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1.1 Introduction

R

ecent technological advancements have opened a world of opportunities for key players
within the mobility ecosystem, with several versions of multi-modal mobility services being
adopted in notable cities in several parts of the world. This mobility evolution and the
possibilities arti cial intelligence (AI) and the Internet of Things (IoT) present for personalized
transport solutions is helping to shape a data-driven, human-centered future for mobility services. As
Mobility as a Service (MaaS) grows in popularity around the world, researchers and mobility
ecosystem players constantly seek to unlock the complexities of a truly inclusive mobility innovation
using big data and machine learning, and other related technologies. This report takes a closer look at
current and emerging smart mobility designs powered by big data and arti cial intelligence, drawing
from relevant industry journals and conferences, academic and white papers to shed more light on
ways of implementing a truly smart human-centered mobility system. Further, the report details key
applications of big data and arti cial intelligence in the design of smart mobility and provides
insights on areas for future research and opportunities for a human-centered intelligent mobility
solution. The study is aimed at identifying how cities around the world are dealing with mobility
challenges using new technology, the role AI and other new technologies play in the design smart
mobility systems, and who the key players are in the application of AI to smart mobility design.
The rest of the report is structured as follows: the next section in this chapter overviews the methods
used in this study. Chapter two overviews the development of intelligent MaaS and the trends that
are driving such a shift. Chapters three and four covers the key terms used in this study and
applications of AI in mobility in AI in intelligent and smart mobility design respectively. Chapter ve
looks at the shoft towards AI-driven, service dominant mobility design, followed by chapters six and
seven which discusses challenges with designing smart AI-driven smart mility systems and possible
mitigations to these challenges respectively. The report then wraps up in chapters eight and nine with
conclusions and areas for further research.
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In this section, the report highlights the method(s) used to narrow down on the selected literature and
previous work within arti cial intelligence, human-centered design, and mobility as a service. The
purpose of this is to give a clear indication of the steps involved in this study to aid in the validation
of the ndings or replication of the research in the future (Kallet, 2004; Ojala and Lehner, 2018).

Keywords
Artificial Intelligence in Smart
Mobility
Smart Mobility and AI
Human-centered smart mobility
design

Search Sources

Inclusion Criteria

Scopus
IEEE digital library
ACM Digital Library
Web of Science
Google Scholar

Within the last decade
Filtered by relevance to
the subject matter
Within the area of Computer
Science and Information
Systems

Intelligent mobility design

Peer reviewed

Table 1:Keywords, bibliographic search sources, and inclusion criteria
As human-centered intelligent systems and MaaS relates to the eld of information systems and
computer science, a bibliographic search was conducted to source relevant resources from leading
journals within information systems. The chosen databases were Scopus, IEEE Xplore digital library,
ACM Digital Library, and Web of Science databases. These were preferred as they contain relevant
resources within information systems and are leading repositories trusted by researchers worldwide.
For the inclusion criteria, papers and reports from within the last decade were preferred, given the
popularity of human-centered intelligent systems and MaaS and its rapid development in cities
around the world (United Nations, 2020). The relevance of the resources to human-centered
intelligent systems and MaaS was also considered, to limit the search yield and narrow the results to
include papers that mostly mention arti cial intelligence, mobility as a service, intelligent mobility or
smart mobility in their keywords and abstracts. The report also looked at papers that were within the
eld of computer science and information systems that had been peer-reviewed. The analysis
covered several references and document sources, not within the aforementioned scope, but were
relevant to the scope of the search. These resources were not directly identi ed within the main
databases highlighted for the search, but are included as they are necessary and relevant to the
purpose of this study.
The literature search was then conducted using the aforementioned criteria, using a combination of
the keywords, and ltered to be within the last decade. The subject areas were limited to computer
sciences and information systems and further ltered to cover author keywords.

 


 


fi

 


fi

fi

fi

fi

 


fi

5
fi

fi

1. 2 Methodology

Keyword: Artificial Intelligence in Mobility
Search within: Last Decade
Subject Area: Computer Science/ Decision Sciences
Content Type: Journal Articles and Conference
papers

Initial search results: n= 1,222 resources

Secondary filters applied:
Limit Keywords to:
“Mobility”, “Smart Mobility”, “Artificial
Intelligence techniques”, “Mobility
Management”, “Intelligent Systems”,
Artificial Intelligence, Intelligent Transport
systems
Final document result: n =138 documents

Keyword: Smart Mobility and AI
Search within: Last Decade
Subject Area: Computer Science/ Decision
Sciences
Content Type: Journal Articles and
Conference papers

Initial search results: n= 84 resources

Secondary filters applied: Limit Keywords to:
“Smart Mobility”, “Artificial Intelligence”,
“Mobility Management”, “Intelligent Systems”
Final document result: n =31documents

Keyword: Artificial Intelligence Application
in smart Mobility
Search within: Last Decade
Subject Area: Computer Science/ Decision
Sciences
Content Type: Journal Articles and Conference
papers

Initial search results: n= 54 resources

Secondary filters applied: Limit Keywords to:
“Artificial Intelligence”, “Intelligent Transport
Systems”, “Human Mobility” “Mobility Service”
Final Document result: n = 47 documents

Keywords: Human-Centered Smart Mobility
Design
Search within: Last Decade
Subject Area: Computer Science/ Decision Sciences
Content Type: Journal Articles and Conference papers

Initial search results: n = 14 resources

Secondary filters applied: Limit Keywords to:
“Smart Mobility”, “Mobility, Smart City,
“Intelligent Transportation Systems,
“Intelligent Systems”
Final document result: n =4 documents

Keyword: Intelligent Mobility Design Search
within: Last Decade
Subject Area: Computer Science/ Decision Sciences
Content Type: Journal Articles and Conference
papers

Initial search results: n= 1,253 results

Secondary filters applied: Limit Keywords to:
“Smart Mobility”, “Artificial Intelligence”,
“Mobility, Smart City, “Intelligent Transportation
Systems, “Intelligent Systems”
Final Document result: n =334

Figure1: Scopus Database keyword search and shortlist process and results
The combination of the keyword searches from the Scopus database yielded a total of 554 documents
after the attributes and the chosen lters were applied. The chosen keywords were searched for
sequentially, with “Arti cial Intelligence in Mobility” yielding 138 nal documents after lters and
were applied as indicated in Figure 1. The same process was repeated for the keywords “Smart
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mobility and AI, “Arti cial Intelligence application in smart mobility”, “human-centered mobility
design”, “intelligent mobility design”, “AI- powered MaaS" yielding 31, 47, 4, 334, and 0 documents
results respectively. Total documents shortlisted were 554.
Keyword: Artificial Intelligence in Mobility
Search within: Last Decade
Subject Area: Computer Science/ Decision Sciences
Content Type: Journal Articles and

Keyword: Smart Mobility and AI
Search within: Last Decade
Subject Area: Computer Science/ Decision Sciences
Content Type: Journal Articles and Conference
papers

Keyword: Artificial Intelligence Application in
smart Mobility
Search within: Last Decade
Subject Area: Computer Science/ Decision Sciences
Content Type: Journa

Limit Publication topics to:
“Artificial Intelligence”, “Intelligent Transport
Systems”
Final document result: n =151 documents

Limit publication topics to: “Artificial
Intelligence”
Final document result :n = 45 documents

Limit publication topics to:
“Artificial Intelligence”, “Intelligent
Transport Systems”
Final Document result n = 14 documents

Keywords: Human-Centered Smart Mobility
Design
Search within: Last Decade
Subject Area: Computer Science/ Decision Sciences
Content Type: Journal Articles and Conference
papers

Limit publication topics to:
“Artificial Intelligence”, “Intelligent
Transport Systems”

Keywords: Intelligent Mobility Design
Search within: Last Decade
Subject Area: Computer Science/ Decision Sciences
Content Type: Journal Articles and Conference
papers

Limit publication topics to:
“Artificial Intelligence”, “Intelligent Transport
Systems”

Final Document result n = 5 documents

Final Document result n = 143 documents

Figure 2: Database search process for IEEE Xplore digital library
The next database searched was the IEEE Xplore digital library, using the same keywords and lters
as used in the Scopus database search
_________________________________________________________________________________

