 4 (i.e.,

[(tk1, p
k
1), . . . , (t

k
4, p

k
4)]) and last 4 points (i.e., [(tk17, p

k
17), . . . , (t

k
20, p

k
20)]) to produce a

sub-trajectory. For the selected user, 46 trips were suitable for this prediction task,

resulting in 2,300 sub-trajectories containing the first four and last four road segment

labels. We tested different feature combinations for this model. The initial feature

combination (Init) is only a serial of road segment labels. Subsequently, we added

temporal attributes (T) and weather conditions (W) as features. The loss function

used is CCE, and the model’s performance is assessed using Categorical Accuracy.

Parking Spot Prediction & Recommendation

According to the histogram of parking space demonstrated in Figure 3.6, we approx-

imate that the number of available spots follows a normal distribution, and then set
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up the baseline model for our study as follows: Initially, we model the actual number

of parking spaces at each station using a normal distribution, i.e., N ∼ N (µ, σ2),

where µ is the average number of available spots and σ represents its standard de-

viation. Next, we compute the probability that the simulated number of vacancies

exceeds zero for each simulation run. Lastly, this process is repeated, ten thousand

times in our case study, to derive the average probability of obtaining at least one

available parking space.

Following the same experiment setup as in ASTGCN [71], we use the data on

a similar of available spots at each E-Bike station over the initial 3-hour period

to predict the parking space availability 45 minutes later. Specifically, each data

point represents the average number of available spots calculated over 15-minute

intervals, so the historical data length is 3 × 60 ÷ 15 = 12, while the prediction

length is 45 ÷ 15 = 3. The dataset is divided into training, validation, and test

sets with a 6:2:2 ratio. Features used include the number of available spots, time

of day, weekday, and weather condition description. The model is optimised by the

Adam algorithm, and other parameters, such as learning rate, are set the same as

introduced in [71].

After obtaining the prediction results, we optimise our recommendation based

on the strategy introduced in Section 3.5 which considers the parking availability

within a specific area rather than merely one parking station. The distance threshold

dis used in our experiments is 300, which means U-Park will find available stations

as recommendation candidates within 300 metres of the destination and provide

parking suggestions based on predicted parking spots.

3.7 Results & Discussion

3.7.1 Feature Selection

We introduced various feature combinations in the previous section. To reduce the

influence of random factors, we conducted 10 evaluations for each combination and
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recorded the mean values of each metric in Figure 3.12 and Table 3.6. We present

the results for five users for case-specific analysis. However, the outcomes may vary

when considering other users.

History-based Prediction Model

It is evident from Figure 3.12 that the Top-3 accuracy consistently outperforms the

Top-1 accuracy across all users and feature sets. Moreover, we found that includ-

ing additional features beyond the initial rental location ID significantly improved

model performance. For instance, for User 2, Top-3 and Top-1 accuracy increased

by approximately 11% and 31%, respectively, when incorporating demand (d) and

weather-related (w) features. However, the optimal feature set can vary depending

on the user. Specifically, User 4 achieved the highest Top-1 accuracy (around 67%)

with a combination of rental location ID (init), hourly demand (d), and weather-

related features (w).

Trajectory-based Prediction Model

Table 3.6 also demonstrates that the performance of the trajectory-based model

varies with different feature sets. Different to the history-based model, a combina-

tion of the initial input (road segment labels), time (t), and weather-relevant (w)

attributes consistently achieved the highest accuracy across all selected users. More-

over, the trajectory-based model significantly outperforms the history-based model,

reaching 100% accuracy for the majority of users and achieving 97.33% even for the

relatively challenging case of User 2.

Table 3.6: Trajectory-based results with different features.

User ID init t w tw

User 1 0.8875 1.0000 1.0000 1.0000
User 2 0.8907 0.9733 0.9667 0.9720
User 3 0.7133 1.0000 1.0000 1.0000
User 4 0.9592 1.0000 1.0000 1.0000
User 5 0.6750 1.0000 1.0000 1.0000

Useravg 0.8251 0.9947 0.9933 0.9944
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Figure 3.12: History-based results with different features.

3.7.2 Model Comparison for Trajectory-based Prediction

Figure 3.13 Compares the performance of various trajectory-based models, including

simple RNN, ARNN, LSTM, ALSTM). It is obvious that incorporating trajectory

information can significantly improve system performance, with accuracy improve-

ments ranging from 29% (User 1) to 82% (User 4) compared to the model based

on history. The significant differences across users suggests that individual travel

behaviours have a strong impact on prediction performance. Users with consistent

and repetitive travel patterns, such as User 4, will enable the model to learn sta-

ble trajectory-to-destination mappings, resulting in greater benefits from sequential

modelling. In contrast, users like User 1, whose trips involve more diverse destina-

tions and irregular routes, constrain the model’s ability to generalise and therefore

lead to smaller improvements. Interestingly, different ML models exhibit varying

effectiveness among different users. While all models achieve 100% accuracy for

certain users with consistent travel patterns, the best model may vary based on
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individual user behaviour.

Figure 3.13: Trajectory-based results with different models.

3.7.3 Selection of K-value

As mentioned above, the first k and last k points in the journey play a significant

role in the prediction results. Thus, we conducted experiments to assess the impact

of different values of k, i.e., input size, and summarised the results in Table 3.7,

from which we found that the highest prediction accuracy was achieved when k = 4.

Consequently, the optimal choice for k in this prediction task is 4, which balances

the prediction accuracy and input size.

Table 3.7: Impact of input size on prediction results.

K Value 1 2 3 4 5 6 7 8 9 10

Test Loss 0.0856 0.1027 0.1113 0.0654 0.0828 0.0804 0.0694 0.0977 0.1069 0.1057
Test Accuracy 0.9698 0.9609 0.9478 0.9789 0.9667 0.9774 0.9763 0.9641 0.9618 0.9571

3.7.4 Parking Space Availability Prediction & Impact

We illustrate the performance of our parking space availability prediction with exam-

ples from five parking stations in Table 3.8, which includes each station’s location

(latitude and longitude), basic statistical information of available spots (average

value and standard deviations), as well as different MAE and Root Mean Squared

Error (RMSE) metrics based on the predictor used.

To best illustrate the efficacy of the proposed system, we evaluated the proba-

bility of finding a parking spot for five real users across three different settings: (a)

without any recommendation system as a baseline (User X baseline); (b) using the

parking availability predictor (User X predicted); and (c) using our U-Park system
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Table 3.8: Performance (MAE & RMSE) of parking spot prediction.

Spot Latitude Longitude
Available Spots Prediction Results

mean std MAE RMSE

1 53.3569 -6.2680 14.4737 4.7863 0.8880 1.3993
2 53.3511 -6.2700 14.4107 4.6208 1.0018 1.5732
5 53.3431 -6.2707 14.3387 5.6082 0.8363 1.3962
6 53.3430 -6.2733 23.7705 5.0778 0.8853 1.7610
8 53.3420 -6.2648 13.2831 8.3851 2.0066 3.2325

Figure 3.14: Impact of parking space prediction and optimisation.
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(User X optimised), which recommends the station with the highest likelihood of

finding a spot near the user’s destination. Our key findings are shown in Figure 3.14.

Specifically, for a given predicted percentage of unavailable spots, we calculate the

probability of finding a parking spot in each of the three settings for all five users.

The probabilities vary by user, as they are averaged based on historical data from

all stations each user has visited. Furthermore, our results demonstrate that the

prediction module can significantly help improve the probability of all users obtain-

ing a parking spot compared to the baseline result, thanks to its high prediction

accuracy, i.e., low MAE. U-Park further optimises performance over the predicted

results, especially when parking spot unavailability ranges from 88% to 96%, lead-

ing to an average improvement of 24.91% and a peak of 29.66% across the five real

users analysed. Clearly, this demonstrates the efficacy of our system in real-world

scenarios, especially where parking availability is limited.

3.8 Limitations

Our framework proposed in this chapter represents the initial stage of developing

smart parking management for SMS. Although our system has been tested using

real-world data, it has not been implemented in a practical context. The final pre-

diction stage, focusing on parking space availability for docked SMS, relies heavily

on real-world data from shared E-Bike stations, which we had to approximate with

comparable datasets during the study as an alternative. Reliable and comprehen-

sive data are crucial for accurate predictions, but acquiring open data sources with

detailed GPS time series and parking space information at each station remains a

challenge, as such information is typically held by service providers. Incorporating an

automated mechanism for model selection and hyperparameter optimisation would

enhance our system. Our current work has primarily utilised simple ML models due

to the limited dataset size, as more complex models could lead to overfitting. Access

to larger and more diverse datasets, along with advanced ML models, is expected

to substantially enhance the performance and universality of our recommendation

75



Learning-based Methods for Optimising Shared Mobility Systems with Multimodal Data

system within the existing framework. Besides, given that most E-Bike docking sites

are generally located in open areas in our case study in Dublin, Ireland, our analysis

was based on the assumption that it applies to these environments. Therefore, we

did not specifically address non-open areas in our system.

3.9 Summary

Table 3.9: Summary of travel demand & destination prediction methods.

Study Method Prediction Target Data Used

[133] Regression models E-Bike demand E-Bike trip records, regional context,
weather data, etc.

[134] GTWR E-Bike demand E-bike trip records, regional context,
weather data, etc

[45] SARIMA, GARCH E-Scooter demand E-Scooter trip records.

[65] Conv-LSTM Bicycle demand Bicycle trip records

[135] MFCN E-Scooter demand E-Scooter trip records

[136] LSGC-LSTM Bicycle demand Bicycle trip records

[73] STGCN Bicycle demand Bicycle trip records

[137] GGNN Bicycle demand Bicycle trip records

[44] HC-LSTM Bicycle demand Bicycle trip records, regional context,
weather data, etc

[66] DPNst Bicycle destination Bicycle trip records

[177] XGB, ANN Bicycle destination Bicycle trip records, regional context, etc

[70] Conv-LSTM Trajectory path Walk, bike, bus and car GPS records,
weather data, etc

[178] HMM Car destination Car GPS records

[49] MDLN Car destination Car GPS records

[193] ARNN Car destination Car GPS records, regional context, etc

This
work

(A)RNN, (A)LSTM
Bicycle demand
& destination

Bicycle trip records, bicycle GPS records,
weather data, etc

This chapter introduces U-Park, a smart parking management solution for SMS

to enhance parking prediction and user experience based on multimodal data. We

outlined its architecture, integrating multiple data sources, including historical trip

records, real-time GPS trajectories, parking space availability, and environmental

factors, across three predictive stages to provide personalised and adaptive parking

recommendations. For the prediction of trip destinations in the first two stages, we
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significantly improved accuracy to over 97.33% by employing a partial trajectory-

based ARNN model, which dynamically refines predictions from a trip history-based

model. Additionally, our parking space availability prediction model empowers U-

Park to suggest the optimal parking station to users based on the availability of

predicted parking spaces, improving the probability of obtaining a parking spot by

24.91% on average and 29.66% on maximum when parking availability is limited.

To contextualise the adopted approach, a summary of the methods and data types

used in this study compared with existing work is provided in Table 3.9.
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Chapter 4

Privacy-Aware Energy

Consumption Prediction

BEVs are an increasingly important component of SMS, offering cleaner alternatives

to conventional transport. However, accurately estimating their energy consumption

remains a key challenge, particularly when considering diverse real-world factors

such as environmental conditions, driving behaviour, and traffic dynamics. This

chapter addresses the second major challenge identified in Chapter 1, i.e., how to

model shared BEV energy consumption using multimodal data while preserving user

privacy. We introduce a FL-based approach enabling decentralised privacy-aware

energy prediction without compromising model performance. This work is conducted

in collaboration with Hongyuan Fang, Ji Li, Tomas E. Ward, Noel E. O’Connor,

and Mingming Liu, and published in [33].

4.1 Introduction

The transition from conventional internal combustion engine vehicles to EVs has

emerged as a major global initiative due to increasing concerns related to the envi-

ronment and public health. Governments worldwide are introducing policies, laws,

and regulations to promote EVs. For instance, the Members of the European Par-

liament recently approved regulations to encourage the production of zero- and
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low-emission vehicles, such as EVs and plug-in hybrids1. In Ireland, the Zero Emis-

sion Vehicles Ireland office has been established to switch an expected 30% of the

private car fleet to electric by 20302. Furthermore, numerous studies have indicated

a significant reduction in air pollution, noise pollution, and dependence on fossil

fuels [199], [200], [201] resulting from the adoption of EVs.

Energy modelling is essential for policymakers to assess the impact on the grid,

identify necessary infrastructure requirements based on vehicle-to-grid technology,

and inform energy policy to support the transition to clean transportation to en-

hance the overall driving experience while mitigating transportation’s environmental

impact [202], [203]. It is beneficial to automakers and companies in understanding

the performance of EVs and optimising the energy usage patterns, leading to im-

proved battery management and energy efficiency [204], [205]. Besides, accurate

predictions of energy consumption can enable drivers to make informed decisions

regarding trip planning, route selection, and charging strategies [149], [206].

To this end, various methods have been applied in this research field, ranging

from system dynamics models to statistical and data-driven models [43], [53], [59],

[67], [143], [144], [207]. However, with the increasing volume of multimodal data

generated by connected vehicles, conventional energy modelling methods cannot of-

ten efficiently manage the produced data. Specifically, these methods often require

data collection from various sources to create and train a centralised model. This

centralised approach can introduce challenges in data management, such as data

transfer and the risk of data leakage. Instead, FL offers a promising solution that

enables vehicles to share local models rather than raw data [208] in a decentralised

manner for better data privacy, security, and scalability. While FL-based methods

may demand increased computational resources and more robust communication in-

frastructure [209], their superior learning capabilities can generally lead to improved

model performance in accuracy, precision, and generalisability for many real-world

1https://www.europarl.europa.eu/news/en/press-room/20230210IPR74715/fit-for-5

5-zero-co2-emissions-for-new-cars-and-vans-in-2035
2https://www.gov.ie/en/campaigns/18b95-zero-emission-vehicles-ireland/
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applications [210], [211], [212], [213], [214], [215], [216].

In our preliminary study [138], FL methods show great potential to deal with

privacy issues of connected vehicles. Edge-cloud computing is believed to be the key

to meeting all challenges in big transportation data [217], [218], [219], [220]. Based

on these foundations, our research aims to achieve energy consumption modelling for

EVs based on FL methods and investigate the effectiveness of models together with

edge-cloud computing techniques. By evaluating and comparing the performance of

different models for BEV energy consumption prediction with various configurations,

we provide recommendations for their practical implementation in different real-

world scenarios. The main contributions of this work are outlined below:

� An extensive review of existing methods employed in previous research focus-

ing on energy consumption modelling for EVs.

� A comparative study is conducted on five local model candidates and five FL

algorithms to identify the optimal combination for BEV energy consumption

modelling.

� The performances are evaluated for the models with different setups, including

the number of iterations, data splitting ratio, and input data size.

� By leveraging distributed data sources and FL, the proposed method offers

the potential to overcome data privacy concerns and enhance the accuracy

and efficiency of energy modelling for EVs.

� The proposed method is discussed in two centralised and decentralised edge-

cloud computing structures for BEV energy consumption modelling. This

enables more accurate predictions of energy consumption in various real-world

scenarios.

The structure of this chapter is as follows: In Section 4.2, we provide a review of

the relevant literature on energy consumption modelling for EVs and FL algorithms

and their applications. The research question and object are explained in detail in
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Section 4.3. Section 4.4 provides the description and analysis of our dataset, and

Section 4.5 describes the methodology employed in our work. Section 4.6 presents

the experiment setups and corresponding results, and relevant discussions and lim-

itations are included in Section 4.7. Finally, we conclude our work in Section 4.8

and discuss future plans and potential improvements.

4.2 Related Work

In this section, a comprehensive overview of the literature on energy consumption

modelling for EVs is provided first. Secondly, an introduction to FL algorithms

is presented with some applications. The unique advantage of FL algorithms in

addressing privacy concerns is discussed at the end.