1 136

Documents Shortlisted

456

Final documents reviewed

Journal Articles

Grey Literature

Websites and other sources

_________________________________________________________________________________
Figure 3: Types of documents used for the literature search
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The keyword searches yielded a total of 344 results, a combination of results from "arti cial
Intelligence in mobility (151), smart mobility and AI (45), arti cial intelligence application in smart
mobility (14), human-centered smart mobility design (5), and intelligent mobility design (143) as
shown in Figure 2.
The next databases searched were the ACM digital library and Web of Science, which yielded 202
and 36 documents respectively, as shown in Figures 3 and 4. In all, a total of 1,136 documents were
shortlisted, after which a nal resource list of 156 was chosen based on relevance to the humancentered intelligent systems and MaaS and deduced from document titles and abstracts, and after
eliminating duplications. Zotero was used as a tool for referencing as well as managing duplications.
Other sources from Google Scholar and Google Search were used

Limit results to highest cited and author
keywords

Keyword combination: “Artificial Intelligence in
Mobility” or “Smart Mobility and AI” or
“Artificial Intelligence Application in smart
Mobility”, or “Human-Centered Smart Mobility
Design”, or “Intelligent Mobility Design”
Search within: Last Decade
Subject Area: Computer Science/ Decision Sciences
Content Type: Journal Articles and Conference papers

Final document result: n = 202 documents

Figure 4 :ACM Digital library search process

Limit publication topics to:
“Artificial Intelligence”, “Intelligent Transport
Systems”

Keyword combination: “Artificial Intelligence in
Mobility” or “Smart Mobility and AI” or
“Artificial Intelligence Application in smart
Mobility”, or “Human-Centered Smart Mobility
Design”, or “Intelligent Mobility Design”

Final Document result: n = 36 documents

Search within: Last Decade
Subject Area: Computer Science/ Decision Sciences
Content Type: Journal Articles and Conference papers

Figure 5: Web of Science database document search process

2. The development of intelligent mobility as a service

O

ne of the common problems faced by many countries around the world today is urban
congestion resulting from transportation, whose effects such as the direct impact on travel
time and fuel consumption and its attendant emission challenges affecting human health
(Masoud and Jayakrishnan, 2017). With the world’s population estimated to reach approximately 8.5
billion by 2030 (United Nations, 2019), majority of which is projected to be virtually absorbed by
urban areas (United Nations, 2018), city authorities will need to effectively design sustainable and
green mobility solutions to meet the needs of city dwellers and commuters as a way to reduce the
congestion (Basile et al., 2020; Horn and Schönefeld, 2020).
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As part of efforts to reduce urban congestion, players within the transportation ecosystem have over
the years deployed solutions to aid the smooth movement of people and goods (Stiglic et al., 2018).
In varying forms, these innovative mobility solutions are helping city authorities to reduce the
systemic congestion in city spaces, contributing to livability and sustainable environments
(Impedovo and Pirlo, 2020). As mobility is seen as the backbone of any society and a key contributor
to economic development (Hannon et al., 2016), solving mobility challenges through innovation is
key on the agenda of smart cities (Olszewski et al., 2018). Rapid population growth makes the need
for better and more ef cient innovation in mobility services more urgent than ever (Skouby et al.,
n.d.) which is a key reason why smart mobility has become a common theme of the sustainability
agenda, as part of responses to pursue more sustainable transportation systems in the big cities, with
considerations on identifying the key drivers of intelligent mobility (Munhoz et al., 2020).
In response to the growing mobility demand (Franco et al., 2020), coupled with the failure of
passenger transport services to ensure uniformity in mobility services for all, partly due to the
complexity of different transport modes and payment challenges (Murati, 2020) - MaaS, a general
term for multi-modal on-demand mobility services has emerged in recent times as one of the answers
to the ever-growing demand for mobility services (Hensher et al., 2020). The MaaS phenomenon has
so far delivered platforms that provide consumers and users with alternatives to private
transportation, helping city authorities to reduce traf c congestion and promote better and ef cient
transport means for citizens (Paiva et al., 2021). Several shareable transportation systems embedded
with smart technologies are also being used in many smart cities towards attaining a user-friendly
and environmentally sustainable mobility solution at lower implementation costs (Munhoz et al.,
2020).
Smart mobility service providers and integrators like Whim, Ubigo, Moovel, Uber, Lyft, Arro,
BlaBla Car, Bridj, Cabify, DidChixing, FlyWheel, Brab, Hitch, Curb, and many more are facilitating
easy access and on-demand mobility in various parts of the world. These applications and they are
quite many, are helping to make door-to-door mobility better (Schulz and Überle, 2018), and
ushering in a new era of smart mobility. With the growing need for better and more personalized
mobility solutions, however, the need for city authorities and mobility service providers to pursue
smart mobility solutions including algorithm optimization for people and vehicles, reduction of
congestion through smart traf c management, and intelligent solutions for the movement of logistics
among others is more urgent than ever (Viechnicki et al., n.d.).
In recent times, new technologies like AI and IoT are opening more possibilities for using big data
for transportation research and mobility solutions, featuring in studies around the world, some aimed
at investigating mobility patterns by relying on mobile phone trace data of millions of users as well
as odometer readings from safety readings to gain deeper insights into mobility patterns (Calabrese
et al., 2013). Other studies have focused on using commuter's transport history data for personalized
route descriptions to produce more effective and cognitive turn-by-turn directions (Su et al., 2019)
and the use of blockchain to facilitate MaaS (Andersson and Torstensson, 2017). In the area of goods
transport, several robot prototypes that deliver necessities to homes are being used in cities around
the world (Paiva et al., 2021), opening even more possibilities for AI in mobility.
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C

hallenges related to Urban Mobility(Closer, 2021) is gradually referred to as different types
of challenges that require new types of solutions. Therefore, it is common to nd terms like
smart mobility, intelligent mobility, human-centered mobility, and similar terminologies
emerge in various urban use-cases and applications. While these terms share a similar mobility
theme and, in some cases, could be referring to the same concept, an understanding of what these
terms mean concerning the human-centered intelligent systems and MaaS will help to provide a
clearer perspective on the focus of this study. An overview of de nitions of the key terms is provided
in the ensuing section.

3.1 Mobility as a Service (MaaS)
MaaS has gained popularity deservedly in recent times (Jittrapirom et al., 2017) due to its
ef ciency in delivering mobility innovation (Cruz and Sarmento, 2020) and its promise of
delivering sustainable transport solutions (Esztergár-Kiss et al., 2020).
As a constantly evolving concept (Minchin, 2021), a one-size- ts-all de nition for MaaS will
not be enough to thoroughly describe what MaaS encompasses (Jittrapirom et al., 2017). A
considerably large number of de nitions for MaaS was uncovered in the compilation of this
report, with each de nition approaching the delivery of multimodal mobility services from
various angles, but sharing an underlying theme of a user and service-oriented bundled
mobility service. Sampo Hietanen, described as the “godfather” of MaaS (Murati, 2020)
de ned it as a cooperative, interconnected mobility ecosystem, delivering bundled mobility
services to users, through one interface, similar to phone price- plan packages (Hietanen,
2014).
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3. Key Terms

______________________________________________________
Figure 6: MaaS ecosystem, adapted from (BusinessMaaS, 2017)
This de nition all but summarizes what Maas embodies - a user-centric mobility solution involving
one or more modes of transport (Polydoropoulou et al., 2020; Santos and Nikolaev, 2021). Other
authors like Hensher et al. (2020) describe MaaS as a one-stop shop of private and public transport
services bundled together. The key concepts that de ne MaaS cover the merging of different mobility
modes (Jittrapirom et al., 2017), needs-based and customizable (Karlsson et al., 2016) door-to-door
mobility solutions (Hietanen, 2014), powered by integrated payment systems (Pangbourne et al.,
2020; Polydoropoulou et al., 2020) and brokered via digital platforms connecting users and service
operators (Pangbourne et al., 2020). Table 2 highlights some de nitions of MaaS collated from the
literature. This summary is however not exhaustive as one report cannot adequately cover the wealth
of information on MaaS.

KEYWORD
MOBILITY AS A
SERVICE

DEFINITION

AUTHOR(S)

MaaS is a distribution model that delivers users' transport needs
through one single interface of a service provider, combining different
transport modes to offer tailored mobility packages.

Hietanen, (2014)

A personalized, one-stop travel management platform digitally unifies
trip creation, purchase, and delivery across all modes. For customers, it
offers total integration across public, intermediate (ride-sourcing,
micro- transit, and taxi), and private (through car-sharing or cycle hire)
modes of transport.

Ho et al., (2018)

MaaS is a service that integrates different modes and services
Georgakis et al.,
in subscription, packages to cover an individual's travel needs through a (2020)
single interface; the MaaS operator.

Table 2: De nitions of MaaS and AI
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Table 2 continued
DEFINITION

AUTHOR(S)

A user-centric, multimodal, sustainable, and intelligent mobility
management and distribution system, in which a MaaS Provider brings
together offerings of multiple mobility service providers (public and
private) and provides end-users access to them through a digital
interface, allowing them to seamlessly plan and pay for mobility.

Kamargianni and
Matyas, (2017)

The integration of various forms of transport services into one single
mobility service accessible on demand.

MaaS Alliance,
(2017)

MaaS may contain both public and private sectors, including the
operators under crowd-sourced logistics such as car-sharing and rental,
transport fleet and infrastructure; trip planner, booking and payment;
real-time traffic management, and inter-connectivity information
among service platforms; as well as relevant value-added services.

Li et al., (2019)

A service that integrates different mobility services (e.g. public
transport, car sharing, bike sharing, taxi, etc.) and provides one-stop
access to these services through a common interface – is being
explored as part of the solution.

Karlsson et al.,
(2016)

KEYWORD

MaaS provides a system whereby traditional services such as public
Butler et al.,
transport can be integrated with other on-demand and shared services— (2021)
such as ride-, bike- and car-sharing—and a single online interface
utilized for payment, journey planning, and other traveler information.

ARTIFICIAL
INTELLIGENCE

A new transport solution which merges the different
available transport modes and mobility services, to provide seamless
door-to-door mobility for users, made feasible by the technological
advances, the cooperation of different operators, and the bundling of
several transport modes.

Jittrapirom et al.,
(2017)

A socio-technical paradigm that aims at transporting persons (and
sometimes goods) over a predefined distance, often by combining
different means, by making intelligent use of ICT (and, less often, ITS)
in a way that is distinctly more sustainable than the use of a private car.

Giesecke et al.,
(2016)

The incorporation of human intelligence into machines. In AI,
machines complete the task based on the stipulated rules and
algorithms.

Jakhar and Kaur,
(2020)

A machine-based system is capable of influencing an interlocutor in a
particular task by making recommendations, predictions, or decisions
for a given set of objectives. It uses machine and/or human-based
inputs/data to i) perceive a context; ii) generalize, learn, and abstract
perceptions into replicable models with or without human guidance;
and iii) interpret the models to posit a humanly interpretable outcome.

(Ballester, 2021)

An Interactive Human-Centered Arti cial Intelligence is an Arti cial
Intelligence that enables interactive exploration and manipulation in
real-time and is designed with a clear purpose for human bene t while
being transparent about who has control over data and algorithms.

Schmidt, (2020)

The capability of a computer system to show human-like intelligent
behavior, characterized by certain core competencies including
perception, understanding, action, and learning. (. . .) an AI application
refers to the integration of AI technology into a computer application
field with human-computer interaction and data interaction".

Wirtz et al.,
(2019)

Machines that can learn, reason, and act for themselves. They can make Hao, (2018)
their own decisions when faced with new situations, in the same way,
that humans and animals can.
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Table 2 continued

KEYWORD

AUTHOR(S)

DEFINITION

AI is defined as a system’s ability to correctly interpret external data, to Kaplan and
learn from such data, and to use those learnings to achieve specific
Haenlein, (2019)
goals and tasks through flexible adaptation.

3.2 Arti cial Intelligence
AI is a concept that has been around for several years, in many forms, powering technological
innovations in everyday life and industry (Grif ths, 2019; Morgan, 2019). A buzzword in recent
times, AI is often used interchangeably with machine learning and often confused with robotic
process automation (Manning, 2020), which is the automation of tasks that reproduce the work that
humans do (van der Aalst et al., 2018) with the help of software robots that can perform accurately,
repetitive tasks (Ribeiro et al., 2021). The former ia an umbrella tern that includes a broad range of
algorithms which performintellegent predictions based on a data set (Nochols et al., 2020). While AI
covers systems that combine large amounts of data and processes same at fast speeds with iterative
processing through intelligent algorithms (Khayyam et al., 2020).
As AI is being leveraged in mobility innovations worldwide (Maayan, 2020), a clearer understanding
of what AI represents, and the improvement opportunities it offers for mobility service design is key.
Several authors have attempted to simplify the de nition of AI, some of which have been
documented in this study. For instance, Russell et al. (2017) described AI as a “proxy for humans”,
while Nilsson, (1998) describes AI as concerned with “intelligent behavior of artifacts”, further
explaining intelligent behavior to include perceptional reasoning, learning, communicating, and
acting in complex situations (Nilsson, 1998; UITP, 2021). An earlier de nition by John McCarthy,
often referred to as one of the fathers of AI (European Commission, 2020) describes common sense
ability as key to AI (McCarthy, 1959). Nikitas et al. (2020) take the de nition a notch further,
describing AI as a machine's ability to simulate the human mind by interpreting and learning from
data it receives from the environment and using that learning to complete tasks successfully. With
more conceptualizations (a compilation of some de nitions from the literature search is detailed in
Table 2) and use cases for AI especially in designing smart mobility (Majster et al., 2021), the future
of mobility is promising (Horn and Schönefeld, 2020).

3.3 Smart Mobility
In an era of "smart" artifacts, it is no surprise that mobility has had its fair share of the ‘smart’ pre x.
Smart mobility describes mobility that uses digital technologies to integrate systems and means of
transport that interacts with users, to meet the mobility needs of users in a safe, accessible and
sustainable manner (Munhoz et al., 2020). Francini et al. (2021) de ne smart mobility as the result of
a planning process that makes use of technological supports in the use and monitoring of individual
and shared transport systems for ensuring safety standards, functionality, and sustainability. AlRahamneh et al. (2021) conceived smart mobility as a customized and on-demand service provided
to users to solve their mobility needs effectively and ef ciently while promoting sustainable mobility
and minimizing carbon footprint impact. Smart mobility will undoubtedly transform the future, and
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with various mobility systems and applications already putting a myriad of mobility options in the
palm of users, the prospects are just as promising. Smart mobility brings demand responsive
transport, intelligent transport systems, electric mobility and shared mobility and autonomous
vehicles under one umbrella (Butler et al., 2020)
Smart mobility and Intelligent transportation systems share similar concepts and are both related to
mobility that uses one form of a technology system or another. In the next section, the report details
what Intelligent Transportation Systems are and how they differ from smart mobility.

Figure 7: Conceptual framework of smart mobility ecosystem and MaaS adapted from (Butler et al.,
2020)

3.4 Intelligent Transportation Systems
Like MaaS and smart mobility, Intelligent Transportation Systems (ITS) are helping to make cities
smarter, leveraging information and communication technologies to facilitate mobility of people and
goods while ensuring safety (Kanafani et al., 1994). Although often used interchangeably, smart
mobility and ITS do not mean the same concept, although the two share close similarities in how
they are used within discussions on intelligent mobility. ITS generally involves a computerized
system having diverse applications connected with vehicle transportation (Singh et al., 2014) and
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Figure 8: Intelligent transportation systems in smart cities, adapted from (Agarwal et al, 2015)