4.2.1 Energy Consumption Modelling

The literature on estimating energy consumption modelling for EVs has used three

distinct categories of methods: white box, grey box, and black box. This section

aims to provide a brief introduction to white and grey box methods while focusing

primarily on black box methods.

White Box Methods

Methods that integrate physical constraints into their modelling process, known as

white box methods, are invariably built upon theories of vehicle dynamics. These

approaches typically estimate energy consumption by employing vehicle dynamics

principles with data obtained from a single vehicle. For instance, [221] explores

power relationships with velocity, acceleration, and road grade for EVs through sta-

tistical analysis and an analytical model based on vehicle dynamics principles. The

data used in this study, including battery status, speed, acceleration, and position,

was collected from a single test vehicle. For readers interested in further exploration

of this topic, we recommend referring to the studies in [141], [222], [223], [224], [225],
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[226], [227].

Grey Box Methods

Researchers have applied grey box methods to estimate energy consumption by

combining physical knowledge with data fitting techniques. These methods, capa-

ble of handling larger datasets through data fitting techniques, primarily focus on

the input and output of models using data collected from individual vehicles. For

example, the authors of [228] investigated energy consumption modelling for EVs

using data collected from custom-designed EVs. Their approach blends physics-

based equations with empirical data, resulting in a hybrid power model that offers

improved energy consumption estimations and addresses range anxiety concerns.

Furthermore, statistical techniques such as the Monte Carlo method [229], multi-

nomial logistic regression [230], and Gaussian process regression [231] have been

utilised for similar purposes. For those interested in further exploring this topic, we

recommend referring to the studies mentioned in [142], [232], [233], [234].

Black Box Methods

Instead of physical knowledge, black box methods use data fitting techniques, such as

ML models, because of their capacity to make predictions and analyses of datasets.

Some classic ML models, such as Support Vector Machine [59], Decision Tree and

RF [53], have been applied and estimated in previous relevant work. Furthermore,

DL methods such as ANN [43] and CNN have also been employed to solve the same

problem. Methods mentioned above are widely used to estimate energy consumption

for EVs based on clustered data collected from multiple vehicles. For instance, in

[144], the authors employed XGB to forecast energy consumption based on the real-

world data collected from 55 electric taxis from 2017 to 2018 in Beijing, China. The

method demonstrated an impressive performance with a RMSE of 0.159 kWh. For

further information, we refer interested readers to the explanations included in [43],

[53], [59], [67], [143], [144], [207].
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4.2.2 Privacy-Aware in Transportation Data

The utilisation of transportation data has gained significant traction in both research

and industry applications. However, the integration of transportation data without

the consideration for privacy can give rise to various risks and consequences. Recent

scholarly investigations [217], [218], [219], [220] have elucidated and examined the

potential risks associated with the usage of big transportation data, including pri-

vacy infringement, data breaches, misuse, and the erosion of user trust. For instance,

direct usage of source data may expose sensitive information. [220] highlighted how

the divulgence of origin-destination information of individual users can compromise

their privacy, allowing malevolent actors to deduce their residential or workplace

locations. Another pertinent issue related to big transportation data exists in open

datasets. As outlined in [217], by cross-referencing publicly available datasets from

the New York City Taxi and Limousine Commission, the cash tips paid by celebrities

could be discovered and released easily. The perception of data vulnerability and

the potential for misuse or privacy breaches can undermine user trust, resulting in

a hesitancy to share data or participate in related research endeavours.

Simultaneously, the studies referenced above have also highlighted the advan-

tages of incorporating privacy-aware methodologies in the context of transportation

data. These benefits can be summarised as follows:

� From the users’ perspective, the implementation of privacy-aware approaches is

paramount to safeguarding user data, ensuring that sensitive information such

as personal identities, location data, and behavioural patterns are adequately

protected. By prioritising privacy, users can have greater confidence in sharing

their data and engaging in various services and platforms.

� From the operators’ standpoint, adopting privacy-conscious practices is instru-

mental in building trust and cultivating a positive reputation among users.

This, in turn, can foster increased user participation, collaboration, and sup-

port for initiatives that prioritise privacy protection. Operators who prioritise
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user privacy are more likely to attract and retain a loyal user base.

� In terms of privacy regulations and ethical considerations, adhering to privacy-

aware practices is crucial for organisations to comply with relevant privacy

laws and regulations. By implementing robust privacy measures, organisa-

tions demonstrate their commitment to respecting individuals’ rights to pri-

vacy and autonomy. Aligning with ethical principles promotes a responsible

and trustworthy environment for data collection and usage.

4.2.3 Federated Learning

To reduce the computational complexity and enhance the privacy preservation of

the centralised approach, FL was developed and recently it has received considerable

attention thanks to its ability to enable multiple data holders, such as EVs, to

collaboratively train models without the need to share their underlying data, thereby

providing a natural safeguard against data privacy breaches [31], [235], [236]. As a

subfield of ML, FL methods bring revolutionary changes to the conventional system

identification process. Instead of processing the data which is previously collected

from a single vehicle or clustered from multiple vehicles, FL methods enable each

vehicle to collect data and train the individual model locally without raw data

sharing, so it is unnecessary to anonymise the data as what conventional methods

did. Besides, the capability of FL methods to deal with large-scale data makes it

possible to update the trained model and make the decision in time rather than

optimise the system performance after another round of data clustering, processing

and model training.

In the seminal paper [237], the Federated Stochastic Gradient Descent (FedSGD)

and Federated Averaging (FedAvg) algorithms were first proposed. A recent study

[238] employed CNN and bidirectional LSTM networks as local models and imple-

mented FedAvg for global optimisation. The study revealed that the performance

of the model improved compared to the original local model. In another study [239],

the authors proposed the Federated Proximal (FedProx) framework, which aims to

84



Learning-based Methods for Optimising Shared Mobility Systems with Multimodal Data

address the challenges posed by statistical and system heterogeneity in the context

of FL.

The domain of EVs is characterised by significant variability in data distribu-

tion across different devices. Recent research has proposed novel approaches such

as Federated Personalisation (FedPer) [240] and Federated Representation Learning

(FedRep) [241] to address the challenges arising from this statistical heterogeneity.

These methods introduce the concept of dividing the model into standardised lay-

ers, which perform weight sharing across the devices, and personalised layers, which

are responsible for generating the final personalised output based on the local data

of each device. These methods represent a promising strategy for mitigating the

negative impacts of statistical heterogeneity in FL for EVs. Several survey papers,

including [242] and [243], have listed various comparative experiments where dif-

ferent FL approaches (e.g., FedAvg and FedPer) with diverse local models, such as

LSTM and GRU, have been implemented and compared.

Among the five FL algorithms previously discussed, i.e., FedSGD, FedAvg, Fed-

Prox, FedPer, and FedRep, each exhibits unique strengths within this domain. While

some studies have compared specific pairs of these algorithms, a comprehensive com-

parison of all five is still warranted to offer a more thorough understanding of their

respective advantages and limitations.

4.3 Problem Formulation & System Model

In this section, we present our research object in terms of the research problem

statement, the specification of vehicles, and the introduction of energy consumption

calculation. The problem statement part provides a comprehensive overview of

the research objectives, while the vehicle specification outlines the parameters of

the vehicles used in the experiment. Additionally, the last part talks about the

benchmark for calculating the energy consumed in transit.
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4.3.1 System Setup

We consider a scenario where a BEV company wishes to improve its customers’ satis-

faction and convenience in the aspect of battery capacity management by enhancing

the performance of its energy consumption prediction model while respecting the

customers’ privacy (e.g., without sharing their trip detail data such as location,

time, speed, or the status of the remaining charge of the vehicle battery). Thus, the

aim of our research is to implement and improve the energy consumption prediction

by keeping the collected private dataset locally but updating the ML models glob-

ally with the help of different FL methods. To do this, we assume that each BEV

in the system is equipped with an onboard computing/communication unit, which

is connected to our sensor group including various sensors capturing different trip

attributes (e.g., velocity, trip distance, temperature and road slope) and is able to

process the data collected, train a local ML model accordingly and communicate

and transfer data with other sections.

Similar to the model setup presented in our previous work [138], we now formu-

late the BEV energy consumption prediction as follows. Let N be the number of

BEVs in our system and N := {1, 2, 3, . . . , N} be the set for indexing these BEVs.

For a vehicle i ∈ N, we assume the number of its trip records is K and denote its jth

trip by Ti,j where j ∈ {1, 2, . . . , K}. If our sensor group captures the trip features

M times in trip Ti,j, the trip features will be divided into M sets accordingly. Thus,

at a given sampling moment t ∈ {1, 2, . . . ,M}, the feature set is represented by f t
i,j

and consequently, the trip Ti,j could be defined based on its feature sets as:

Ti,j = [f 1
i,j, f

2
i,j, . . . , f

M
i,j ] (4.1)

Assuming that the length of the trip feature set is L, we could denote the feature

set at the sampling moment t in the trip Ti,j by:

f t
i,j = [f t

i,j(1), f
t
i,j(2), . . . , f

t
i,j(L)] (4.2)
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where each f t
i,j(k) represents the kth feature in the feature set f t

i,j, so accordingly,

all the K historical trip records of the vehicle i could be defined as a collection of

all trips during the day as:

D
i = [Ti,1,Ti,2, . . . ,Ti,K ] := [Di(1),Di(2), . . . ,Di(L)] (4.3)

where D
i(k) is a column vector of Di where only the kth feature of the trip data

is included. Assuming that the last feature, i.e., Di(L), represents the energy con-

sumption data Ei of the vehicle i, we could use the other columns in D
i as the input

feature F i for training the local model for the vehicle i, which could be defined as:

F i := [Di(1),Di(2), . . . ,Di(L− 1)] (4.4)

and output label data, i.e., the energy consumption data of the vehicle i (Ei), could

be defined as:

Ei := D
i(L) (4.5)

Finally, for a given time t, we define the past m observations from the input

and output sets as F i
t−m+1:t and Ei

t−m+1:t, respectively. The output vector has a

dimension of m, representing the energy consumption, while the input matrix has

a dimension of m × (L − 1), representing the feature set at each given time point

with the past m steps in standard time units. Here, we consider the overall energy

consumption data during the m steps instead of the point-wise data of the vector,

so we define the overall energy consumption within the past m observations as:

Êi
t−m+1:t := 1T · Ei

t−m+1:t ∀t ∈ K (4.6)

where 1 ∈ R
m is the column vector with all entries equal to 1, and K := {m,m +

1, . . . } is a feasible indexing set.

Given the notation above, a local model training process for vehicle i can be
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defined to find a local hypothesis functionHi(·) which is able to address the following

problem:

min
Hi

∑

t∈K

∣∣∣Êi
t−m+1:t − Ẽi

t−m+1:t

∣∣∣

s.t. Ẽi
t−m+1:t = Hi(F

i
t−m+1:t)

(4.7)

4.3.2 Research Object

The studied vehicles are considered the same type of passenger BEVs as shown in

Figure 4.1. It is equipped with an electric motor of a maximum of 102 kW at 3000

rpm and a battery pack with 120s5p cells for a total usable energy of 45 kWh and

a maximum power of 160 kW. In order to maximise reliability, vehicle models are

constructed through the industrial development software AVL Cruise M3.

Figure 4.1: Standard vehicle architecture.

In this model, battery management and electric motor control systems are in-

volved to ensure that the vehicle works under safe conditions, i.e., the power lim-

itation of the battery pack and a current limit for the e-motor to match the bat-

tery limitation. The most used functionalities of velocity-dependent regenerative

braking, electrical-mechanic parallel braking and battery current limitation are also

represented. By modifying the cockpit output signals, the electric drive control cal-

culates the e-motor load signal in both traction and recuperation conditions. If the

3https://www.avl.com/en/simulation-solutions/software-offering/simulation-too

ls-a-z/avl-cruise-m
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braking effect of the electric motor torque is below the driver’s request in terms of

equivalent brake pressure, then the service brakes are supplied with pressure.

4.3.3 Energy Consumption Calculation

The model setup has been introduced in the previous sections, while here we present

the method used to calculate energy consumption as the benchmark of our work

based on the introduction in our previous work in [244]. The energy consumption of

the studied EVs is all generated from its battery pack. In the model of the battery

pack, battery cell current and voltage are applied in iterative calculations to simulate

the battery cell dynamics. Starting from each iteration, the battery cell current Ibc

needs to be calculated firstly by the following formula:

Ibc =
Pbp

nbc · Vbc

(4.8)

where Pbp is the power of the battery pack, nbc is the number of battery cells and

Vbc is the terminal voltage of the battery cell. Here, a standard Resistor-Capacitor

equivalent battery model is employed to expose the current-voltage dynamics of a

lithium-ion battery cell. The battery’s voltage dynamics must obey:





Vbc = Voc(SoC)− Vp1 −R0(SoC)Ibc

Cp1(SoC) · dVp1

dt
= Ibc −

Vp1

Rp1(SoC)

(4.9)

where Voc is open circuit voltage, which is a function of the battery cell’s State of

Charge SoC; Vp1 represents the transient voltage; R0 and Rp1 indicate the effective

series resistance and the transient resistance; and each of them is a function of the

battery cell’s SoC; Cp1 indicates the transient capacity, which is a function of the

SoC as well. The SoC of the battery cell is calculated by:

SoC = SoC0 −
∫ t

0

Ibc

Qbc

dt (4.10)

where SoC0 is the initial SoC of battery cells and Qbc is quantity of electric charge
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of battery cells. The battery cell data and calibrated model parameters are soured

from AVL Cruise M.

This work simplifies the battery package computational complexity by not con-

sidering the unbalance between cells in the battery pack, as their overall range will

not be affected. So far, the energy consumption of each cell J used in the studied

EVs can be calculated as:

J =

∫ t

0

(Voc(SoC) · Ibc) dt (4.11)

4.4 Multimodal Data & Dataset

This section presents two datasets used in this study, each offering unique perspec-

tives on vehicle energy consumption. The first dataset, Vehicle Energy Dataset

(VED), provides large-scale, sensor data collected directly from vehicles in the real

world, providing some physical and operational attributes such as speed, fuel usage,

and auxiliary power. On the other hand, the second dataset, the AVL-Generated

Dataset, is formed by feeding selected VED trips into the vehicle dynamics model

introduced in Section 4.3, combining observed inputs, e.g., GPS, altitude, and speed,

with simulated outputs, e.g., temperature, actual velocity, and trip distance.

4.4.1 Dataset 1: Vehicle Energy Dataset

VED is a real-world open dataset featuring a single-source data modality, composed

of onboard time-series telemetry data including GPS trajectories, fuel usage, energy

consumption, speed, and auxiliary power usage collected from 383 personal cars in

total (264 gasoline vehicles, 92 hybrid EVs, and 27 EVs or plug-in hybrid EVs)

through onboard data loggers from November 2017 to November 2018 in Michigan,

USA [245]. A visualisation of a partial trip is presented in Figure 4.2, where blue

icons represent the starting point and ending point, and the colour of each segment

denotes the driving speed, with green indicating faster movement and red indicating
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slower movement.

Figure 4.2: Trajectory of a partial EV trip in the VED dataset.

(a) SOC drop v.s. trip duration. (b) SOC drop v.s. average speed.

Figure 4.3: Analysis of SOC consumption patterns across trips.

To better understand the factors influencing changes in SOC, we analysed one

week of data in VED and examined two specific relationships: between the trip

duration and SOC drop, and between the average speed of the whole trip and SOC

drop. As shown in Figure 4.3, trip duration and average speed exhibit differing

correlations with SOC drop. Trip duration shows a clear positive relationship, i.e.,

longer journeys usually lead to greater reductions in SOC. The concentration of data

points suggests duration is a key factor. In contrast, the average speed of a whole

trip shows only a weak correlation, with a shallow slope of the fitted line and low

R2 value, indicating a limited contribution to the SOC change.