3.4.1 Smart Public Transport System
Public transport systems are used in many cities across the world. Within ITS in smart city contexts,
smart transport covers all types of vehicles that use state-of-the-art information and communication
technologies to ef ciently transport people and goods, monitor locations, facilitate vehicle-vehicle
communication, and assist in traf c management (Boreiko et al., 2019). These connected solutions
for various shared passenger transport services usually feature integrated passenger information
systems, ticketing and payments systems, traf c control and analytics (Öberg, et al., 2017). Smart
public transport systems use real-time data and algorithms to provide passengers with route choosing
exibility, departure times, transport modes, etc, thanks to the integration of varying transport modes
from various service providers (Porru et al., 2020). As digital technologies open new possibilities,
city authorities are constantly looking for new ways to leverage AI and IT to improve travel
experiences. Within the Nordic region for instance, ambitious visions for ef cient and inclusive user-
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electronics technologies to monitor and manage traf c ow, reduce congestion and provide time and
cost-saving route optimization information to travelers (Singh and Gupta, 2015). ITS uses sensors,
communication, and computational technologies to collect, store and process traf c information for
the bene t of road users (Sochor, 2013; Wang et al., 2019). ITS has been deployed in major cities
around the world, at various levels of implementation, in traf c management to reduce congestion
based on online data on traf c patterns, density, speed, travel time, and geographic positioning of
vehicles in real-time (Mandhare et al., 2018). Agarwal et al (2015) conceptualized ITS within the
smart city context (Figure 7) to cover smart public transport systems, intelligent traf c management
and control systems, smart traf c information systems, smart parking management systems, safety
management, and emergency systems, and smart pavement management system. An overview of the
applications of AI, IoT, and big data within the various application areas of ITS are looked at in the
ensuing sections.

centered smart public transport are in motion. In Copenhagen, a target of 75% of all trips by public
transport, bike or foot has been set, to be achieved by 2025 (Öberg, et al., 2017). Leading public
transport operators like Nordina and MTR are keen on exploring new opportunities created by digital
technologies to improve passenger experience, by exploring a number of AI-driven solutions incabin personalization experience to make public transport more appealing (Öberg, et al., 2017)

3.4.2 Smart Traf c Information System and Intelligent Traf c
Management and Control System
Another use case for ITS is smart traf c management and control systems, for monitoring traf c and
event information, often using algorithms and real-time data to coordinate the proper ow of traf c
and incident management (Quessada et al., 2020). Traf c lights have been in existence for long,
often serving traditional roles of being manned to direct traf c in an orderly manner. The advent of
recent technologies has however seen several heterogeneous components within modern traf c
monitoring systems using IoT and processing real-time traf c information intelligently (Omar,
2015). Within the same context of smart cities, intelligent traf c management and control systems
are being applied for Advanced Traveller Information Systems, to improve overall traf c system
performance, reduce emissions, noise, and travel times. (Allström et al., 2017).
As technology advances, more use cases for AI and IoT are being discovered and studied by
researchers, for the improvement of smart traf c management and control, for the smart cities of the
future. For instance, an Intelligent Traf c Management System and Smart Traf c Signal controller
based on the internet of vehicles was proposed in a study by Mohamed and AlShalfan (2021), for
local traf c management using an adaptive algorithm to reduce commuting time, provide reasonable
traf c ow, and give priority to emergency vehicles. A similar low-cost, highly scalable intelligent
traf c administration system based on IoT, wireless sensing, and vision detection technologies was
proffered in a study by Omar (2015). The future of smart traf c management and control looks
promising, as new design visions leveraging IoT and big data are studied and experimented with, be
it in the area of smart wireless digital traf c lights (Toh et al., 2020), or intelligent traf c control
systems based on wireless sensor networks (Hilmani et al., 2020).

3.4.3 Safety Management and Emergency Systems
One of the challenges with transportation is the possibility of road traf c accidents, with its attendant
injuries, fatalities, and property damages. A 2018 World Health Organisation report estimates the
number of global annual road traf c deaths worldwide at 1.35 million in 2016, painting a grim
picture of the severity of road crashes, particularly as the leading killer of people aged between 5 and
29 years (WHO, 2019). Various interventions are being adopted to reduce the fatality of road crashes
and ensure safety for road users worldwide. In 2018, the European Commission proposed a new
policy approach to road safety in the EU, - “Vision Zero”, aimed at pursuing a short term vision of
reducing deaths and injuries from road fatalities, an interim target of 50% fewer deaths and serious
injuries from road crashes between 2020 and 2030, and a long-term target of zero deaths and serious
injuries by 2050 (European Commission, 2019).
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Similar policy interventions for drastic road fatality and serious injury reductions are being
implemented in cities in the United States (Evenson et al., 2018). ITS is helping to shift the road
safety focus from minimizing road crash consequences (through vehicle safety measures) to the use
of technology to reduce the severity of traf c crashes through the use of IoT and communication
technologies to quicken emergency response times and provide driver assistance for crash mitigation
(Tatari et al., 2012). ITS within road safety management and emergency systems can collect data to
be used to predict crash likelihoods, detect and verify incidents, improve accident response times and
provide timely warnings for the traveling public in case of crashes on traveling routes (Kaiser, 2021).
Another application of big data and IoT within ITS is the concept of musical roads, trialed by
countries like Japan, the US, Denmark, Netherlands, Taiwan and Korea. (Toh et al., 2020). The idea
is for these roads to produce music when cars drive past them, with the music tempo quickening in
parallel with the travelling speed of the moving car. This technology is aimed at hazard warning,
road safety and to help drivers keep within the speed limits necessary for the music to play at a
normal tempo while providing a form of entertainment. (Toh et al., 2020). The future for ITS
promises more innovations for traf c management systems, whether to reduce the latency of
emergency services for ambulances and response vehicles (Djahel et al., 2013) through a
combination of vehicle-to-vehicle and vehicle-to- infrastructure (Martinez et al., 2010), or decision
support systems for emergency management on major roads and tunnels (Alvear et al., 2013) and
data analytics on accidents trends for prediction and prevention (Agarwal et al., 2015).

3.4.4 Smart Parking Management System
Smart Parking Management Systems are one of the ways ITS is helping smart cities to optimize
parking spaces. These intelligent parking systems provide information on vacant parking spaces to
drivers (Kalašová et al., 2021), using a combination of information and communication technologies,
big data and location technologies (Barriga et al., 2019), object detection sensors, infrared sensors,
neural networks, and machine vision (The Guardian, 2018). Smart parking systems are in use
currently in many European cities, as well as in other parts of the world (El-Seoud et al., 2016),
helping to transform smart cities and make them more livable (Danilina and Slepnev, 2018), ensure
less pollution, optimize space usage and safety (Karsten, 2018). With advances in AI, several bigdata driven smart parking solutions have been developed and researched, like counter-based systems
which use sensors to count the number of vehicles entering and leaving the parking area, giving
indication on free parking spaces to authorities and drivers (Soegoto et al., 2018). A similar magnetic
and vision sensor based system was researched and tested by Alam et al., (2018), based on a
decentralized intelligence architecture, like that of ZigBee (Shim et al., 2006), a popular wireless
parking system. Other examples of smart parking systems are based on a combination of
technologies like fuzzy logic, vehicular to infrastructure communication, computer vision and RFID
to identify and recommend free parking spaces for drivers (Fraifer and Fernström, n.d.) Park-sharing,
a similar model to the ride and bike sharing service is becoming popular in Europe and in other parts
of the world, offering users peer- to-peer and business-to-consumer parkin solutions (Civitas, 2020).
Applications like ParkNShare, EasyPark, ParkNow, ParkAlot, Parkamo are leveraging data analytics
and algorithms to give users even more options to choose from when travelling.
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Within the application of ITS, the possibility for smart roads and pavements to complement other
"smart" transportation systems is being experimented with by researchers worldwide. The world’s
rst electri ed road was launched in Sweden in 2018, as part of the eRoad Arlanda project, aiming to
provide dynamic charging for vehicles while in motion instead of using roadside charging posts (The
Guardian, 2018). Similarly, electri ed road initiatives are being pursued in Korea (Hoster, 2017) and
the UK, with other countries expected to follow suit (Kottasova and Petroff, 2015). Concerning the
concept of the smart road, smart pavement management systems have emerged as key applications
within smart cities in recent times. Smart pavement refers to roadways that have been designed to
support 21st- century information technology-enabled features, like radio sensors embedded in the
roads to constantly monitor and report on the pavement’s condition in addition to charging electric
cars as they drive on these roads (Careless, n.d.). Smart pavements give city authorities real- time
data on road conditions and enhance connectivity to vehicles on the road, connecting cities and
communities through seamless data processing and transfer (Integrated Roadways, n.d.; Sylvester,
2019).

4. Applications of AI in Intelligent and Smart Mobility Design

A

s a phenomenon in transition, mobility today is being bettered with arti cial intelligence
(Omar, 2015). With the large amounts of data associated with arti cial intelligence, from
geospatial data to weather data, to social media data to user traveling data, the possibilities
for better and personalized mobility solutions powered by arti cial intelligence are endless. AI
presents designers and developers with the ability to integrate a variety of capabilities into real-world
user-facing systems (Alsamhi et al., 2020), with features such as pattern recognition accuracy
opening even bigger possibilities for speech recognition, translation, and objection recognition
(Amershi et al., 2019). The automotive industry has been applying AI-like functions for various
mobility-related services like predictive maintenance (Cornet et al., 2017). But the anticipated
disruption AI can bring to the automotive industry to improve smart and intelligent is yet to be fully
embraced (Cornet et al., 2017; Dai et al., 2019) with emerging possibilities for improved user
experience backed by AI driven systems (Wallach et al., 2020). This section will share highlights on
how AI is being deployed in intelligent transportation systems and smart mobility around the world,
as gathered from the literature.
Presently, AI and machine learning have been applied in smart and intelligent mobility solutions, to
solve various challenges transportation brings to cities (Li et al., 2018). For instance, Uber uses
machine learning to give riders a personalized user experience in areas such as route optimization,
cutback in the expected time of arrival, fraud detection, and risk estimation (Sharma, 2021; Tyagi,
2020).
Ride-hailing platforms these days feature AI conversational agents, for customer service. Grab also
uses passenger AI, driver AI, traf c AI, and location AI to better understand its users and deliver a
better user experience for both commuters and drivers (Grab, n.d.) Waymo’s robo-taxi also uses AI to
deliver smart and user-centered mobility services (Wilmot, 2020). In the area of goods transport,
several robot prototypes that deliver necessities to homes are being used in cities around the world
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3.4.5 Smart Road and Pavement Management System

(Paiva et al., 2021), with the shift from process automation to smarter automation being the latest
direction for logistics movement (Chmielewski et al., 2021; Karabegovi et al., 2015).
Another key area where arti cial intelligence can help improve mobility is for the visually impaired.
Brazil’s CittaMobi for instance uses AI and IoT to give visually impaired people personalized and
smart mobility assistance, with features such as real-time vehicle scheduling, best route planning,
and other customizable services to improve the quality of life for that demographic, who are mostly
unable to use traditional mobility solutions with ease, and often require human guidance (Sobnath et
al., 2020). Rapp et al. (2017) conducted a study to make cities accessible and mobility friendly for
people with cognitive disabilities, particularly support for people with Alzheimer's disease of spatial
agnosia.
Roulland et al., (2014) proposed a new approach for public transport simulation based on machine
learning algorithms to model user choices and demand for public transport using transport fare
collection data. Though AI has various applications and use-cases in mobility, this report identi ed
the key areas for it’s application as smart city management, predictive maintenance, crisis
management, insuretech, autonomous vehicles, driver and passenger monitoring. Traf c
management and personalized mobility solutions (see Figure 8)

Figure 9: Some applications of AI in Smart mobility

4.1 Smart City Management
Cities are getting smarter today thanks to AI and other modern technologies (Impedovo and Pirlo,
2020). AI is being deployed in various use-cases to make cities more livable, sustainable, and
progressive. A smart city can be described as an urban space that aims at improving the lives of its
citizens through a combination of intelligent and smart solutions in various use-cases (Trivedi et al.,
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2017). An overview of some of these use cases, concerning smart mobility, both from real-life
scenarios and conceptual (from research projects and studies) are highlighted in this section. In cities
like New York, London, Paris, Beijing, Berlin, and Seoul, various smart mobility initiatives are
currently in use, as part of a broader sustainable smart city agenda (Asiag, 2021).
In China, over 300 smart city projects are underway, with strong participation from industry and
government, while India is also reported to have allocated a large chunk of development budgets to
the building of over 100 cities (Toh et al., 2020). In Europe, the smart city phenomenon is prominent,
with many cities implementing initiatives like care-free zones, pedestrianized streets, and no parking
spaces near new developments (BusinessMaaS, 2017) aimed at promoting more environmentally
friendly transport means, livable spaces, and sustainability; especially in the Nordic countries, which
are considered the most digitized within the region (Borges et al., 2017). Some speci c use cases of
AI-driven smart city solutions are covered in Table 3. Even more interesting solutions for managing
smart cities are being researched. For instance, Zhang et al.,( 2016) proposed a deep learning
algorithm called ST-ResNet, to forecast crowd in ow and out ow in cities. A similar traf c forecast
model was proposed in a study by Zhao et al., (2017), using deep learning technologies to aid in
crowd and traf c management in urban areas. Impedovo et al., (2019) also proposed an urban
vehicular traf c prediction model using deep learning algorithms. Bus traf c ow prediction
algorithms for smart city management has also been proposed in a study by Liu et al., (2019).

4.2 Predictive Maintenance
One of the widely known uses-cases for AI in mobility settings has been predictive maintenance of
vehicles. Vehicle manufacturers today use several forms of AI to improve vehicle equipment
longevity through predictive maintenance, condition-based maintenance (Ran et al., 2019),
preventive maintenance (Werbi ska-Wojciechowska, 2019), reactive maintenance, operation and
maintenance, and fault diagnosis (Lei et al., 2020). Applied algorithms use predictive diagnostics to
analyze and recognize patters within delivered data and forecast failure probabilities, allowing
Original Equipment Manufacturers (OEM’s) to schedule servicing in advance to improve customer
experiences (Nowakowski, n.d.)
Predictive maintenance presents OEM’s and vehicle owners with key insights on vehicle
performance and improve maintenance time (Hessler, 2020). The potential for cost saving for both
vehicle owners and OEM’s is a key bene t from AI-backed predictive maintenance and remote
diagnostics. The World Economic Forum projects that remote diagnostics enabled by telematics will
add $60 billion worth of pro ts to OEM’s suppliers and telematics service providers (World
Economic Forum, 2016). McKinsey estimates that by 2025 predictive maintenance will save OEM’s
up to $627 billion annually (McKinsey Global Institute, 2015).
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An overview of applications of crisis management and emergency services using AI within the smart
city context is looked at in this section. InsureTech involves the use of information technology to
deliver speci c solutions within the insurance sector (Stoeckli et al., 2018). In the insurance industry,
AI and big data is driving a revolution, giving players within the sector ef cient use-cases from the
intersection of insurance and technology (Wang, 2021). Automation of insurance processes have
been in existence and in use by insurance companies, in the areas such as conversational agents,
customer onboarding, claims management and risk assessment (TechBullion, 2021). In the area of AI
and big data, the insurance sector is relatively in the early stages, but with enormous potential to
revolutionize the sector in many areas, including mobility (OECD, 2020).
In the near future, AI will play a major role in personalizing insurance for end users and vehicle
companies, shifting the regular operations of “detect and repair” to “predict and prevent”, using
insights and data collected through sensors on and within vehicles (Balasubramanian et al., 2021).
Other use cases of AI in InsureTech like AI-based computer vision system for examining and
appraising damaged vehicles to facilitate shortened processing times, fraud detection, accident
assessment and prevention are being used by leading insurance companies like Tokio Marine, Sompo
Aviva, AXA, Zurich Insurance, GEICO, among many others (Tractable, 2021; Zari s et al., 2019).
AI use cases for crisis and safety management is reviewed in section 3.4.3. A similar application of
AI in mobility crisis feature a smartphone-based application designed to help commuters get access
to emergency services during a commute, and also provide warnings and alerts on road conditions to
prevent accidents (K V et al., 2020). Such features often come with vehicle navigation systems,
mobile-phone based navigation systems, and weather updates. Incorporating these into bundled
services will likely give commuters more personalized experiences particularly in providing early
and timely disaster warnings and access to emergency services