91



Learning-based Methods for Optimising Shared Mobility Systems with Multimodal Data

4.4.2 Dataset 2: AVL-Generated Dataset

To construct a more diverse multimodal dataset, we selected 10 trips from VED with

a duration longer than 1,800 seconds, and we then extracted the GPS coordinates,

altitude, and speed data to serve as inputs to our vehicle model described above,

with speed specifically used as the desired velocity. The model output includes

multiple trip-related attributes such as temperature, actual speed, and trip distance,

which we compiled into a comprehensive dataset. In total, the dataset consists of

10 tables for 10 vehicles, each containing 1,800 rows and 12 columns representing

various features. Unlike the original VED dataset, this generated dataset combines

both real-world sensed data, e.g., GPS, altitude, and speed, and simulated outputs

generated by a vehicle dynamics model, resulting in a multimodal data including

physical, behavioural, and model-generated attributes.

We analysed the data across all 10 vehicles and observed a correlation between

average speed and total energy consumption over each 60-second interval. For in-

stance, the relationship between average speed and energy consumption for Vehicle

1 is shown in Figure 4.4. It is evident that there is a slight delay in the change

of the average speed relative to the energy usage. Following our analysis, we have

determined that this delay is approximately 23 seconds.

The energy consumption values in 60-second intervals have a wide range from

a minimum of -28.15 Wh to a maximum of 283.38 Wh. The data analysis results

revealed the distinct statistical features of individual vehicles, which suggests that

they have been exposed to different road conditions and other circumstances in the

1,800 seconds of observation. Additionally, Figure 4.5 indicates that there are many

outliers in the data of Vehicle 1 and Vehicle 5, all of which were verified as valid

data points rather than anomalies.
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Figure 4.4: Effect of average speed on energy consumption in Vehicle 1.

Figure 4.5: Box and violin plot of energy consumption for each vehicle.

4.5 Methodology

In this section, we briefly introduce centralised and decentralised FL structures, spec-

ify the ML models used as our local model candidates and provide a comprehensive

overview of some FL optimisation algorithms which have been widely employed in

a variety of domains.

4.5.1 Federated Learning Structures

In general, FL methods can be implemented in both centralised and decentralised

structures, which are tailored to various real-world conditions. Specifically, a cen-

tralised FL implementation is illustrated in Figure 4.6, where each local model is

trained on private data collected from a BEV and transmits the requisite informa-

tion to the centralised server. After calculating and updating the global model, the

unique information is sent back to each BEV to update its local model. In this sce-

nario, a powerful centralised server is indispensable, and the requirement for BEV

computing units is relatively low.

In contrast, for a decentralised FL structure, as demonstrated in Figure 4.7,
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Figure 4.6: Centralised FL architecture.

BEVs share essential information and perform local model calculation and updating

independently instead of relying on a server. In this case, the requirement for BEV

computing units is greater, but the need for a centralised server is eliminated.

Figure 4.7: Decentralised FL architecture.

4.5.2 Local Model Selection

Several basic ML algorithms are adopted and compared to obtain the best candidate

as our local model. As discussed in Section 4.2, we selected traditional ML algo-
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rithms, e.g., RF and XGB, and DL algorithms, e.g., GRU and LSTM. The model

implementation and performance are provided in the following sections.

4.5.3 Federated Learning Algorithms

We apply different FL optimisation algorithms in our prediction model section and

compare their results to find the best-performing algorithm as our basic design

together with the local candidate model. As introduced in Section 4.2, FedSGD,

FedAvg, FedProx, FedRep and FedPer are widely used in similar systems, so these

federated methods are adopted and their definitions are introduced in this part.

Algorithm 2 FedSGD for BEVs
Notations:

The V BEVs are indexed by v; the initial global gradient is g0, the global gradient in the tth

round is gt and the local gradient for vehicle v in the tth round is gvt , the number of data points
on vehicle v is nv, the total number of data points is n, the loss function is Loss(·), and the
local learning rate is η.

Server executes:

initialise g0
for each round t = 1, 2, . . . do

for each BEV v ∈ V in parallel do
gvt+1 ← SgdOpt(v, gt)

end for
gt+1 ← gt − η

∑V

v=1

nv

n
· gvt+1

end for

SgdOpt(v, g):

// run on vehicle v

g ← ▽Loss(g)
return g

FedSGD: the direct transposition of stochastic gradient descent to the federated

setting. The gradients are averaged by the server proportionally to the number

of training samples on each node and used to make a gradient descent step. The

pseudocode for the FedSGD algorithm is shown in Algorithm 2.

FedAvg: a generalisation of FedSGD, which enables local nodes to perform more

than one batch update on local data and exchanges the updated weights rather than

the gradients. The pseudocode for the FedAvg algorithm is shown in Algorithm 3.

FedProx: a modified algorithm based on FedAvg, characterised by two modifi-

cations. Firstly, partial models that have not been fully trained are allowed, and
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Algorithm 3 FedAvg and FedProx for BEVs
Notations:

The V BEVs are indexed by v; the initial global weight is w0, the global weight in the tth round
is wt and the local weight for vehicle v in the tth round is wv

t , the number of data points on
vehicle v is nv, the total number of data points is n, the loss function is Loss(·), the local data
of vehicle v is Dv, the local minibatch size is B, the number of local epochs is E, and the local
learning rate is η.

Server executes:

initialise w0

for each round t = 1, 2, . . . do
Vt ← (Full or partial set of V BEVs)
for each BEV v ∈ Vt in parallel do

wv
t+1 ← AvgOpt(v, wt) or ProxOpt(v, wt, wt−1)

end for
wt+1 ←

∑V

v=1

nv

n
· wv

t+1

end for

AvgOpt(v, w):

// run on vehicle v

B← (split Dv into batches of size B)
for each local epoch e from 1 to E do

for batch b ∈ B do
w ← w − η▽Loss(w; b)

end for
end for
return w

ProxOpt(v, wt, wt−1):

// run on vehicle v; µ is the proximal term coefficient
B← (split Dv into batches of size B)
for each local epoch e from 1 to E do

for batch b ∈ B do
wt ← wt − η▽(Loss(w; b) + µ

2
∥wt − wt−1∥2)

end for
end for
return wt
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Algorithm 4 FedPer and FedRep for BEVs
Notations:

The V BEVs are indexed by v; the initial standardised layer weight matrix for vehicle v is W v,0
S ,

the standardised layer weight matrix for vehicle v in the tth round isW v,t
S , the initial personalised

layer weight matrix for vehicle v is W
v,0
P , the personalised layer weight matrix for vehicle v in

the tth round is W
v,t
P , the number of data points on vehicle v is nv, the total number of data

points is n, the loss function is Loss(·), and the local learning rate is η.

Server executes:

// for FedPer: WS are base layers, WP are head layers;
// for FedRep: WS are head layers, WP are base layers.
initialise W 0

S := {W 1,0
S ,W

2,0
S , . . . }

initialise W
1,0
P ,W

2,0
P , . . .

for each round t = 1, 2, . . . do
for each BEV v ∈ V in parallel do

(W v,t+1

S ,W
v,t+1

P )← Opt(v, W v,t
S , W v,t

P )
end for
W t+1

S ←∑V

v=1

nv

n
·W v,t+1

S

end for

Opt(v, W v
S , W v

P ):

// run on vehicle v

(W v
S , W

v
P )← (W v

S , W
v
P )− η▽Loss((W v

S , W
v
P ))

return (W v
S , W

v
P )

all partial models participating in the training are integrated regardless of their

accuracy. Secondly, the objective function of the local model is composed of the

loss function plus the proximal term. The pseudocode for the FedProx algorithm is

shown in Algorithm 3.

FedPer: a federated learning optimisation method based on SGD which requires

activating all clients and aggregating only the base layer parameters into individual

personalised models. Its pseudocode is shown in Algorithm 4.

FedRep: a federated learning optimisation method based on SGD which requires

activating all clients and focuses on learning a shared representation of the data,

rather than learning individual models for each device. Its pseudocode is shown in

Algorithm 4.

4.6 Experiments & Results

This section outlines data pre-processing and feature selection for our experiments,

and several experimental cases, which encompass various experimental settings along

with their corresponding results. By default, we assumed an input of the data from
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all vehicles would result in the best performance.

4.6.1 Pre-processing

As introduced above, we found a strong connection between energy consumption

and the average speed in a certain time step (TS), which makes it highly possible

to predict energy consumption based on other features. Thus, we divide the data in

each 60-second interval I i as follows:

I i := {F i
t−59, F

i
t−58, . . . , F

i
t−1, F

i
t } = F i

t−59:t (4.12)

where F i
t is the set of trip features at time t for Vehicle i. With a full length of 1,800

seconds, the trip record data of one vehicle is divided into 1741 intervals.

Moreover, standardisation of the data is implemented to shift the distribution

such that the mean is zero and the standard deviation is one. This preserves the

essential information regarding the outliers, making the algorithm less susceptible

to them, in comparison to Min-Max normalisation.

4.6.2 Feature Selection

As discussed in Section 4.2, most researchers working on similar research prob-

lems used speed, distance, acceleration and altitude as their features. Accordingly,

we adopted these trip attributes and employed Principal Component Analysis and

RF Regression to select features generated by mathematical transformations (e.g.,

square, logarithm, and exponent), and based on the results, we selected acceleration

a, speed v, the square root of speed
√
v, the cube of speed v3 and the square root

of the distance moved in each second
√
∆d as the features for model training.
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4.6.3 Case Studies

Case 1: Local Model Comparison

Setups: In this section, we applied various ML models and compared their per-

formance as the candidates of our local model deployed on each BEV. Here we

implemented and evaluated RF, XGB, ANN, GRU and LSTM models.

Machine Learning Models: We initially applied the RF and XGB to implement

the BEV energy consumption prediction on decentralised datasets, which were sep-

arately split into a training set and a test set with a ratio of 3 : 1. In the setup of

the RF model, 16 estimators were applied with a maximum tree depth of 9 to run

16 jobs in parallel, while for the XGB model, the regressor from the XGB library

with a gradient-boosted tree booster was used to run 50 jobs in parallel.

Deep Learning Models: We adopt a similar structure for all the deep learning

models in our work (i.e., ANN, GRU and LSTM) and replace the hidden layers

with specific modules (i.e., dense layers, GRU layers and LSTM layers respectively).

The deep learning model was set up based on three hidden layers containing 40, 32

and 16 neurons respectively with hyperbolic tangent as the activation function and

the dropout layer was applied with a rate of 0.10 and 0.20 between the first and

second and the second and third hidden layers separately. Coming from a dense

layer, the model output of the model is a single value that by default captures the

vehicle’s overall energy consumption over the past 60 seconds. The loss function

was chosen as the MAE which represents the average difference between the actual

energy consumption of a BEV during a trip and the energy consumption predicted

by the model. A lower MAE indicates that the model is better at predicting energy

consumption and that the vehicle is likely to be more efficient, which can lead to

reduced driving range anxiety and lower energy costs. The model was optimised by

the Adam optimiser with the default learning rate, i.e., 1e−3. Each local dataset

was split into batches with a size of 70 with 65 epochs.

Results: In Table 4.1, a comparative analysis of the credible and competitive

results of these models is presented. The value in each row of this table represents
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the average value of the MAE for the model trained on the corresponding vehicle’s

training set and tested on all vehicles’ test sets.

Table 4.1: Local model performance (MAE) on each vehicle (Wh).

ID RF XGB ANN GRU LSTM

V1 9.5375 9.0951 6.9207 5.3355 5.1759
V2 10.4122 9.7776 8.3997 6.8031 6.7997
V3 10.1580 9.4953 7.2892 6.3033 4.4117
V4 8.9370 8.6519 7.8394 6.6888 4.6765
V5 10.7788 10.6958 8.6680 5.6422 6.1466
V6 9.2424 8.8490 8.2999 4.9306 5.8707
V7 11.5519 10.5905 7.0247 5.3347 4.9729
V8 8.9563 9.0859 9.0698 7.5178 5.7530
V9 12.1133 11.5608 11.0439 10.7237 8.6670
V10 9.0282 8.8239 11.7233 7.1755 8.1254

Vavg 10.0716 9.6626 8.6279 6.6455 6.0599

Evaluations: As observed in Table 4.1, the LSTM model demonstrates the best

performance in terms of MAE. It is noteworthy, however, that different datasets

with varying attributes may result in different best-performing models. As such,

in our study, we selected the LSTM model as the local model for our FL frame-

work. Nonetheless, we acknowledge the need for adjusting the selection of the local

model based on the prevailing conditions and characteristics of the dataset in future

applications.

Case 2: Federated Learning Algorithm Comparison

Setups: As reviewed in Section 4.5, five algorithms, i.e., FedSGD, FedAvg, Fed-

Prox, FedPer and FedRep, were implemented and evaluated at this stage. It is

evident that these algorithms share a similar structure and basic logic, with the ex-

ception of FedSGD, which calculates the gradient rather than weights, and FedPer

and FedRep, which employ an additional parameter, namely the number of person-

alised layers. The performances of the different local model candidates, as shown in

Table 4.1, led to the selection of LSTM due to its lowest MAE scores. Given the

low complexity of the model, only one personalised LSTM unit was set, with the
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other layers being standardised.

Results: The comparative analysis of different FL algorithms is presented in Ta-

ble 4.2. The value in each row of this table represents the average value of the MAE

for the model trained on the corresponding vehicle’s training set and tested on all

vehicles’ test sets.

Table 4.2: FL method performance (MAE) on each vehicle (Wh).

ID FedSGD FedAvg FedProx FedPer FedRep

V1 5.4300 4.0245 4.9574 3.8197 4.4066
V2 6.3252 4.8791 6.8512 4.8160 5.6075
V3 4.3714 3.8117 4.4467 3.6836 4.1196
V4 4.2921 3.4877 4.4171 3.3153 3.9459
V5 4.9364 4.5298 6.4715 4.6095 5.5250
V6 5.1704 3.7653 5.5837 3.8582 4.3317
V7 4.5819 4.1943 5.2512 4.3598 4.9148
V8 5.1873 4.3449 6.0334 4.1380 5.1330
V9 7.5800 7.4539 9.9346 7.5819 9.5547
V10 8.9892 7.5734 7.7679 7.6032 7.5043

Vavg 5.6864 4.8065 6.1715 4.7785 5.5043

Evaluations: As observed in Table 4.2, FedAvg and FedPer exhibit comparable

performances on the dataset utilised in the study. As discussed in Section 4.2, the

efficacy of personalised FL approaches is highly reliant on the personalised layers

selected. Hence, the reason for FedPer and FedRep failing to surpass the perfor-

mance of FedAvg could be attributed to the relatively low complexity of the local

models employed in the study. Notwithstanding the comparable performances of

FedAvg and FedPer, the time cost associated with both methods must be carefully

considered. Taking into account the time required to complete 15 iterations (ITR)

of FedAvg and FedPer, i.e., around 49 and 58 minutes respectively, we ultimately

decided to adopt FedAvg as the global FL method for the subsequent experiments.

Case 3: Impact of Iteration

Setups: To investigate the impact of iteration numbers, the performances of the

models with ITR of 15, 30, 45 and 60 were examined based on the LSTM-FedAvg
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structure. These results were compared to the performance of the local models (i.e.,

with 0 ITR), which served as the baselines.

Results: Table 4.3 presents the impact of iteration on the model performance. The

value in each row of this table represents the MAE value of the model trained and

tested on the corresponding vehicle’s training and test sets.

Table 4.3: ITR on model performance (Wh).