4.4 Autonomous Vehicles
Predicted to be a major player in sustainable mobility solutions in the coming decade, autonomous
vehicles (AV’s) use AI in several ways to optimize mobility while giving drivers and passengers a
personalized user experience. So far, AV's rely on AI primarily for localization and mapping,
decision making and perception, and context-aware prediction systems (Ma et al., 2020). AV's use
several AI techniques, including arti cial neural networks, machine learning, deep neural network,
recurrent neural network, and convolution neural networks in some cases (Kumer et al., 2021).
Advanced Driver Assistance Systems ( ADASs) are some of the AI-based applications used in
autonomous vehicles to ensure safety (Nascimento et al., 2020; Benalla et al., 2020; Tenison et al.,
2019; Taie et al., 2016) for driver and other commuters (Shadrin et al., 2017)
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4.3 Crisis Management and InsureTech

4.5 Driver and Passenger Monitoring
Various forms of driver and passenger monitoring is made possible through AI technologies
(Sambana and Ramesh, 2020) in gauging driving cognition (Lin et al., 2009) as well as in other use
cases. A wireless AI system capable of identifying authorized drivers based on radio biometric
information, and able to monitor a driver's current state, the passenger count, and detect incidents of
children left in the car has been proposed in a study by Xu et al., (2020). A similar driver monitoring
system was proposed by Vaca-Recalde et al., (2020), based on image processing and convolutional
neural networks, aimed at analyzing drivers’ distraction and drowsiness while on the road. The
datasets involved in this project were trained using the aforementioned algorithm, using facial
features, blinking rate, and head positioning to make accurate predictions on the state of the driver
(Vaca-Recalde et al., 2020). Another study proffered a driver drowsiness monitoring system to ensure
safe driving (Vasudevan et al., 2017), using vehicle telemetry data in a driver-in-loop simulation. A
driver alertness monitoring application based on computer vision is also proposed by GonzálezOrtega et al., (2012), through eye state detection. Another for detecting driver mirror-checking
behaviors and driver maneuvering is proposed by Li and Busso, (2016). As many possibilities for
personalizing user experiences in automobiles and getting cars more connected to users arise, AI will
feature prominently in new mobility solutions. Swedish auto technology services provider
WirelessCar plays a pioneering role in supporting automakers like Volvo, Jaguar, Land rover and
many others with connected vehicle technologies including driver behavior monitoring (WirelessCar,
2021)
Another interesting AI use-case gaining traction these days is in the area of Emotion AI. For mobility
use-cases, the possibility of deploying emotion AI into semi and fully autonomous vehicles is being
researched, aimed at gathering relevant insights on drivers and passengers based on their facial
expressions and emotion indicators to aid decision making for the vehicles (X. Liu et al., 2020;
Wachter, 2019). An emotion tracking technology was launched by Affectiva in the US in 2018,
aimed at giving a better understanding of what happens inside a vehicle (Johnson, 2018). Affectiva’s
deep-learning-based technology uses in- vehicle cameras to measure driver and cabin occupant
emotions and cognitive states like drowsiness, distraction, object and child seat detection in realtime, to aid OEMs and mobility service providers in providing optimized services and safety
(Affectiva, n.d.).

4.6 Personalized Mobility Solutions
Due to its ability to process large volumes of data, AI offers service designers several possibilities for
user-centered mobility solutions. MaaS has so far been designed to deliver personalized multi-modal
mobility solutions for society (Esztergár-Kiss et al., 2020), in various forms, including ride, bike, and
scooter sharing, ride sharing, bus, tram, and train booking services among many others. Beyond
providing ticketing and booking options for commuters, the creation of personalized mobility
solutions within any of the AI use-cases will help advance the MaaS cause further, providing more
access to demographics who may not be able to access mobility solutions in the current state, like
older residents and people living with varying forms of disabilities. Such AI-backed mobility
solutions will also give MaaS operators more data sources to fuel more personalized transport
solutions for users.
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Some of these personalized mobility solutions were uncovered in the literature search, some of
which have been highlighted in the ensuing paragraphs. It is interesting to note however that more
possibilities for AI-backed mobility are being studied and churned out, in grey literature and
traditional scienti c scholarly works. The future of service-dominant logic within mobility looks
even brought with these possibilities.
A gami ed sustainable mobility habit promoter was proposed in a study by Khoshkangini et al.,
(2017). Powered by machine learning, the game can automatically generate and recommend
personalized mobility challenges based on user preferences, within an urban mobility setting, to
encourage sustainable mobility habits (Khoshkangini et al., 2017). Another interesting application of
AI to promote sustainable mobility is a tracking system proposed in a study by Ferreira et al., (2016),
which works by giving users updates on their carbon footprints based on their various mobility
choices. A similar personalized sustainable mobility behavior modi cation application was proposed
in the work of Anagnostopoulou et al., (2020), by leveraging pervasive mobile sensing to uncover
users’ mobility patterns and transportation choices and using the collected data to generate
personalized interventions to remind users to adopt more sustainable transportation habits.
In designing mobility options for people with health conditions and disabilities, Rapp et al., (2017)
conducted a study to make cities accessible and mobility friendly for people with cognitive
disabilities, particularly support for people with Alzheimer's disease of spatial agnosia. A bicyclesharing version of the car-sharing mobility type has been proposed in a study by Yang and Lee,
(2019), aimed at introducing an intelligent mobility service that enables millennials to be able to
share bicycles as part of a larger MaaS service. Though the service is yet to be piloted at the time of
this study it offers insights into the possibilities of user-centered smart mobility design for a rapidly
evolving mobility landscape. A smartphone application for carpooling with user location tracking
and traf c anomaly detection features powered sensing algorithms was proposed by Binu and
Viswaraj, 2016)
An overview of some interesting AI application in designing personalized mobility solutions are
featured in Table 3
Use Case

Description

Application Area

Reference

Personalized mobility for
visually impaire

Provides users with voice prompts on bus
departure times, proximity to bus stations,
itinerary updates, and more.

CittaMobi
Accessibility –
Brazil

(Mourato et
al., 2015)

Personalized mobility for
people with low vision

Developed in the UK mainly for people suffering
from low vision, consists of a bus tracking system,
among other functionalities, to locate the nearest
bus stop, read aloud the bus stop name every time
the bus stops, and indicate bus arrival schedule.

Mobi+ project –
ClermontFerrand,
FRANCE

Zhou et al.,
(2012)

AI-backed transportation
crime prediction

Prediction of high crime risk transportation
areas in urban environments using
transportation and GPS data.

Experimental

Kouziokas,
(2017)

Transport mode
recommendation

A Smartphone-based System for Comfortable
Public Transport Recommendation.

ComfRide –
Experimental

V erma et al.,
(2018)

Table 3: Some AI-driven personalized mobility use-cases in research and real-life
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Table 3 continued
Use Case

Description

Application Area

Reference

Personalized Interactive
Urban Maps for Autism
(PIUMA) Project

Provides personalized interactive maps for People
with Autism Spectrum Disorder.

Experimental

Cena et al.,
(2017)

A multimodal route
recommender system using
commuter’s smartphones

A service aimed at predicting the Spatio-temporal
bus demands in real- time from mobility data
generated by smart-card-based trip information of
public bus commuters in Singapore city.

BuStop –
Singapore City
(Experimental)

Mandal et al.,
(2021)

Ubiquitous Intermodal

Service aimed at providing route assistance to
commuters and guide them through chosen
journeys.

Experimental

Samsel,
(2019)

Personalized multi-modal
route recom

Personalized route recommender service using
algorithms and live traf c data.

RouteMe

Herzog et al.,
(2017)

Smart Wheelchair

Peronsliazed smart wheek chair for disabled
commuters, with sensors analyzing data to deliver
indoor environment map, tracking the relative
angular position of the wheelchair, distance to
obstacles and physical distance traveled

Experimental

Gomez Torres
et al., (2019)

Personalized route
recommendation

A smartphone software application processing
large amounts of historical and live mobilityrelated data to give users information and updates
on potential threats and accidents, best practices
reduce carbon emissions, etc.

Experimental

Papageorgiou
and Maimaris,
(2017)

User-preference-based
mobility matching

Matching users to mobility options based on prede ned preferences

Experimental

Basile et al.,
(2020)

eMaaS

An approach for collecting, aggregating,
processing
and provisioning of data originating from sources
to improve electric mobility in smart cities.