ID LSTM 15 ITR 30 ITR 45 ITR 60 ITR

V1 2.0949 1.0118 0.6384 0.7127 0.6771
V2 1.4466 0.7181 0.5268 0.3533 0.3961
V3 1.5723 0.5057 0.5268 0.5463 0.3087
V4 1.6571 0.8222 0.8466 0.4838 0.6151
V5 1.1317 0.5640 0.5039 0.5823 0.2765
V6 2.2842 0.9905 0.6548 0.5882 0.8435
V7 1.4967 0.7576 0.5935 0.4758 0.4244
V8 1.7994 0.8203 0.8849 0.6794 0.4169
V9 1.3155 0.6690 0.5529 0.3905 0.2754
V10 2.2864 0.9877 0.7184 0.5738 0.7174

Vavg 1.7085 0.7847 0.6447 0.5386 0.4951

Evaluations: As demonstrated in Table 4.3, an increase in the number of ITR is

accompanied by a decrease in the MAE for half of the objects (Vehicles 3, 5, 7, 8, and

9), indicating an improved model performance. However, for four objects (Vehicles

2, 4, 6, and 10), the best model performance occurred after 45 ITR. Vehicle 1 had the

lowest MAE after 30 ITR. This trend can be attributed to the unique nature of the

local data. Furthermore, while the model performance improved for some vehicles,

the training process’s time requirements increased. Specifically, executing 15, 30,

45, and 60 ITR required approximately 49, 98, 148, and 197 minutes, respectively,

which implies that each iteration took about 49 minutes. After careful consideration

of both model performance and time requirements, we chose to execute 15 ITR for

this study.
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Case 4: Impact of Data Split Ratio

Setups: Based on the LSTM-FedAvg structure, we conducted a comparative anal-

ysis of model performance across varying train-validation-test splitting ratios, i.e.,

4:1:5, 5:1:4, 6:1:3, 7:1:2, and 8:1:1 to investigate the impact of data split ratio.

Results: The impact of data-splitting ratios on model performance is reported in

Table 4.4. The value in each row of this table represents the MAE value of the

model trained and tested on the corresponding vehicle’s training and test sets.

Table 4.4: Impact of splitting ratio on model performance (Wh).

ID 4:1:5 5:1:4 6:1:3 7:1:2 8:1:1

V1 1.3546 1.3068 1.0626 0.7437 1.0118
V2 0.7424 0.6625 0.8641 0.6374 0.7181
V3 1.0652 0.9029 0.7644 0.7448 0.5057
V4 1.2096 1.0056 1.0278 0.7597 0.8222
V5 0.9935 0.7111 0.6575 0.7352 0.5640
V6 1.2573 1.4778 1.1662 1.1626 0.9905
V7 1.0656 0.9155 0.6053 0.5805 0.7576
V8 1.2109 1.0480 1.0135 0.9522 0.8203
V9 0.7191 1.1471 0.9642 0.7911 0.6690
V10 1.6850 1.2798 1.6003 1.0928 0.9877

Vavg 1.1303 1.0457 0.9726 0.8200 0.7847

Evaluations: Based on the results presented in the table, it can be observed that

a data splitting ratio of 7:1:2 or 8:1:1 tends to yield the best performance on our

dataset compared to the other ratios. In particular, a ratio of 8:1:1 demonstrates su-

perior performance across all metrics. This indicates that an increase in the quantity

of training data facilitates enhanced learning from the input under our experimental

conditions. Consequently, in this work, we have selected a data splitting ratio of

8:1:1 due to its superior overall performance.

Case 5: Impact of Input Data Size

Setups: Concerning the input data sizes, we utilised data inputs with varying TS

of 60, 90, 120, 150, and 180 timestamps to train the model based on LSTM-FedAvg,

with the subsequent performance evaluation.
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Results: The results of the experiments are presented in Table 4.5. The value in

each row of this table represents the MAE value of the model trained and tested on

the corresponding vehicle’s training and test sets.

Table 4.5: Impact of input data size (TS) on model performance (Wh).

ID 60 TS 90 TS 120 TS 150 TS 180 TS

V1 1.0118 2.0234 2.4310 3.4794 7.2946
V2 0.7181 1.0923 1.2904 1.7201 3.9600
V3 0.5057 1.5067 1.6543 2.4812 3.4214
V4 0.8222 1.5299 2.0712 2.9217 3.2603
V5 0.5640 1.1884 1.4450 2.1414 2.4692
V6 0.9905 1.5533 1.7502 2.6796 3.7042
V7 0.7576 1.1970 1.6349 1.7855 2.5312
V8 0.8203 1.6027 1.7615 2.6084 3.5714
V9 0.6690 0.9991 0.9454 1.5623 1.6180
V10 0.9877 2.0208 2.2899 3.8614 8.7896

Vavg 0.7847 1.4714 1.7274 2.5241 4.0620

Evaluations: As can be seen in the table, the increase in input data size is typically

associated with an increase in MAE, indicating poorer model performance. This

result may be attributed to the decrease in the number of windows due to the

increase in window size, resulting in a reduction of training data and consequent

degradation of model performance.

Case 6: Decentralised Approaches

Setups: In order to incorporate various real-world scenarios, experiments were

conducted based on the chosen FL approach in a decentralised setup. Using results

from LSTM-based local models, we selected Vehicles 3, 4, and 6 as the top three

performers (G), and Vehicles 2, 9, and 10 as the three weakest performers (W) to

investigate the performance of decentralised FL approaches. From these 6 models,

different test groups were formed based on the number of weaker performers as

below:

� Three weak performers (0G+3W)

� One good performer with two weak performers (1G+2W)
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� Two good performers with one weak performer (2G+1W)

� Three good performers (3G+0W)

Results: The findings are presented in Table 4.6.

Table 4.6: Performance (MAE) of decentralised FedAvg method (Wh).

ID LSTM 0G+3W 1G+2W 2G+1W 3G+0W

V1 (W) 2.0949 0.2403 - - -
V2 (G) 1.4466 - - - 0.1956
V5 (G) 1.1317 - 0.1929 0.1892 0.2687
V6 (W) 2.2842 0.3488 0.2770 - -
V9 (G) 1.3155 - - 0.1413 0.2301
V10 (W) 2.2864 0.2815 0.3700 0.3106 -

Evaluations: The results indicate that after 15 ITR using the FedAvg algorithm,

the performance of all local models in each case improved, demonstrating the effi-

cacy of decentralised FL methods in enhancing BEV energy consumption modelling.

However, an increase in the number of good performers does not always equate to an

improvement in performance. Specifically, the MAE value of Vehicle 10 increased

when interacting with Vehicles 5 and 6 (1G+2W) compared to being aggregated

with two weak performers (Vehicles 1 and 6). Conversely, the interaction among

good performers does not always result in the most suitable setup for an individual

vehicle model. For example, the best model performance for Vehicle 2 occurs when

interacting with Vehicles 9 and 10 (2G+1W), but it becomes worse when aggregated

with Vehicles 5 and 9 (3G+0W).

4.7 Discussion & Limitations

This section presents a comprehensive discussion of the experiment results, focusing

on the performance of the decentralised structure and FL applications in real-world

settings where multimodal data is inherently present.
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4.7.1 Decentralised Aggregation

As detailed in Section 4.6, the aggregation outcomes of models trained on locally

stored, multimodal data were not significantly influenced by the number or per-

centage of well-performing participants. Instead, the similarity in multimodal data

patterns among participants proved to be more influential. For instance, for two

good performers, Vehicle 5 and Vehicle 9, their interactions with Vehicle 10 resulted

in significantly better results than with Vehicle 2. This highlights that the simi-

larity and dissimilarity in data modalities, such as differences in driving behaviour

patterns, road conditions, and energy profiles, are crucial factors in federated aggre-

gation. Therefore, exploring the similarity of user behaviours and driving patterns

is necessary for achieving better aggregation results.

4.7.2 Real-World Application

FL methods are well-suited for edge-cloud computing frameworks where multimodal

data remains distributed across heterogeneous devices. We propose the application

of our work in a real-world edge-computing-based system, the framework of which

is illustrated in Figure 4.8. The top layer comprises a cloud data centre, the middle

layer consists of multiple edge infrastructures and the bottom layer is composed of

base stations and BEVs. Different methods of data transmission and calculation

have been considered and marked with different colours to accommodate various

communication situations and hardware conditions. We now provide details of the

four blocks from left to right in this framework:

� The first block in yellow illustrates the classic centralised method, wherein

data provided by BEVs is transferred to the edge server through the base

station and then passed to and calculated by the cloud server. This approach

does not necessitate BEVs to calculate, but they can request the edge server

to calculate the weights in local models.
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� The subsequent block in red depicts the fully decentralised method, wherein

BEVs communicate with each other directly. This necessitates that the data

computing and transmission capabilities of BEVs be highly robust and reliable.

� The third block in blue represents cloud computing, wherein data provided by

BEVs is sent to the cloud server directly through the base station, without

the requirement of edge infrastructures.

� Lastly, the block in green indicates that data is only transmitted to the edge

server, thus requiring the edge server to possess a high capability to calculate

and deploy the data.

Figure 4.8: System framework based on edge computing.

4.8 Summary

This work aims to establish a privacy-aware energy consumption modelling frame-

work for connected BEVs using multimodal data to address the challenge of energy

consumption modelling for shared BEVs. To this end, we evaluated the perfor-

mance of various FL algorithms on datasets comprising diverse input modalities

such as GPS data, speed, altitude, and model-generated variables. Based on com-

parative experimental results and prior discussions, we identified LSTM and FedAvg
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Table 4.7: Summary of EV energy consumption prediction methods.

Study Method Prediction Target Data Used

[59] MLR, SVM
Battery-electric bus
energy consumption

vehicle mass, frontal area, road gradient, aver-
age speed, acceleration rates, etc

[53] DT, RF, KNN
EV energy
consumption

average speed, trip distance, nighttime light-
ing, road gradient, etc

[43] XGB, LGBM
EV energy
consumption

average speed, trip distance, heater usage,
road gradient, etc

[144] XGB
Electric taxi
energy consumption

driving time, driving range, technical veloc-
ity, acceleration, temperature and traffic con-
ditions

This
work

LSTM-FedAvg
EV energy
consumption

speed, distance, acceleration and altitude

as the most suitable local model and aggregation strategy, respectively. We further

analysed the effects of key factors including the number of iterations, data split-

ting ratios, and input data sizes on model performance. A linear relationship was

observed between iteration numbers and training time, and we recommend 15 iter-

ations as an effective trade-off. For data splitting, the 8:1:1 ratio performed best

on our multimodal dataset. Additionally, we found that increasing the temporal in-

put length negatively impacted performance, with 60 timestamps yielding the most

stable results. Overall, the use of multimodal inputs contributed to a significant

improvement in prediction accuracy, with up to 67.84% reduction in MAE (from

1.5723 to 0.5057 on Vehicle 3). The average MAE across all vehicles was 0.7847, in-

dicating an error of less than 1 Wh for one-minute intervals. To situate our method

within the wider research landscape, a summary of the methods and data sources

used in related work and this chapter is provided in Table 4.7.

In addition, we explored decentralised FL approaches for BEV energy consump-

tion modelling by testing the selected FL framework on the three best and three

worst performers. The results demonstrated the effectiveness of FL methods in this

prediction task. Moreover, we provided a detailed description of how to apply FL

methods with an edge-cloud computing framework with various setups. We be-

lieve that the explorations and relevant analysis we conducted are meaningful and

beneficial for future researchers, business operators, and policymakers.
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Chapter 5

Route Planning with Air Quality

Constraints

Urban air pollution poses significant health risks for vulnerable SMS users, such

as cyclists and pedestrians, who are directly exposed to traffic emissions. However,

supporting pollution-aware travel behaviour remains challenging due to the high spar-

sity and inconsistency of urban air quality data. This chapter addresses the third key

challenge identified in Chapter 1, i.e., how to enable effective route planning regard-

ing air quality under extreme data deficiency. We present a data-driven framework

that integrates multimodal air quality sources through interpolation, spatiotemporal

prediction, and optimisation techniques to support safer and more sustainable travel

choices in urban environments. This work is conducted in collaboration with Shaoshu

Zhu, Jaime B. Fernandez, Eric Arazo Sánchez, Yingqi Gu, David J. O’Connor, Xi-

aojun Wang, Noel E. O’Connor, Alan F. Smeaton, and Mingming Liu, and published

in [17], [246].

5.1 Introduction

Urban air pollution, particularly from NOx and Particulate Matter (PM), poses a

serious and escalating threat to public health [247], contributing to an estimated
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7 million premature deaths per year worldwide1 and approximately 3,300 deaths

annually in Ireland alone2. These pollutants, primarily emitted from road trans-

portation, industrial activities, and residential heating, are linked to respiratory

and cardiovascular diseases, adverse birth outcomes, and elevated cancer risks.

Vulnerable road users, such as cyclists and pedestrians, are especially exposed to

urban air pollution due to their close proximity to traffic and their longer durations

in the open environment [7]. In densely populated areas, PM, especially PM2.5, can

penetrate deep into the lungs, leading to severe health consequences [149], [150],

[248]. As urbanisation intensifies, there is a growing need for systems that help us

to make safer travel choices by integrating air quality considerations into our urban

route planning.

However, developing effective pollution-aware mobility systems relies on the

availability of high-quality, high-resolution air quality data. Although initiatives

such as the Google Air Quality API 3 provide large-scale forecasts, their data sources

and methods are often not fully transparent or readily accessible and lack the gran-

ularity needed for personalised exposure management. This study employs multi-

modal datasets from mobile and fixed sensors across Dublin, Ireland, to construct

an hourly pollution map with fine spatial resolution. However, despite the variety of

data sources, the merging of multiple datasets has a missing rate of 89.64%, which

leads to significant challenges for direct application in real-world systems. Conse-

quently, addressing missing data is essential for building reliable pollution-aware

routing solutions.

Previous studies have explored a range of imputation and prediction methods,

including classic methods such as IDW, ML models such as RF and KNN [249], [250],

[251], and DL models based on recurrent networks such as LSTM and GRU [252],

[253], [254]. These approaches offer different strengths in reconstructing missing

values and modelling the complex spatiotemporal dynamics of environmental data.

1https://www.who.int/health-topics/air-pollution
2https://www.irishexaminer.com/news/arid-41018408.html
3https://developers.google.com/maps/documentation/air-quality/overview
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In this context, our work presents a complete framework aggregating missing data

imputation, pollutant forecasting, and green route recommendation for vulnerable

road users. The main contributions of this study are as follows:

� A comprehensive analysis of air quality data from multiple sources was con-

ducted in Dublin, achieving high spatiotemporal resolution (0.5 km grid cells,

hourly) while addressing significant data sparsity.

� A comparative evaluation of interpolation and prediction methods is con-

ducted, selecting models that best balance accuracy and robustness under

high missing rates.

� A pollution-aware route planning system is built and tested for vulnerable road

users based on predicted pollutant distributions, enabling healthier mobility

choices in urban environments.

The structure of this chapter is as follows. In Section 5.2, we review studies

on air quality prediction, imputation for spatiotemporal data, and frameworks that

integrate multimodal information for urban applications. The research problem and

system design are introduced in Section 5.3. Section 5.4 details the multimodal data

and datasets and how they contributed to this system, and Section 5.5 presents the

methodology in terms of interpolation, prediction, and route planning. The dataset

analysis and processing, prediction problem, experiment setup, and relevant results

are presented in Section 5.6. Relevant discussions and analysis are included in

Section 5.7, and finally, we conclude our work in Section 5.8 and discuss future

plans and potential improvements.

5.2 Related Work

5.2.1 Data Imputation for Spatiotemporal Datasets

Accurate reconstruction of missing values is necessary for maintaining data com-

pleteness and supporting downstream tasks in spatiotemporal data analysis [255],
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[256]. In the temporal domain, RNN and its variants, including simple RNN, LSTM,

and GRU, have been widely used to model time series dependencies under incom-

plete observations [257], [258], [259]. For instance, an LSTM-based air pollution

prediction framework was proposed in [259], where a genetic algorithm was used

to optimise key hyperparameters such as window size and hidden units, leading

to substantially improved prediction accuracy compared to traditional ML models.

This illustrates the strong capacity of LSTM architectures to model noisy and ir-

regular temporal patterns. Moreover, comparative studies such as [258] found that

GRU can offer considerable performance while reducing model complexity, making

it competitive for applications with limited data.

For spatial interpolation, classic statistical methods such as IDW and KNN re-

main competitive under conditions of high sparsity [21], [151], [152], [260]. Their

reliance on local proximity, rather than extensive feature learning, allows them to

operate effectively even when training data is fragmented or unevenly distributed.