Experimental

Bokolo et al

Personalized ride sharing
based on rider
characteristics and user
threshold time

A Machine Learning Recommender Model for
Ride Sharing Based on Rider Characteristics and
User Threshold Time.

Ride-hailing service
prediction

Predicting ride-hailing trends and probabilities
using ConvLSTM networks.

Didi Chuxing,
China
(Experimental)

(Tan et al.,
2022)

Passenger, driver, traf c AI
and location AI

AI for tracking passenger and driver in commute,
traf c situations, and location.

Grab

(Grab, n.d.)

Yatnalkar,
(2019)
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Table 3 continued
Use Case

Description

Application Area

Reference

Emotion AI for passenger
and in-vehicle management

Digital service able to read drive and passenger
emotions using embedded sensors in the vehicles.

Affectiva – US

(Affectiva, n.d.;
X. Liu et al.,
2020)

(Cena et al., 2017) proposed a smartphone-based application, ComfRide, aimed at giving commuters
comfortable route options based on personal preferences and real-time environmental data, by
relying on crowdsourced GPS and inertial sensor data backed by arti cial intelligence. With
commuter comfort as it’s the main goal, Comfride makes suggestions for single or multiple
breakpoints during a journey, with the study reporting a 30% average better comfort level than
Google navigation based on recommended routes after its two-year eld trial of over 28 different bus
routes (Verma et al., 2018).

5. Towards an AI-driven, service-dominant smart mobility
design

I

n the previous chapters, the report described how AI has been applied in different mobility
contents around the world. In this current chapter, the report will look at how mobility can be
approached from a service perspective as against from a technological perspective as discussed
in the earlier chapters. Approaching mobility from a service perspective is important because it
provides a deeper understanding of user-mobility needs and how to leverage service innovation to
think about new and personalized mobility services, and how to create and capture value in this area.
A framework that speaks to service from a business perspective is the service-dominant logic (S-D
Logic), a framework that has been a signi cant highlight of service innovations in recent times,
powering competition and constant innovation in service delivery (Lusch et al., 2007). This is
evident by the design of various digital services in areas like e-commerce, logistics, transport, dating,
entertainment, and so on.
For a constantly evolving service like smart mobility, S-D logic has fueled the shift to several multimodal mobility services in urban areas around the world, leveraging the latest technologies to deliver
bundled mobility options for users (Turetken et al., 2019). For instance, logistics providers are
offering integrated, end-to-end logistics solutions involving multiple service providers and actors,
instead of simply offering vehicles for transportation (Turetken et al., 2019). The same can be said
about multi-modal mobility services, where various actors collaborate to deliver bundled mobility
options for commuters, often with a single payment for all the services (BusinessMaaS, 2017;
Esztergár-Kiss et al., 2020; Ho et al., 2018).
Despite these service-focused innovations in mobility however, private cars remain the dominant
form of transportation in many developed countries (Schulz et al., 2020), partly due to identi ed
broader MaaS adoption barriers like “anti-new mobility”, issues with car- sharing, (Alonso-González
et al., 2020), and issues of access for people with disabilities (Zhou et al., 2012) and the aged
(Payyanadan and Lee, 2018). To solve the inclusivity challenge, participatory design (co-creation
with various users groups, employees, customers, etc) (Auernhammer, 2020) will play a signi cant
role, to ensure smart mobility services improve user experience and covers many users to a large
extent, driven by AI (Wallach et al., 2020). In previous sections, various forms of AI-driven mobility
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solutions which have been conceptualized and developed, focusing on leveraging various data
sources to deliver relevant, real-time multimodal mobility solutions was highlighted.
ICT today enables real-time information on traveling schedules from one point to another, intending
to reduce uncertainty and increase the ef ciency of a trip for travelers (Väänänen et al., 2016). As
Maas continues to evolve, presenting innovations that could potentially transform the transport
ecosystem for both passenger and goods transportation (Sochor et al., 2018), designers have the
chance to innovate and come up with new models to make AI a key component of mobility service
design. So far, demand models within the state of the art mobility solutions distinguish the main
modes of mobility to include walking, cycling, public transport, and car (car driver and car
passenger) (Friedrich et al., 2018). Design choices could focus on speci c AI-driven services for
these forms of mobility use cases. AI is expected to transform and impact transportation in many
ways, and it is therefore important for public transport stakeholders and service designers to
proactively consider the opportunities AI presents to help to build the mobility of the future (UITP,
2021). The opportunity for key players within the mobility ecosystem to optimize operations,
simplify journey planning and customize travel experiences for citizens is huge. leveraging arti cial
intelligence and IoT, for MaaS - a user-centric, integrated mobility service driven by data, with keen
focus on satisfying user expectations and providing customized journeys for commuters (Yinying
and Csaba, 2018).
Designing AI-driven digital services will likely mean the task of solving personalized mobility
challenges will largely be dependent on using the right design principles to aptly train algorithms to
address complex problems, and iterate where necessary (Verganti et al., 2020). AI is revolutionizing
various industries including mobility continually, and most developed economies are focusing on
leveraging the advantages of data-driven predictions for improving smart communities (Østergaard
et al., 2019).
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___________________________________________________________
Figure 10: The intersection between AI, MaaS and User Experience
The intersection between service-focused design (human-centered service design, S-D logic and user
experience) arti cial intelligence, and mobility opens up a world of opportunities to provide a truly
user-centered and intelligent mobility solution (Dai et al., 2019) for various modes of transport.
These technologies can supply real-time useful insights on user behavior and provide even more
opportunities to have a human-centered mobility solution design, backed by machine learning
(Gutierrez, 2016). AI-based smart mobility is expected to improve the speed and convenience of
traveling, and in-turn contribute positively to the development of smart tourism (Liberato et al.,
2018). For MaaS service designers, AI presents an even better opportunity to give users and other
relevant ecosystem players truly personalized mobility and travel experience through actionable data
insights, participatory design and a better understanding of each user group and what their mobility
needs are or could be (Schroener et al., 2020). As the binder that holds MaaS together, AI can give
real- time and historical insights that city authorities and platform providers can use to personalize
the journey experiences for every customer segment. For service designers, the possibility of
designing either a simple travel assistant with route incident updates for commuters as a
complementary service for existing ride-sharing applications, or a simple, gami ed carbon emission
tracker application to give commuters a real-time update on the effects of their travel activities on the
environment is something worth looking at.
Even for electric vehicles, embedded sensors and in-cabin tracking services driven-by AI are
projected to become the main agenda for the European Automotive industry in the quest for carbon
reduction (Tschiesner et al., n.d.). The golden pot between Maas, AI and UX intersection is big
enough for various mobility innovations, and will only get bigger as mobility patterns evolve
worldwide. One of the obvious questions designers will have to grapple with is how to marry the
plethora of mobility capabilities, evidenced by the keen competition within multi-modal smart
mobility solutions, the wealth of possibilities AI can present for personalization and competitive
edge, and human-centered, responsible design.

_


fi

 


 


fi

27

The answer to this question might be in the form of novel business models or the improvement of
already existing ones, focusing on better service delivery as against goods delivery. Another possible
answer could be that the sweet spot between the intersection of Maas, AI and service design might be
the differentiator and the game changer for platform and solution providers. Already, ride sharing
service providers are leveraging AI to deliver personalized experiences, and OEM’s are partnering
with ride sharing service providers to create and capture value. It will be interesting to see how
various actors within the smart mobility ecosystem co-create and collaborate to ensure consistent
value capture. The future of smart mobility is increasingly moving from just getting commuters from
point A to B, to more personalization, data driven recommendations, and other complimentary
services which will in more ways bene t the user beyond just commuting.