Additionally, learning-based spatial interpolation approaches have been explored to

employ richer feature information. In particular, RF has been successfully applied

to spatiotemporal interpolation tasks such as aerosol loading reconstruction [153],

demonstrating its ability to capture nonlinear feature interactions while maintaining

interpretability. Other works, such as [261], further confirmed the capability of tree-

based ensembles in missing data imputation. In parallel, DL approaches, including

CNN, GNN, and GCN, have also been applied to spatial interpolation problems

[154], [155], [262]. These models can capture complex spatial patterns, such as re-

gional clusters and dependencies between neighbouring areas, which might be missed

by traditional methods. However, they generally require denser and more structured

datasets to fully realise their advantages.

Building on these findings, this study employs multiple classic interpolation,

ML, and DL methods to better understand and compare their performance on mul-

timodal air quality datasets collected from various sources.
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5.2.2 Spatiotemporal Prediction of Air Pollution

Short-term spatiotemporal prediction of air pollutants has developed from early sta-

tistical methods to more recent applications of ML and DL techniques [263]. Early

approaches, such as historical averaging and ARIMA, were applied to air quality

forecasting tasks [156], [264], [265]. Although these methods are more computation-

ally efficient, they often rely on stationarity assumptions and struggle to capture

the nonlinear and dynamic dependencies, especially in real-world scenarios, making

them less suited for complex urban environments. Building on these early stud-

ies, classic ML models such as RF have been introduced for structured urban grids

[266], [267]. RF models can capture nonlinear dependencies and are less sensitive

to noise and redundant features, making them more robust to missing values and

measurement noise, which are common challenges in environmental datasets.

More recently, DL methods have been explored to improve predictive perfor-

mance in spatiotemporal tasks. TCN, which replaces recurrent layers with causal

convolutions, has been successfully applied to sequence modelling tasks such as

trajectory forecasting [157] and traffic flow prediction [268]. Compared with recur-

rent models, TCN offers advantages in training stability and can naturally capture

longer temporal dependencies. Meanwhile, Conv-LSTM has remained popular for

spatiotemporal prediction as it combines convolutional operations for extracting

spatial features with LSTM cells for modelling temporal evolution [158], [269], en-

abling it to jointly learn spatial and temporal patterns and making it effective for

grid-based pollutant forecasting, although its training often requires larger datasets

and careful tuning to avoid overfitting.

These developments reflect a shift from simple statistical methods to more flexi-

ble learning-based models, motivating the comparative evaluation of different meth-

ods in this study.
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5.2.3 Pollution-Aware Route Planning

Existing studies have reported significant differences in pollutant exposure across

alternative commuting routes. For instance, [159] compared three cycling routes

and observed large variations in ultrafine particle concentrations. Similarly, [160]

proposed alternative paths for vulnerable SMS users based on spatial patterns of

black carbon concentrations, aiming to reduce overall exposure. These findings sug-

gest that adjusting route choice based on environmental conditions can meaningfully

lower pollution exposure during travel.

More recent work has moved from static analyses to including real-time or pre-

dicted air quality information into route planning. For example, Empirical Bayesian

Kriging has been used in [270] to interpolate pollutant concentrations and recom-

mend routes with lower exposure. Building on this, a framework was designed in

[161] to predict air quality distributions by combining CNN and RNN, enabling dy-

namic route adjustments based on predicted pollution levels. A similar approach

was proposed in [271], where predicted near-road pollution levels were incorporated

into a bicycle route planning tool that supports multi-criteria evaluation, balancing

pollutant exposure with safety and accessibility. However, most of these approaches

relied on limited types of external information and only used pollutant measure-

ments alone. As a result, their ability to respond to broader urban changes remains

restricted.

To address this gap, recent studies have explored the use of multimodal data

sources to improve air quality modelling. Relevant research [162], [163], [272], [273]

has shown that including demographic characteristics, trip purposes, meteorological

variables, such as temperature, wind speed, and humidity, as well as traffic flow in-

formation, can substantially enhance predictive accuracy. These additional features

provide greater support for decision-making in urban environments. At the network

level, [274] further demonstrated how exposure-aware objectives can be integrated

into multi-modal transport planning to balance health and efficiency considerations.

Beyond technical modelling, several studies have examined how exposure infor-
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mation is perceived and responded to by users. [275] found that while some individ-

uals reported increased awareness and behavioural adaptation when presented with

personalised exposure data, others reacted with avoidance or denial. Complement-

ing this, [276] used in-situ interviews and wearable sensors to reveal that perceived

exposure often diverges from actual measurements. Environmental elements such

as greenery, water, and aesthetics were found to enhance commuting satisfaction,

suggesting that perceived environmental quality should also be considered in healthy

route planning.

5.3 Problem Formulation & System Model

The core problem addressed in this study is recommending pollution-aware routes

that minimise PM2.5 exposure for vulnerable SMS users, and outlining the system

architecture developed to address this and the attendant challenge of data sparsity.

The problem is formulated as a weighted shortest path search on a graph, where

edge weights represent pollutant-adjusted travel cost. The system we developed

includes a mobile interface to interact with users, a backend server connected to our

database, and an optimisation module combining multimodal pollution data into

route generation.

5.3.1 Research Question

We recommend a green route for vulnerable SMS users, such as cyclists, which min-

imises their exposure to PM2.5 while travelling from a specific origin to a destination

within a defined geographical area. Specifically, we model the area of interest using

a weighted directed graph G = (V, E, W ), where V = {1, . . . , n} is the vertex

set, and E = {e1, . . . , em} is the set of edges with corresponding positive weights

in W = {w1, . . . , wm}. The nodes in the graph represent intersections or points of

interest, while the edges indicate the road segments that connect these nodes.

The weight wi associated with the edge ei represents the aggregated level of
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pollutant exposure that a user may encounter while travelling along that edge, based

on historical data measurements collected for that edge and the vulnerability of the

cyclist to each pollutant being considered. PM2.5 is the primary focus of this study

due to its widely recognised health impacts [277], [278], particular relevance to active

travellers [17], and consistent availability across all data sources.

To further illustrate this point, mathematically, let K denote the total number

of pollutants being considered, and let pij be the mean pollutant level for the j’th

pollutant measured at the i’th edge, where i = 1, . . . , n and j = 1, . . . , K, and li be

the length of the i’th edge, then wi can be defined as follows:

wi = li

K∑

j=1

αjpij (5.1)

where α1, α2, . . . , αK are positive coefficients capturing the vulnerability of each

pollutant to the users, subject to the constraint
∑K

j=1 αj = 1 for normalisation.

It is worth noting that given the diversity of different pollutants when they are

combined for impact assessment, a min-max scaling is employed for each type of

pollutant, implying that pij ∈ [0, 1] and wi ∈ [0, li] which can be seen as a parameter

proportionally weighted based on the length of the i’th edge road segment li and the

vulnerability of the users to the K types of pollutants. This further implies that if

the users’ vulnerability across different road segments is the same, the optimisation

model should favour the segment with the shortest length.

Given this context, our optimisation problem is to find a path p = ïv1, v2, . . . , vhð

which consists of a sequence of vertices starting from the source vertex v1 ∈ V and

terminating at the destination vertex vh ∈ V that minimises the sum of the weights

of its constituent edges. Mathematically, we have:

argmin
p

h−1∑

i=1

w(vi, vi+1) (5.2)

where w(u, v) ∈ W denotes the weight of the edge connecting vertices u and v.
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5.3.2 System Model Design

This section introduces the system architecture developed to address the research

questions outlined above. An overview is shown in Figure 5.1, which presents the

components of our system: a mobile application that serves as the frontend for user

interaction, a backend server for data exchange and processing, a database for data

storage, and an optimisation module for generating routes based on road-related

parameters.

Figure 5.1: An overview of the system architecture

Frontend

The Android mobile application was developed using IntelliJ IDEA and tested on an

Android Virtual Device with a Google Play Intel Atom (x86) processor. Map func-

tionality was implemented using the Google Maps API 4, allowing users to specify

origin and destination points and view routes optimised either for shortest distance

or lowest pollutant exposure.

Backend

The backend server was built using Flask [279], a Python-based framework, to enable

data-driven processing and real-time responses. Following the REST architecture,

the server communicates with the frontend via JSON and computes route-related

4https://developers.google.com/maps/documentation/directions
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metrics based on user inputs. On startup, the server loads geographic data for

Dublin from OpenStreetMap5 and integrates predicted results to construct a digital

map enriched with pollution attributes. The optimisation module then evaluates

pollution levels under different user-defined settings and generates a recommended

route with reduced exposure.

Database & Optimisation Module

The interaction between the database and the backend is bidirectional. Data re-

ceived from the backend is stored in the database, and the database is also used to

retrieve and return data to the backend as per its requirements. Similarly, the opti-

misation module generates path recommendations based on the parameters received

from the backend. It processes this information, calculates the optimised path based

on the Dublin urban road network models6 developed in [114], and returns results to

the server. A more detailed explanation of the optimisation module will be provided

in the subsequent section.

5.4 Multimodal Data & Dataset

This study integrates multiple datasets to capture the complex and dynamic nature

of urban air pollution, providing a multimodal data foundation. Air quality data

were provided by three different datasets: (1) the Google Dataset collected by

Google7 and Dublin City Council (DCC)8; (2) the Environmental Protection

Agency (EPA) Dataset managed by the Environmental Protection Agency of

Ireland9; and (3) the Dynamic Parcel Distribution (DPD) Dataset provided

by DPD Ireland10 and DCC. Additionally, this work employed extra datasets to

represent unique modalities, including traffic volume data reflecting human mobility

5https://www.openstreetmap.org
6https://github.com/maxime-gueriau/ITSC2020_CAV_impact
7https://www.google.ie/
8https://www.dublincity.ie/
9https://www.epa.ie/

10https://www.dpd.ie/
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patterns provided by DCC, spatial landcover information collected by EPA, and

meteorological conditions gathered by MET Eireann11. Each data source provides

information from different perspectives, such as spatial, temporal, behavioural, or

environmental, which cannot be fully captured by any single modality alone. By

combining these datasets, the modelling framework will have a better understanding

of pollutant variations across both space and time, so in this section, we introduce

these datasets used in this study, describing their characteristics, sources, and roles

in supporting multimodal learning.

5.4.1 Dataset 1: Google Dataset

The Google dataset is collected between May 2021 and August 2022 as part of Project

Air View 12. Mobile sensors mounted on electric Street View vehicles equipped with

the Aclima platform13 measured pollutants at 1-second intervals while driving with

normal traffic flow during weekdays from 9:00 to 17:00. The pollutants include Car-

bon Dioxide (CO2), Carbon Monoxide (CO), Nitric Oxide (NO), Nitrogen Dioxide

(NO2), Ozone (O3), and PM2.5 (with size-resolved particle counts from 0.3-2.5 µm).

The dataset offers high spatial resolution but limited temporal coverage, as sampling

only occurred during daytime weekdays.

Two versions of the dataset are available14, including ADC-M, containing raw

1-second measurements, and ADC-R, where data is aggregated for 50-meter road

segments. In this study, we used ADC-R, which reports the median concentration

per pollutant based on multiple drive passes. Each segment is labelled using its

OSM ID, enabling spatial alignment with external geospatial datasets.

11https://www.met.ie/
12https://smartdublin.ie/project-air-view-research-opportunities/
13https://aclima.earth/
14https://data.smartdublin.ie/dataset/google-airview-data-dublin-city
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5.4.2 Dataset 2: Environmental Protection Agency Dataset

The EPA dataset is part of the National Ambient Air Quality Monitoring Pro-

gramme15 in Ireland and has been collected since 2017. It provides hourly averaged

concentrations of key air pollutants, including Sulphur Dioxide (SO2), NO2, CO,

O3, and PM2.5. Measurements are gathered from fixed monitoring stations across

Ireland, each equipped with calibrated, high-precision instruments operating under

standardised protocols.

The dataset provides high temporal resolution and long-term consistency as the

data was recorded continuously, but its spatial coverage is limited due to its depen-

dence on stationary infrastructure. Most monitoring stations are placed in urban

centres or areas of regulatory interest, resulting in large gaps in fine-grained spatial

information.

5.4.3 Dataset 3: Dynamic Parcel Distribution Dataset

The DPD dataset has been collected since September 2021, including data from

two sensor types, i.e., mobile sensors installed on 102 DPD delivery vehicles and 22

fixed monitoring stations. All sensors are part of the Pollutrack network [280], [281],

a Europe-wide initiative funded by DPD, and are specifically designed to measure

real-time PM concentrations at breathing height. The pollutants monitored include

Particulate Matter 1 (PM1), PM2.5, and Particulate Matter 10 (PM10), enabling

fine-grained differentiation between particle sizes.

Mobile sensors enable pollutant levels to be captured while vehicles travel through

different urban routes during routine parcel deliveries, providing dense and dynamic

spatial coverage. Meanwhile, the fixed stations ensure consistency and continuity

at specific locations. This combination supports both spatial and temporal analy-

sis, addressing the gap between fixed-site monitoring and emerging mobile sensing

techniques.

15https://www.epa.ie/publications/monitoring--assessment/air/national-ambient-a

ir-quality-monitoring-programme-2017-2022.php
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5.4.4 Dataset 4: Traffic Volume Dataset

The traffic data is sourced from an open dataset collected hourly by DCC1617. In

addition to timestamps, the dataset includes two key metrics: Sum Volume, repre-

senting the total traffic volume recorded in the preceding hour, and Avg Volume,

indicating the average traffic volume per 5-minute interval within the same period,

which cannot be captured by environmental sensors alone but can provide a com-

plementary behavioural context.

An analysis of this dataset reveals clear temporal patterns that differentiate

weekdays from weekends. As shown in Figure 5.2, weekdays exhibit pronounced

morning and evening peaks corresponding to commuting hours, while weekends show

a more gradual increase in traffic volume around midday. This behavioural difference

provides contextual cues closely associated with variations in air pollution levels

caused by human mobility. Furthermore, weekday traffic tends to be more variable,

especially during peak hours, whereas weekend patterns are relatively stable. On

a weekly scale, traffic volume peaks on Fridays and drops significantly on Sundays,

indicating a strong influence of work-related mobility.

Figure 5.2: Hourly average traffic volume for weekdays and weekends.

5.4.5 Dataset 5: Landcover Dataset

The landcover data used in this study is sourced from the public Corine Landcover

dataset18, maintained by the EPA. As part of the 2018 update of the Copernicus

16https://data.smartdublin.ie/dataset/dcc-scats-detector-volume-jan-jun-2022
17https://data.smartdublin.ie/dataset/dcc-scats-detector-volume-jul-dec-2022
18https://gis.epa.ie/GetData/Download
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Land Monitoring Service19 from Ireland, it is based on the interpretation of satellite

imagery and national in-situ vector data. This dataset provides useful information

for classifying land according to usage types, with detailed classification guidelines

available online20. GPS coordinates can be converted into a geospatial data frame

and queried against the polygons defined in the geometry column of the dataset.

Based on this dataset, Figure 5.3 illustrates that Dublin’s inner city is mainly

covered by continuous urban fabric (shown in red), especially in the central and

southern areas. This indicates that these zones are densely built-up with limited

green or open spaces. Surrounding the core, smaller sections of discontinuous urban

fabric (orange areas) represent lower-density residential neighbourhoods. Green ur-

ban areas (yellow zones) are relatively sparse and mostly concentrated in the western

and northern parts, offering only limited greenery within the city centre. Industrial

and commercial areas, marked in green, are only situated in the east, near the river

and docklands. A small estuary zone (blue segment) also appears along the dock-

land, contributing to the overall land use diversity. In summary, the distribution

of different land use types across Dublin’s inner city will likely influence air quality

dynamics and the effectiveness of urban sustainability measures.

5.4.6 Dataset 6: Meteorological Dataset

The meteorological dataset used in this study is the same as that described in

Section 3.4, with the only difference being the time period covered. Since all other

features remain consistent, no more details are provided here.

5.5 Methodology

This study introduces a three-stage optimisation module for the spatiotemporal anal-

ysis of urban air quality, covering missing data imputation, spatiotemporal PM2.5

19https://land.copernicus.eu/en/products/corine-land-cover
20https://land.copernicus.eu/content/corine-land-cover-nomenclature-guidelines/

html/index.html
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Figure 5.3: Overview of the landcover dataset.

prediction, and pollution-aware route planning. As shown in Figure 5.4, the opti-

misation module operates on a structured hourly grid constructed from multimodal

data sourced from mobile sensing vehicles, fixed monitoring stations, and exter-

nal contextual datasets, such as meteorological data, traffic volume, and landcover

information.

In the first stage, a two-step interpolation process is used to address the high

missing rate in our dataset, which could be defined as a grid system within the region

of interest. Temporal models can first be applied to grid cells with relatively low

missing rates, where they are trained to reconstruct PM2.5 values based on local time

series and then fine-tuned for use in target cells. Spatial models are subsequently

applied to interpolate values across the grid at each time slice, using observations

from nearby locations.

The second stage involves predicting the next-hour PM2.5 values for all grid

cells, based on recent spatiotemporal observations and a selected set of features.

Classic methods, ML approaches, and DL models are examined for this short-term
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forecasting task.

In the final stage, we demonstrate a downstream application using a case study

on route planning, where predicted air quality data are used to identify paths with

lower exposure for vulnerable SMS users.

Figure 5.4: Framework of the pollution-aware route planning system.

5.5.1 Temporal & Spatial Interpolation Methods

To address the high missing rate in our air quality dataset, we employ a two-step

interpolation strategy based on temporal and spatial modelling to reconstruct miss-

ing PM2.5 values. Three recurrent neural networks were selected to learn temporal

dependencies from sequential PM2.5 data:

� Simple RNN: a simple architecture that models sequential data via recurrent

connections, although limited by vanishing gradient issues.

� GRU: an improved variant of RNN with gating mechanisms that better cap-

ture dependencies without incurring significant complexity.
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� LSTM: a widely used recurrent model with cell states and gates that enable

learning of long-term dependencies and filtering of temporal noise.

After temporal patterns are reconstructed, spatial interpolation is performed

independently at each hourly time slice using the following methods:

� IDW: a classic statistical method that estimates unknown values by comput-

ing distance-weighted averages of nearby observations.

� KNN: a non-parametric approach that fills missing values based on the aver-

age of the K nearest spatial neighbours.

� RF: an ensemble learning method that models nonlinear relationships using

spatial features and external features.

� CNN: a DL model that treats the grid system as an image and applies con-

volutional filters to extract local spatial patterns.

� GNN: a message-passing architecture that updates node representations by

aggregating information from neighbouring nodes within a defined graph.

� GCN: a graph-based model that performs spectral convolutions over a fixed

adjacency structure, extending GNN with formal graph signal processing.

5.5.2 Spatiotemporal Prediction Methods

To enable short-term forecasting of PM2.5 spatial distribution, we employ and com-

pare a range of classic and learning-based models designed to capture both spatial

and temporal dependencies in the fully interpolated dataset. All models below are

trained to predict the pollutant concentrations for the next hour based on historical

inputs aggregated at the grid-cell level.

Historical Average & ARIMA: a simple historical average method is used

as a traditional baseline. It predicts based on the mean values observed at the

same hour in the past. Another baseline model, ARIMA, is a widely used linear

time-series model that captures trend and seasonality.
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RF: a tree-based ensemble method known for its robustness and interpretability.

It handles nonlinearity well and performs strongly on tabular data with structured

feature sets. By adding attributes in past hours as an extra feature, it can cap-

ture not only spatial dependencies, but also temporal reliance, making it a strong

candidate model for PM2.5 prediction.

TCN: it replaces recurrent layers in traditional RNN models with causal con-

volutions, allowing the model to process entire sequences more efficiently and avoid

issues like vanishing gradients. It is particularly suited to capturing short-term

temporal patterns without recurrent memory structures.

Conv-LSTM: it integrates convolutional and LSTM layers to model spatial and

temporal information jointly. The convolutional units extract spatial dependencies

across the grid, while the LSTM units maintain temporal continuity across input

sequences.

5.5.3 Pollution-Aware Route Planning

There are several well-known algorithms available to address (5.2), including Dijk-

stra’s algorithm, Floyd-Warshall algorithm, and the Bellman-Ford algorithm [282],

[283]. These algorithms are designed to identify the shortest or most efficient path

between two points in a weighted directed graph. For ease of reference, we shall now

present a description of Dijkstra’s algorithm, which was applied in this case study,

with reference to [284], [285] below. In Algorithm 5, the vertex set is denoted by Q,

and the array dist contains the current distances from the starting point s to other

vertices, where dist[v] represents the current distance from s to vertex u. The array

prev contains pointers to the previous-hop nodes on the shortest path from s to the

given vertex, or equivalently, it is the next hop on the path from the given vertex

to the source. The variable alt denotes the length of the path from the root node

to the neighbour node v if it were to go through u. If this path is shorter than the

current shortest path recorded for v, the current path would be replaced with this

alt path.
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Algorithm 5 Dijkstra’s Algorithm

Input: G = (V,E,W ), a weighted directed graph, and s, d ∈ V , the starting point
s and destination point d

Output: p, the shortest path for (5.2)
for all vertex v in graph G do
dist[v]← infinite

prev[v]← undefined

Add vertex v to vertex set Q
end for
dist[s]← 0
while Q is not empty do
u← argmin

i

{dist[i] | ∀i ∈ Q}
Remove u from Q

for all neighbour v of u ∈ Q do
alt← dist[u] + w(u, v)
if alt < dist[v] then
dist[v]← alt

prev[v]← u

end if
end for

end while
Set p as the shortest path to d using prev array

5.6 Experiments & Results

This section introduces a complete spatiotemporal processing for PM2.5 interpola-

tion, prediction, and pollution-aware routing using multimodal air quality data. As

previously discussed, PM2.5 is the focus of our study due to its significant impact

on active travellers and its consistent presence in our datasets. We first integrate

stationary and mobile measurements into an hourly grid, then apply a two-step in-

terpolation strategy to fill missing values using temporal and spatial information.

Based on the completed dataset, we train and evaluate models for short-term spa-

tiotemporal prediction. Finally, we demonstrate the application of predicted pol-

lution values through a route planning case study, showing that exposure can be

reduced with only acceptable increases in travel distance.
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5.6.1 Raw Data Overview & Spatiotemporal Pre-processing

As outlined in Section 5.4, the air quality datasets used in this study include two

different sources, i.e., fixed monitoring stations and mobile sensing vehicles. While

data from stationary stations offer continuous temporal records, they are limited to

a small number of fixed locations. In contrast, mobile vehicle data provide wider

spatial coverage, but only along vehicle trajectories and without consistent temporal

observations at any fixed point. To address these limitations and obtain a more

balanced and detailed view of air pollution patterns, we divided the inner Dublin

area into a grid system of 500 m × 500 m cells to enhance spatial resolution. This

spatial division resulted in 70 grid cells arranged in 7 rows and 10 columns. Data

within each grid cell was averaged on an hourly basis, resulting in 24 data points in

each grid cell every day. A summary of all air quality datasets used in this study is

provided in Table 5.1, where it is clear that PM2.5 is the only air pollutant common

to all sources.

Table 5.1: Summary of datasets including the number of records before and after
filtering for Inner Dublin.

Dataset Original Size Inner Dublin Time Range Air Pollutants

Google (5030143, 9) (2176405, 9) 06/05/21 - 05/08/22 NO, NO2, O3, CO, CO2, PM2.5

EPA (1461684, 9) (120994, 9) 04/01/22 - 31/12/22 NO2, O3, CO, SO2, PM2.5, PM10

DPD fixed (6423046, 5) (814168, 5) 01/10/21 - 31/07/22 PM2.5, PM10

DPD mobile (8029809, 5) (618764, 5) 01/10/21 - 31/07/22 PM2.5, PM10

While we acknowledge that each dataset may have its own sources of uncertainty,

the EPA data, which is sourced from certified monitoring stations, was used as a

reference standard. Specifically, we aligned the other datasets to the EPA data by

calibrating them based on its mean and standard deviation. The calibrated datasets

were then merged by computing hourly average values within each grid cell. The

original PM2.5 trends from these sources show some differences in pollutant levels

and temporal patterns, as illustrated in Figure 5.5(a).

Specifically, the Google dataset shows notable spikes at certain times, such as

around 6:00 and 18:00, while the DPD data collected from mobile vehicles tends

to capture sharper peaks in the evening. In comparison, the EPA data exhibits a

128



Learning-based Methods for Optimising Shared Mobility Systems with Multimodal Data

(a) Hourly trends in original datasets.

(b) Hourly trends in calibrated and merged datasets.

Figure 5.5: The hourly trend of PM2.5 across all grids in all datasets.
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relatively stable pattern with lower overall concentrations, and the DPD stationary

data shows smoother variations throughout the day. These differences result from

the variations in sensor types, spatial coverage, and data collection methods, as

introduced in Section 5.4. The merged results, shown in Figure 5.5(b), present a

more consistent temporal pattern and were used as inputs for downstream tasks.

However, the dataset still exhibits very high sparsity and the causes of miss-

ing data vary across data sources and spatial locations. In mobile sensing datasets

(Google and DPD mobile), gaps arise because data are only recorded when vehicles

pass through a grid cell. As vehicle movements are neither spatially nor temporally

uniform, this results in irregular coverage. In contrast, fixed monitoring stations

(EPA and DPD fixed) only provide data within the grid cells where they are in-

stalled, and leave other areas unobserved. Additionally, even in cells with monitor-

ing stations, data may be missing due to sensor faults, maintenance activities, or

transmission errors. These factors lead to a high and uneven rate of missing values

across the spatiotemporal grid, with over 89.64% of hourly grid-cell values missing,

which highlights the importance of the following imputation experiments.

5.6.2 External Features & Feature Selection

As introduced in Section 5.4, traffic volume, land cover, and meteorological data

were incorporated as external features by aligning them with the spatiotemporal

aggregation method used for the original datasets. These inputs provide impor-

tant external information from different perspectives. Specifically, meteorological

data assists in capturing weather-driven transport and transformation; traffic flow

contributes to understanding local emission strength; and land cover information

reflects differences in fuel use and the influence of natural and built surfaces on

the capacity for pollutant absorption. On the temporal side, raw timestamps were

deconstructed to various temporal features, including hour of day, weekday, month,

season, a rush-hour indicator, and a weekend flag. Each of these was represented as

either a categorical or binary variable. At the end, all numerical features were stan-
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dardised, and categorical features were one-hot encoded in our dataset, resulting in

a structured input vector for each hourly grid cell.

Feature selection proceeded in two steps. For the missing-value imputation ex-

periments, where the feature set was relatively small, we used Mutual Information

(MI) and Pearson correlation analysis to rank and filter inputs to remove features

with overlapping information or limited contribution to our target. For the down-

stream spatiotemporal forecasting task, which involved a much larger feature pool,

we applied RF feature importance, Pearson correlation analysis, and single-feature

ablation by iteratively dropping each feature and evaluating its impact on model

performance to improve training efficiency. By combining RF importance scores,

Pearson correlation metrics, and ablation results, we selected ten features, captur-

ing over 80% of the variance and consistently improving predictive performance.

5.6.3 Missing Value Interpolation

This section describes a two-step approach for imputing missing PM2.5 values. The

first step uses time series modelling on grid cells with relatively low temporal miss-

ing rates, while the second step applies spatial modelling across grid cells at each

time step. Feature selection was based on MI and Pearson correlation analysis,

as described earlier, and included temperature, vapour pressure, wind speed and

direction, spatial coordinates, month, hour of day, land cover, and traffic volume.

Temporal Modelling & Interpolation

We first focused on the 19 grid cells where the PM2.5 data availability rate is lower

than 95%, ensuring sufficient observations for model training. Five cells with the

lowest missing rates among them were selected as source domains for pre-training

our time series models. For evaluation, we randomly masked 20% of the observed

values in each target cell’s time series, and selected MAE, Mean Square Error (MSE),

and Kullback-Leibler Divergence (KLD) as evaluation metrics.

We compared three models, including simple RNN, LSTM, and GRU, each
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trained to predict masked hourly values based on the previous 24 hours of PM2.5

observations. All models followed the same basic architecture: a single recurrent

layer with 64 hidden units, followed by a dropout layer with a dropout rate of 0.2

applied to the final time step, and a fully connected linear layer mapping the output

to a scalar PM2.5 prediction. Models were implemented in PyTorch as sequence-to-

scalar regressors, trained using the Adam optimiser with an initial learning rate of

1× 10−3, and evaluated using MAE, MSE, and KLD.

After pre-training, each model was fine-tuned on the remaining 14 target cells to

adapt to local temporal patterns. During the first ten epochs, we froze all recurrent-

layer parameters and trained only the final fully connected layer using the Adam

optimiser, with a base learning rate of 5× 10−4 and weight decay of 1× 10−4, min-

imising MSE. After epoch 10, the recurrent layers were unfrozen, and the optimiser

was reinitialised with two parameter groups: the recurrent layer parameters trained

at one-tenth the base learning rate, and the fully connected layer at the original

rate. Both groups shared the same weight decay. A ReduceLROnPlateau scheduler

monitored the validation MSE and halved the learning rate if the loss did not im-

prove for the last 3 epochs. At the end of each epoch, we evaluated both training

and validation sets using MSE, MAE, and KLD. The model state with the lowest

validation MSE was retained, and this best-performing state was restored for final

evaluation, with metrics reported as the average across all epochs.

Table 5.2: Model performance in pre-training, fine-tuning, and evaluation.

Model
Pre-training (val set) Fine-tuning (val set) Evaluation (test set)

MSE MAE KLD MSE MAE KLD MSE MAE KLD

RNN 25.3796 3.3958 0.9986 26.0893 3.6934 2.6211 19.4949 3.1990 6.6202
LSTM 25.3169 3.4474 0.4875 25.5268 3.4674 3.7840 16.6685 2.9676 8.6496
GRU 26.0046 3.4839 1.0417 25.4977 3.6028 2.5926 19.3059 3.1896 7.5810

The results of the three time series models on pre-training, fine-tuning, and final

evaluation are summarised in Table 5.2. During pre-training on the source cells,

all models achieved similar performance. LSTM showed the lowest MSE and KLD,

while simple RNN slightly outperformed the others in terms of MAE. After fine-

tuning, GRU achieved the best MSE and KLD, whereas LSTM remained competitive
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with the lowest MAE. On the held-out test set, LSTM performed best with the lowest

MSE (16.6685), MAE (2.9676), and a competitive KLD (8.6496).

These results suggest that while all three models can capture the temporal struc-

ture of PM2.5 dynamics, LSTM showed more stable performance across training

stages and generalised better in this setting. Based on this, it was applied to all 19

grid cells to fill in missing values in the time dimension, reducing the overall missing

rate from 89.64% to 70.97%.

Spatial Modelling & Interpolation

After temporal imputation, each hourly time step contained valid PM2.5 observations

in at least 19 grid cells, making it possible to move on to the spatial modelling and

interpolation. We randomly masked 20% of the observed values per time slice to

evaluate spatial interpolation performance as a validation set. Many interpolation

and prediction methods were compared, i.e., IDW, KNN, RF, CNN, GNN, and

GCN.

For classic and interpolation methods, IDW estimates missing values as weighted

averages of observed values, where weights are based on the inverse of Euclidean

distance, using a power parameter of 2. KNN follows a similar approach but averages

the observations of the 5 nearest cells without applying distance-based weights. In

the RF method, each hourly slice is treated as a separate regression task. At each

time step, a unique RF model is trained using all available grid cells, with GPS

coordinates and external features as inputs.

DL models, i.e., GCN, GNN, and CNN, shared the same general structure, con-

sisting of a two-layer encoder applied to the spatial grid. The input was a vector

of PM2.5 values across all 70 grid cells, with missing entries filled with zeros, and

the output was a reconstructed value for each grid cell. Training was conducted

separately on each hourly slice using the masked reconstruction strategy described

earlier, aiming to minimise the MSE between predictions and the true values of the

masked grid cells. All models were trained for 100 epochs using the Adam optimiser
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with a learning rate of 1× 10−2. Specifically, the GCN model uses symmetric graph

convolution on a static undirected grid graph, where each cell is connected to its

eight immediate neighbours. The GNN model builds on the same graph but adopts a

more general message-passing approach, combining information from each node and

its neighbours through separate linear transformations. The CNN model treats the

grid as a 2D image and uses an encoder–decoder architecture with 3×3 convolution

kernels to capture local spatial patterns. Its input includes the PM2.5 values and a

binary mask indicating observed locations, concatenated as a two-channel tensor.

Figure 5.6 presents the spatial interpolation performance of six methods in terms

of MSE, MAE, and KLD. Across all methods, IDW produced the lowest MSE

(1.9673) and MAE (0.3816), and similar with KNN in KLD (0.1368). KNN fol-

lowed closely across all metrics. In contrast, learning-based models, including RF,

CNN, GNN, and GCN, showed higher errors, especially in MSE. Although KLD

differences were relatively less obvious, IDW and KNN still exhibited the best per-

formance. These results suggest that simple spatial weighting methods such as IDW

may be more effective in this case for interpolating sparse, irregularly distributed

air quality data. Based on these observations, IDW was used to perform spatial im-

putation across all hourly slices, completing the missing-value imputation process.

(a) MSE (b) MAE (c) KLD

Figure 5.6: Spatial interpolation performance across different methods.

5.6.4 Particulate Matter 2.5 Spatiotemporal Prediction

Based on the fully interpolated dataset, we further evaluated the ability of different

models to perform short-term spatiotemporal prediction. Specifically, models were
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trained to predict the complete 7× 10 spatial grid of PM2.5 values at the next hour,

using the previous N hours of historical data as input.

Feature Relevance

Input features were selected based on a joint analysis of RF feature importance,

Pearson correlation, and single-feature ablation. Specifically, Pearson correlation

revealed that variables such as weather temp and weather dewpt were negatively as-

sociated with PM2.5 levels, while RF importance suggested month, weather msl, and

weather wdsp as the top contributors. Ablation metrics (∆MSE, ∆MAE, ∆KLD)

further exhibited important features for this spatiotemporal prediction task, includ-

ing weather vis, weather wdsp, and hour. An overview of feature relevance is in

Table 5.3, where features are ranked by RF importance, and those selected for pre-

diction are highlighted with a blue background. The ablation metrics are computed

by:

∆M = Mafter removing feature −Mall features, M ∈ {MSE, MAE, KLD} (5.3)

Impact of Input Length

To investigate the impact of input length on prediction performance, we tested a

range of window sizes from 1 to 24 hours based on the RF model. As shown in

Table 5.4, the 3-hour setting performed best overall, with the lowest MSE (4.6268)

and KLD (0.1773), while the 12-hour window achieved the lowest MAE (1.4223). In

comparison, 1-hour and 24-hour inputs resulted in higher errors across all metrics.

These results suggest that a too short or too long window size may provide less

relevant context for short-term air quality prediction.
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Table 5.3: Summary of feature relevance under multiple metrics.

Feature Correlation Importance ∆MSE ∆MAE ∆KLD

month -0.2389 0.2473 -0.4245 -0.1211 -0.0072
weather msl 0.2733 0.1401 +0.5254 +0.0900 -0.0036
weather wdsp -0.1805 0.0898 +0.7707 +0.1451 +0.0215
weather wetb -0.3752 0.0841 +0.5078 +0.0983 +0.0048

hour 0.1278 0.0752 +0.7286 +0.1347 +0.0072
weather wddir -0.1700 0.0731 +1.7626 +0.2457 +0.0173
weather vis -0.1613 0.0456 +1.2315 +0.1510 +0.0102
weather w -0.1661 0.0333 +0.1496 -0.0016 +0.0062

weather temp -0.3589 0.0279 +0.3030 +0.0469 +0.0025
weather clht 0.1129 0.0272 +0.4302 +0.0747 -0.0012

wkd 0.0358 0.0189 +0.0125 -0.0280 +0.0004
land use 522 -0.1085 0.0163 +0.3745 +0.0618 +0.0119
season winter 0.2942 0.0158 -0.3537 -0.0776 +0.0066
weather dewpt -0.3650 0.0138 -0.0484 +0.0171 +0.0012
weather rhum 0.0681 0.0133 +0.4718 +0.0726 +0.0207
season summer -0.2650 0.0116 +0.4059 +0.0801 +0.0021
weather vappr -0.3496 0.0107 -0.4373 -0.0906 -0.0092
season spring 0.1626 0.0092 +0.1383 +0.0183 +0.0036
season fall -0.1719 0.0060 -0.3999 -0.0696 +0.0023
weather ww -0.1136 0.0054 +0.3559 +0.0809 +0.0117

weather clamt -0.1149 0.0044 +0.2170 +0.0455 +0.0013
weather sun -0.0221 0.0032 +0.6079 +0.1197 +0.0237
traffic avg 0.0402 0.0028 +1.0355 +0.2200 +0.0249
traffic sum 0.0416 0.0024 +0.1173 +0.0306 +0.0083
is weekend 0.0582 0.0017 +1.4436 +0.2829 +0.0426
weather rain -0.0592 0.0015 +1.3300 +0.2520 +0.0500
is rush hour -0.0427 0.0003 -0.1370 -0.0061 +0.0008
land use 112 0.0322 0.0001 +0.5863 +0.1099 +0.0091
land use 111 0.0166 0.0001 -0.0624 -0.0248 -0.0028
land use 121 -0.0438 0.0001 -0.4076 -0.1096 -0.0051
land use 141 0.0178 0.0000 +0.1832 +0.0250 +0.0012

CORR – Pearson Correlation, IMP – RF Feature Importance.
Feature Description:
weather rain – Precipitation amount (mm), weather temp – Air temperature (°C), weather wetb

– Wet bulb temperature (°C), weather dewpt – Dew point temperature (°C), weather rhum –
Relative humidity (%), weather vappr – Vapour pressure (hPa), weather msl – Mean sea level
pressure (hPa), weather wdsp – Mean wind speed (knot), weather wddir – Predominant wind di-
rection (degree), weather ww – Synop code for present weather, weather w – Synop code for past
weather, weather sun – Sunshine duration (hours), weather vis – Visibility (m), weather clht

– Cloud height (hundreds of ft, 999 if none), weather clamt – Cloud amount, land use 111 –
Continuous urban fabric, land use 112 – Discontinuous urban fabric, land use 121 – Industrial
or commercial units, land use 141 – Green urban areas, land use 522 – Estuaries, traffic avg –
Average traffic volume, traffic sum – Total traffic volume.

Table 5.4: Model performance with different window sizes.

Metric 1 H 3 H 6 H 12 H 24 H

MSE 5.0667 4.6268 4.9816 4.8379 4.9603
MAE 1.4405 1.4224 1.4502 1.4223 1.4342
KLD 0.1913 0.1773 0.1883 0.1783 0.1805
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Prediction Results

Finally, we compared several classic and learning-based models using the best-

performing feature set and the 3-hour input window introduced above to evaluate

spatiotemporal prediction performance. As shown in Table 5.5, RF achieved the low-

est MSE (4.6268) and MAE (1.4224), capturing short-term PM2.5 variations with

relatively high accuracy. Conv-LSTM achieved the lowest KLD (0.0941), showing a

closer match in data distribution with slightly higher error values. In contrast, the

historical average and ARIMA resulted in larger errors across all metrics, reflecting

limited capacity to model spatiotemporal patterns in this case study. Among DL

models, Conv-LSTM consistently outperformed TCN. Overall, the results suggest

that tree-based methods, e.g., RF, are well suited to short-term PM2.5 forecasting

in a grid-based setting, particularly when combined with relevant features and an

appropriate temporal context.

Table 5.5: Spatiotemporal prediction results with selected features and window size.

Metric ARIMA Historical Avg TCN Conv-LSTM RF

MSE 10.4588 9.9460 11.8094 6.5811 4.6268
MAE 2.5020 2.4480 2.3019 1.6167 1.4224
KLD 15.8748 4.3425 1.8629 0.0941 0.1783

5.6.5 Pollution-Aware Route Optimisation

We developed a pollution-aware route planning module to help reduce PM2.5 expo-

sure for vulnerable SMS users by incorporating interpolated or predicted air quality

data into the route selection process. Unlike conventional methods that consider

only travel time or distance, this approach evaluates candidate routes based on trip

length and pollution levels. For each route, PM2.5 concentrations are summed across

spatial segments to estimate total exposure, and a weighted score is applied to bal-

ance the trip distance and air quality, which can be customised by users according

to their personal preferences or health conditions.

To evaluate the proposed method, we randomly selected 1,000 origin-destination
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pairs within the study area, mainly focusing on walking and private micromobility

modes such as bicycles and e-bikes. For each pair, three routes were computed

using Dijkstra’s algorithm. One example is illustrated in Figure 5.7, showing the

shortest path (orange) and two greenest routes defined as those with the lowest

estimated exposure, based on interpolated air quality for the current hour (green)

and predicted values for the next hour (black), respectively. Three metrics were used

to evaluate the greenest routes against the shortest ones, including the percentage

increase in travel distance (d ↑), the percentage reduction in PM2.5 exposure (p ³),

and the percentage reduction of the exposure per unit of travel distance (p/d ³).

Figure 5.7: Shortest path and two optimised paths.

As shown in Table 5.6, routes based on interpolated pollution data increased

distance by 33.11% and reduced PM2.5 exposure by 26.02% on average, with an

exposure per distance ratio of 0.4146. Results using predicted values were similar,

with a 28.50% distance increase, a 25.88% exposure reduction, and a ratio of 0.3908

on average. The maximum reductions in the exposure per distance ratio reached

85.30% and 91.06% when using interpolated and predicted data, respectively. The

similarity between outcomes based on interpolated and predicted data also suggests
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that this approach remains effective even when real-time air quality measurements

are unavailable.

Table 5.6: Comparison between the greenest and shortest paths.

Greenest v.s. Shortest (Interpolated) Greenest v.s. Shortest (Predicted)

d ↑ p ³ p/d ³ d ↑ p ³ p/d ³
mean 0.3311 0.2602 0.4146 0.2850 0.2588 0.3908
std 0.2886 0.1692 0.2018 0.2619 0.2032 0.2317
min 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

median 0.2676 0.2374 0.4418 0.2210 0.2163 0.3843
max 2.1378 0.7951 0.8530 1.8192 0.8905 0.9106

The values represent the average percentage difference in travel distance and PM2.5 exposure
between greenest and shortest routes, computed over 1,000 randomly generated trips. On aver-
age, selecting the interpolated greenest route increased travel distance by 33.11% and reduced
PM2.5 exposure by 26%.

5.7 Discussion & Limitations

This section analyses the performance of different classic and learning-based models

in imputation, prediction, and application tasks introduced in Section 5.6. We

begin with the discussion of temporal and spatial interpolation methods for missing

data, followed by a comparison between classic ML and DL approaches for short-

term spatiotemporal forecasting. The final part focuses on how multimodal data

integration supports the pollution-aware route planning. Throughout the section,

we reflect on the influence of data quality, model selection, and task requirements,

and discuss several limitations that can be addressed in future work.

5.7.1 Interpolation & Prediction Methods for Missing Data

This study applied a two-step strategy combining temporal imputation and spatial

interpolation to address missing values in urban air quality data. Among the tempo-

ral models evaluated, LSTM performed best across all evaluation metrics, including

MSE, MAE, and KLD. Its gating mechanism may have helped reduce the impact

of noise in the input sequence and preserve relevant historical information, leading

to more stable results compared to RNN and GRU.
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For the spatial interpolation step, classic interpolation methods, including IDW

and KNN, outperformed learning-based models, such as RF and GCN. This may

be due to the sparsity and irregular distribution of our data, where distance-based

methods can directly utilise proximity information, but DL models often rely on

denser and more structured input to generalise effectively. In this case, the limited

data coverage may have affected their ability to learn useful spatial patterns.

These findings underline a key consideration in multimodal data processing tasks:

advanced learning-based models are not universally superior, and their performance

highly depends on data quality and density. Combining statistical interpolation with

ML, especially when adjusted according to data sparsity and distribution, could offer

a practical way to improve imputation performance in similar settings.

5.7.2 Learning-Based Methods for Spatiotemporal Predic-

tion

The forecasting experiments were conducted and compared based on multiple classic

ML and DL methods. RF achieved the lowest MSE and MAE, which is related to its

ability to handle structured tabular inputs and capture nonlinear patterns without

large amounts of training data. It also showed robustness to noise and redundancy,

which can be beneficial in short-term PM2.5 prediction tasks where data coverage is

uneven across grid cells.

In comparison, DL models such as Conv-LSTM produced slightly higher MAE

but achieved the lowest KLD, presenting better alignment with the overall distribu-

tion. This may reflect the strength of its architecture in learning both spatial and

temporal structure, as it combines convolutional layers for spatial distribution with

LSTM units for temporal patterns.

Overall, the results indicate that different models concentrate on various aspects

of prediction, so the selection of models should depend on whether the task requires

higher accuracy at individual locations or better preservation of spatial patterns.

Where accuracy and consistency are both important, ensemble approaches that

140



Learning-based Methods for Optimising Shared Mobility Systems with Multimodal Data

combine models with complementary strengths, such as RF and Conv-LSTM, might

improve overall performance.

5.7.3 Multimodal Data for Pollution-Aware Route Planning

The case study on pollution-aware routing shows that predicted PM2.5 values can

support exposure reduction for vulnerable SMS users, even without ground truth

measurements. In most cases, meaningful improvements can be achieved with rela-

tively small increases in travel distance. This suggests that the forecasting models

used in this study provide considerable accuracy for routing decisions, especially

when live sensor data are limited or unavailable. The usage of multimodal data,

including stationary and mobile pollutant data, as well as environmental and con-

textual features, helped extend coverage across both temporal and spatial domains.

Future enhancements could consider additional pollutants, such as NO, NO2,

O3, CO, CO2, SO2, and PM10, and explore routing strategies aimed at reducing

exposure to multiple pollutants. The performance of the optimisation method could

also be evaluated under different pollutant weights.

5.8 Summary

This study proposed a complete framework to address the challenge of reducing

pollution exposure for vulnerable SMS users by recommending routes based on

predicted PM2.5. To address the challenges caused by a multimodal dataset with

a missing rate of 89.64%, we adopted a two-stage imputation strategy combining

temporal sequence modelling and spatial interpolation. Comparative experiments

demonstrated that LSTM models effectively reconstructed missing temporal pat-

terns, while IDW performed best for sparse spatial interpolation. For short-term

spatiotemporal prediction, RF and Conv-LSTM achieved considerable results, bal-

ancing prediction accuracy and distribution. A comparative summary of the meth-

ods and data types used in this study, alongside those employed in existing research,
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Table 5.7: Summary of data imputation and prediction methods.

Study Method Problem Addressed Research Target

[258] Bi-GRU Time serial data imputation air pollutant

[259] LSTM + GA Time serial data imputation air pollutant

[151] IDW Spatial data imputation Walker Lake data

[260] LSTM Time serial data imputation air pollutant, stock prices

[152] KNN-ST Spatiotemporal data imputation temperature, air pollutant

[153] RF Spatiotemporal data imputation aerosol optical depth

[155] GCN Spatial data prediction cigarette consumption

[156] LSTM Spatiotemporal data prediction air pollutant

[265] ARIMA-LSTM Time serial data prediction air pollutant

[266] RF Time serial data prediction air pollutant

[158] GRU Time serial data prediction air pollutant

[157] LSSTA Spatiotemporal data prediction coordinates trajectory

[268] TCN Spatiotemporal data prediction traffic flow

[269] Conv-LSTM Spatiotemporal data prediction air pollutant

This
work

LSTM, IDW,
RF, Conv-LSTM

Time serial data imputation,
spatial data imputation,
spatiotemporal data prediction

air pollutant

is provided in Table 5.7, highlighting the methodological positioning of our approach.

These reconstructed and predicted pollutant maps were then used to generate route

recommendations, leading to substantial reductions in estimated pollution exposure

with only small increases in travel distance. Overall, the results highlight the poten-

tial of using multimodal environmental data and ML techniques to support healthier

and more informed mobility choices in urban environments.
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Chapter 6

Conclusions & Future Work

This chapter concludes the thesis by summarising the key work presented in each

chapter and outlining potential directions for future research.

6.1 Conclusions

This thesis investigated the integration of multimodal data with learning-based

methods to address three key challenges for SMS as outlined in Chapter 1, namely

(1) parking management; (2) energy consumption modelling, and (3) air pollution

exposure. By examining three use cases, i.e., parking recommendation, energy con-

sumption prediction, and pollution-aware routing, this thesis demonstrates the value

of employing data from multiple modalities and applying learning-based approaches

to develop effective and applicable solutions.

The initial contribution of this thesis is the demonstration of the importance

of multimodal data in SMS. Across all three case studies, the integration of multi-

modal data significantly enhanced the robustness and contextual sensitivity of the

developed systems. Specifically, in the U-Park system, multimodal data enabled

early and accurate destination predictions, which in turn supported personalised

parking recommendations and improved user experience by providing smooth and

continuous service even based on minimised user input. In the task of energy con-

sumption prediction, the combination of raw sensor data with physics-based model
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features allowed for detailed modelling of energy usage dynamics in EVs. Similarly,

in pollution-aware routing, the inclusion of multimodal data provided information

from more perspectives, contributing to the reconstruction of the high-resolution

PM2.5 spatiotemporal distribution, which is essential for route optimisation.

The second major contribution lies in the adjustment of learning-based models

according to the unique characteristics of each task, supporting effective decision-

making under real-world data constraints. Instead of relying on a single modelling

approach, this thesis investigates various traditional and learning-based methods to

address the challenges in SMS. Model selection was guided by the nature of each

problem. For instance, an ARNN was applied to partial GPS sequences in the

the U-Park system, achieving a trip destination prediction accuracy of 97.33%. In

the energy consumption prediction work, LSTM models became the most effective

local model under FL strategies, providing robust performance despite privacy con-

straints. In the air quality case study, classic methods such as RF and even IDW

demonstrated strong performance in spatiotemporal prediction and spatial interpo-

lation, respectively. However, DL models like LSTM and Conv-LSTM also achieved

competitive results, with Conv-LSTM showing superior capacity to capture spa-

tiotemporal dependencies and achieving stronger alignment in data distribution, i.e.,

better KLD, than baseline models. These results suggest that RNN-based methods

have strong generalisability across different tasks involving temporal or spatiotempo-

ral dependencies, which are common in SMS scenarios. Meanwhile, the considerable

performance of classic models such as RF highlights the continued value of ensemble

approaches, especially when dealing with structured missing data.

The final and perhaps most practical contribution of this thesis is the applica-

tion of data-driven insights into actionable system-level improvements. In U-Park,

parking recommendations increased the probability of finding available spaces by an

average of 24.91%, with improvements reaching up to 29.66% in high-demand areas.

In the energy prediction study, the proposed methods were designed for integration

with real-world edge-cloud infrastructures, supporting more efficient fleet manage-
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ment and charging strategies. In the routing system, personalised path suggestions

reduced predicted PM2.5 exposure by an average of 25.88%, with only minimal in-

creases in travel distance, providing visible health benefits to vulnerable SMS users.

While the results presented in this thesis are encouraging, several challenges still

remain in studies related to SMS. On the one hand, the quality and complexity of

multimodal data will lead to notable limitations to effective learning. Missing values,

uneven sampling, and inconsistent coverage across sources, e.g., GPS trajectories,

sensor readings, weather data, are very common, which usually decreases predictive

accuracy and complicates the integration of multimodal data sources. On the other

hand, model explainability and transparency are important but under-explored in

this thesis. While DL methods often achieve strong performance, their black-box

nature makes them difficult to trust and deploy in real-world decision-making set-

tings. For SMS, where model outputs may influence urban management, individual

choices, and even public health, understanding the decision-making logic behind the

model is essential. Addressing these challenges about data quality and model ex-

plainability would benefit the development of not only accurate and scalable, but

also trustworthy and socially responsible learning-based systems.

In conclusion, this thesis presents how multimodal data and learning-based meth-

ods can be systematically integrated and applied to improve SMS performance.

Their value lies not only in the accuracy of model results, but also in enabling

more context-aware, privacy-conscious, and user-centric services. By addressing

key challenges in prediction, optimisation, and system design across behavioural,

energy-related, and environmental dimensions, this thesis provides a foundation for

the development of more intelligent, efficient, and adaptable SMS services.

6.2 Answers to Research Questions

Building on the research objectives outlined in Chapter 1, the following summary

highlights how each research question was addressed through the findings of the

three case studies.
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Parking Recommendation System

� RQ1: Can the destination of SMS users be accurately predicted in

real time based on historical travel records and partial GPS trajec-

tories?

Yes. By integrating historical trip records with real-time GPS data, the pro-

posed ARNN-based model dynamically refined destination predictions during

the trip, achieving an accuracy exceeding 97.33%.

� RQ2: How can multimodal data (e.g., weather conditions) improve

the prediction of parking space availability near the targeted desti-

nation?

The inclusion of multimodal contextual data, such as weather conditions and

infrastructure information, enabled the parking availability prediction model

to identify suitable stations more effectively, supporting timely and reliable

recommendations under varying demand conditions.

� RQ3: Can a personalised parking recommendation system reduce

the likelihood of improper parking and improve the overall user

experience in SMS?

Yes. The U-Park system significantly improved the chance of securing a park-

ing spot, with an average gain of 24.91% and up to 29.66% in constrained

situations, demonstrating its potential to reduce improper parking and en-

hance user satisfaction through proactive and personalised guidance.

Energy Consumption Prediction

� RQ1: How to accurately model the energy consumption of shared

EVs using real-world sensor data and simulation-based driving fea-

tures?

By utilising multimodal inputs, including GPS, speed, altitude, and model-
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generated features, the proposed framework achieved high prediction accuracy.

The LSTM-based local model reduced the MAE by up to 67.84% (from 1.5723

to 0.5057), with an average MAE of 0.7847 across all vehicles.

� RQ2: Can FL achieve comparable or improved predictive perfor-

mance compared to centralised models, while avoiding direct data

sharing?

Yes. The evaluation of multiple FL strategies demonstrated that federated

approaches (especially using LSTM with FedAvg) can achieve strong predic-

tive performance while preserving data privacy, confirming their viability as

alternatives to centralised training.

� RQ3: How do different FL strategies perform under realistic condi-

tions, including centralised and decentralised environments?

Comparative analysis showed that model performance is sensitive to factors

such as iteration number, data split, and temporal input length. A config-

uration using 15 iterations, an 8:1:1 data split, and 60 input timestamps

proved most effective, with FedAvg consistently outperforming other aggre-

gation methods.

Pollution-Aware Route Planning

� RQ1: How to construct high-resolution real-time air pollution maps

by integrating multimodal data with high missing rates?

A two-stage imputation strategy combining LSTM-based temporal modelling

and IDW-based spatial interpolation enabled the reconstruction of high-resolution

PM2.5 maps despite a missing rate of 89.64%, effectively handling both tem-

poral gaps and spatial sparsity.

� RQ2: Which imputation and/or prediction methods are most suit-

able for reconstructing spatiotemporal pollutant distributions under

sparse and heterogeneous conditions?
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Experimental comparisons showed that LSTM performed best for temporal im-

putation, IDW for spatial interpolation, and both RF and Conv-LSTM offered

strong performance for short-term spatiotemporal prediction, demonstrating

a balance between accuracy and distributional alignment.

� RQ3: Can predicted pollution levels be effectively integrated into

real-time route planning systems to reduce exposure for vulnerable

road users without significantly increasing trip distance?

Yes. The integration of predicted pollutant maps into the routing system

enabled route recommendations that substantially reduced estimated PM2.5

exposure for users, making it possible to support healthier urban mobility

decisions with only small increases in travel distance.

6.3 Future Work

Although the systems developed in this thesis achieved considerable progress in

applying learning-based methods and multimodal data to SMS, several directions

still can be investigated to extend the contributions of this thesis and address some

unresolved challenges identified across the case studies. This section summarises key

opportunities for improvement and extension across all three case studies, aiming

to provide a unified view of future research directions.

6.3.1 Improving Data Quality & Fusion

Although multimodal data were employed across all three case studies, high missing

rates and inconsistencies between sources continued to constrain model performance.

Despite employing rich multimodal datasets, all three studies encountered limita-

tions related to data sparsity, inconsistency, or missing values. High-resolution en-

vironmental and behavioural data are often incomplete due to sensor malfunctions,

transmission delays, or limited coverage.
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Future work should investigate more robust spatiotemporal imputation tech-

niques, uncertainty-aware fusion methods, and adaptive mechanisms for incomplete

inputs may help address these issues. Moreover, the introduction of shared standards

or interoperable protocols for data collection will enable smoother fusion and wider

use. In addition, the introduction of standardised data formats or interoperable

protocols would enable smoother data fusion and wider use.

6.3.2 Advancing Modelling Techniques

While this thesis demonstrated the effectiveness of RNN-based models and FL tech-

niques in time-serial data processing, ensemble learning remains relatively under-

explored and may offer further improvements by combining strengths of different

modelling approaches. For instance, combining distribution-aware DL models, e.g.,

Conv-LSTM with classic models, e.g., RF, may enable better trade-offs between

accuracy, generalisability, and computational cost. Furthermore, integrating GNN-

based methods and hybrid spatiotemporal architectures may better capture the

structured dependencies in SMS. For instance, GNNs may better capture the net-

worked nature of shared mobility infrastructure (e.g., station locations, routes) for

tasks like demand forecasting or parking availability. Additionally, incorporating

uncertainty-aware techniques could enhance model reliability, especially when deal-

ing with missing, noisy, or biased data.

6.3.3 Extending System Functions & Integration

Each case study addressed a unique operational challenge, but future efforts could

explore their integration into a unified decision-support platform. For example,

pollution-aware routing could be incorporated into the U-Park journey planning

system, enabling users to find parking spots not only based on availability and

preferences but also with respect to exposure risks.

System scope can also be extended in multiple directions. For instance, multi-

objective optimisation techniques could help balance competing needs, such as travel
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time, pollutant exposure, and energy usage. The inclusion of more vehicle types

(e.g., cargo bikes, segways) and other pollutants (e.g., NO2, O3, or pollen) will

bring benefits to a wider range of users and expand SMS to broader environmental

contexts.

6.3.4 Model Explainability & User Trust

As data-driven systems gradually influence mobility decisions, improving model

transparency and interpretability becomes more and more important. Future work

should explore explainable model architectures, post-hoc explanation techniques

(e.g., SHAP and LIME), or human-in-the-loop frameworks to provide transparency

and support user confidence. For instance, SHAP can be applied to better explain

feature contributions in ML models, which may help operators understand why a

particular trip was predicted to consume more energy, e.g., due to steep road gra-

dient or cold weather, thereby improving interpretability and user confidence in

energy management systems. These efforts are crucial for the widespread adoption

of intelligent SMS in practice.
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Blaise Agüera y Arcas, Communication-efficient learning of deep networks

from decentralized data, 2016. doi: 10.48550/ARXIV.1602.05629.

[238] Beibei Li, Yuqing Guo, Qingyun Du, Ziqing Zhu, Xiaohui Li, and Rongxing

Lu, “P3: Privacy-preserving prediction of real-time energy demands in EV

charging networks,” IEEE Transactions on Industrial Informatics, vol. 19,

no. 3, pp. 3029–3038, Mar. 2023. doi: 10.1109/tii.2022.3182972.

[239] Tian Li, Anit Kumar Sahu, Manzil Zaheer, Maziar Sanjabi, Ameet Talwalkar,

and Virginia Smith, Federated optimization in heterogeneous networks, 2018.

doi: 10.48550/ARXIV.1812.06127.

187

https://doi.org/10.3390/en8088573
https://doi.org/10.1016/j.seta.2020.100826
https://doi.org/10.1016/j.future.2020.10.007
https://doi.org/10.1109/netsoft54395.2022.9844024
https://doi.org/10.48550/ARXIV.1602.05629
https://doi.org/10.1109/tii.2022.3182972
https://doi.org/10.48550/ARXIV.1812.06127


Learning-based Methods for Optimising Shared Mobility Systems with Multimodal Data

[240] Manoj Ghuhan Arivazhagan, Vinay Aggarwal, Aaditya Kumar Singh, and

Sunav Choudhary, Federated learning with personalization layers, 2019. doi:

10.48550/ARXIV.1912.00818.

[241] Liam Collins, Hamed Hassani, Aryan Mokhtari, and Sanjay Shakkottai, “Ex-

ploiting shared representations for personalized federated learning,” in Pro-

ceedings of the 38th International Conference on Machine Learning, Marina

Meila and Tong Zhang, Eds., ser. Proceedings of Machine Learning Research,

vol. 139, PMLR, Jul. 2021, pp. 2089–2099.

[242] Wei Yang Bryan Lim et al., “Federated learning in mobile edge networks: A

comprehensive survey,” IEEE Communications Surveys & Tutorials, vol. 22,

no. 3, pp. 2031–2063, 2020. doi: 10.1109/comst.2020.2986024.

[243] Mamoun Alazab, Swarna Priya RM, Parimala M, Praveen Kumar Reddy

Maddikunta, Thippa Reddy Gadekallu, and Quoc-Viet Pham, “Federated

learning for cybersecurity: Concepts, challenges, and future directions,” IEEE

Transactions on Industrial Informatics, vol. 18, no. 5, pp. 3501–3509, May

2022. doi: 10.1109/tii.2021.3119038.

[244] Ji Li, Kailong Liu, Quan Zhou, Jinhao Meng, Yunshan Ge, and Hongming

Xu, “Electrothermal dynamics-conscious many-objective modular design for

power-split plug-in hybrid electric vehicles,” IEEE/ASME Transactions on

Mechatronics, vol. 27, no. 6, pp. 4406–4416, Dec. 2022. doi: 10.1109/tmech.

2022.3156535.

[245] Geunseob Oh, David J. Leblanc, and Huei Peng, “Vehicle energy dataset

(VED), a large-scale dataset for vehicle energy consumption research,” IEEE

Transactions on Intelligent Transportation Systems, vol. 23, no. 4, pp. 3302–

3312, Apr. 2022. doi: 10.1109/tits.2020.3035596.

[246] Sen Yan, David J. O’Connor, Xiaojun Wang, Noel E. O’Connor, Alan. F.

Smeaton, and Mingming Liu, “Comparative analysis of machine learning-

based imputation techniques for air quality datasets with high missing data

188

https://doi.org/10.48550/ARXIV.1912.00818
https://doi.org/10.1109/comst.2020.2986024
https://doi.org/10.1109/tii.2021.3119038
https://doi.org/10.1109/tmech.2022.3156535
https://doi.org/10.1109/tmech.2022.3156535
https://doi.org/10.1109/tits.2020.3035596


Learning-based Methods for Optimising Shared Mobility Systems with Multimodal Data

rates,” in 2025 IEEE Symposia on Computational Intelligence for Energy,

Transport and Environmental Sustainability (CIETES), IEEE, Mar. 2025,

pp. 1–8. doi: 10.1109/cietes63869.2025.10995064.

[247] Robert J. Henning, “Particulate matter air pollution is a significant risk factor

for cardiovascular disease,” Current Problems in Cardiology, vol. 49, no. 1,

p. 102 094, Jan. 2024, issn: 0146-2806. doi: 10.1016/j.cpcardiol.2023.

102094.
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