Figure 11: Human-centered smart MaaS model adapted from Snook (2019)

An interesting human-centered smart MaaS model used for a MaaS project by Snook, (2019) in
Figure 11 presents a framework for designing with a data-driven user-centered approach, with three
main pillars: aggregating the offer, designing in value and personalizing the offer.
Aggregating the offer covers integrating various mobility modes and services, from scooters to
trains, giving users more options to choose from. Integrating different modes will however rely on
data, and open data for that matter. Open data sharing will play an important role in shaping the
design and integration of various mobility services. This can be achieved through partnerships and
collaborations from every player within the ecosystem, ticketing service providers, transport
administrations, logistics service providers, platforms, traf c information providers, and much more,

 


 


 


fi

fi

28

In designing in value, designers must look to fully understand various user journeys, what their
mobility itches are and how to literally scratch them, to gain their trust and assurance using a userrst approach. Intelligent design focuses on the modelling and automating of cognitive processes and
knowledge representations which can applied to solve design problems within service systems (Tung
and Yuan, 2007). Service systems comprise a large network of interactions between users, producers
and other actors who co-create value (Tung and Yuan, 2007). Intelligent design within smart mobility
service systems gives designers the possibility of using algorithms and the abundance of available
data to identify customer issues before they occur, ensuring the users get personalized and contextrelevant solutions (BBVA, 2019; Behe and Meyer, 2018). Managing the intelligent design of a
possible mobility solution will involve a combination of anticipatory and participatory design
principles to deliver real value to the users. With intelligent design giving a clear picture of what the
user needs now and, in the future, designers may incorporate incentivization of behavioral change
into the design of smart mobility, as part of personalization. The Snook model is an interesting
example of how understanding various users plays an important role in solving their mobility
challenges, leveraging AI and S-D logic.

6. Challenges with Designing AI-drive smart mobility services

D

esigning user-centered, AI-driven digital services is an exciting prospect for service
designers and users alike. Data driven services will play a huge role in delivering the best
user experiences. Designing with AI however presents new challenges, especially in this era
of shared data and services. AI and machine learning models has signi cant bene ts, but the
possibility of enforcing biases among other challenges like privacy, security, responsibility and
control make these technologies potentially harmful to users (Leong, 2019). For designing smart
mobility, challenges like data security, privacy, control, ethics and sustainability were identi ed
within this research scope as some of the challenges mobility service designers are likely to grapple
with when looking to design AI-driven mobility services. The ensuing section overviews these
challenges in brief detail.

6.1 Data Security
Designing data-driven mobility solutions means a wealth of data is likely to be used, whether it’s
traf c information, passenger preference data, travel itineraries, driver information, road information,
vehicle condition information, and much more. With autonomous vehicles for instance, the
possibility of security bug exploitation by hackers is a real threat, with possibilities like remotely
applying brakes, shutting down the vehicle and steering control (Cui et al., 2018). Other security
threats within smart mobility and smart city contexts can be based on observable data (data acquired
by eavesdropping on wireless and wired communication), repurposed data (data being collected for
speci c purpose but is used for another. These forms of attacks could be from service providers (who
pro le users or from location-based services), published data (includes statistical data from
government platforms as well as individuals) (Eckhoff and Wagner, 2018). Sharing and analyzing
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through API’s and an openness approach to standards and systems to give innovators enough tools to
deliver connected service offerings to users.

these huge volumes of data securely is a challenge service designer will have to consider, particularly
with the possibility of leveraging data from mobile phones, social media, health, etc. to personalize
travel experiences for commuters. In order to be effective and reliable, AI systems need to de
designed to be resilient, secure and safe, for users and platform providers (PWC, n.d.).

6. 2 Privacy
Privacy

challenges with designing AI-driven services have gained signi cant attention in recent
times. With intelligent mobility, the privacy threats are equally worrying. Analyzing the amounts of
mobility data presents possibilities for nefarious purposes, particularly for location stamps which are
usually speci c to individual users (Matheson, 2018). Kitchin (2016) identi ed some possible
privacy challenges with smart city and mobility technologies to include identity privacy, bodily
privacy, territorial privacy, locational and movement privacy, communications privacy and
transactions privacy. Eckhoff and Wagner (2018) classi ed some of the privacy forms to include
privacy of location, privacy of state of body and mind, privacy of social life, and privacy of behavior
and action. Possible breaches of all these privacy forms will pose a signi cant challenge to mobility
service designers. Although many smart applications these days try as much to adhere to data
protection regulations, the trade-off between privacy and utility is a cause for concern, as privacyenhancing technologies are often not adopted for fear that they will degrade the data quality to a
point where the service quality will be affected (Eckhoff and Wagner, 2018).
Magazanik (2020) identi ed speci c privacy risks with smart mobility, as recommended by the
Israeli Privacy Protection Authority Guide. The risks cover shared travel, vehicle sharing, shared
autonomous vehicles, smart taxi services, smart transportation stations, real- time transpiration
information, multi-channel smart travel ticketing systems, smart parking, shared parking among
other mobility use-cases, rating these risks between potential high and low severities (Magazanik,
2020). Given a few randomly selected points in mobility datasets, sensitive information of
individuals can easily be identi ed, even though the data is often anonymized. The possibility is even
surer with merged mobility datasets, as anonymized data from one dataset could be matched with
deanonymized data for another to unmask the anonymized data. (Matheson, 2018). A recent study by
MIT researchers found out that the growing practice of compiling massive , anonymized datasets of
the movement patterns of people is on one hand a good opportunity to provide deep insights into
human behavior and on the other could put people’s private data at risk (Matheson, 2018).

6.3 Trust and Collaboration
Trust and collaboration can be a signi cant challenge in the design of smart mobility services.
Particularly in the case of AV’s and self-driving cars, the need to develop systems which engender
trust from the users as well as authorities is key. Further, because data will
likely be accessed from various sources in order to personalize offerings, the ability to easily gain
access to these data in real time might be a challenge, in cases where every source will seek to
protect their data. Getting users to trust the platforms powering the digital services within smart city
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contexts will be key to getting the needed participation and collaboration from the users. General
anxiety and aversion for AI, partly due to recent AI failures and the portrayal of dangers with
possible rogue AI has made trusting such systems a challenge for designers. The aversion generally
covers the unknown capabilities of the AI and how dangerous systems can become as they get more
intelligent and might spiral out of control, and whether AI could replace humans in the near
dystopian future (Schmelzer, 2019). Other factors that in uence trust in AI include user education,
past experiences, biases, perceptions towards automation and intelligent systems, as well as the AI’s
properties (Schmelzer, 2019). Yes, AI can give designers more room to innovate and personalize
mobility services, but do people trust AI enough to completely cede their mobility responsibility to a
software or system? Big question. Possible ways to ensure trust and collaboration in designing AI are
discussed in the mitigation section.

6.4 Accountability, Control and Bias
Designing mobility services with AI means the intended services will most likely have less human
intervention in operationalization. The likelihood of false positives (when the algorithm wrongly
predicts a positive outcome) and false negatives (when the algorithm wrongly predicts a negative
outcome) (Google, n.d.) mean that ensuring accountability and preventing biases are not represented
in the AI model is crucial for the design of smart mobility service. Designers have to provide design
answers to questions like ‘who is accountable for failures and errors of the algorithm?’, ‘what
controls need to be put in place to track the performance of the algorithm and pinpoint problems?’
and ‘how explainable are the AI’s decision systems to the users’ ((PWC, n.d.). When it comes to bias,
AI’s propensity to enforce stereotypes is real (Siau and Wang, 2020). Some of the biases designers
must consider include dataset biases (where the dataset used to train the AI does not cover all
possible users expansively), association biases (when the data used to train the AI model reinforces
and multiplies cultural biases), automation biases (where automated decisions and predictive systems
override social and cultural considerations), interaction biases (where the AI is tampered with to
produce biased results), and con rmation bias (where the AI interprets information in a way that
con rms misconceptions) (Chou et al., n.d.)

6.5 Sustainability
A

challenge with designing intelligent mobility solutions is the issue of how sustainable these
technologies can be for companies, users and the long-term effect on the environment. The need to
signi cantly reduce emissions within the transport sector is a challenge most governments are faced
with today, and many initiatives are underway to address greenhouse house gas reduction (European
Commission, 2020). The European Union’s goal of a -55% greenhouse gas reduction target by 2030
and a climate neutrality by 2050 (European Commission, 2020) is one of such initiatives. In
designing smart mobility services, sustainability and a green mobility agenda must be considered at
the very stage of ideation, to aptly manage the design vision with the possibility of affecting the
environment negatively and how to mitigate these effects. If the smart mobility that designers
envisage is poised to negatively affect the environment in the use of the digital services, the ne line
between innovation and sustainability becomes a cause for concern. Ensuring that the impacts of the
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designed smart transport activities do not threaten the long-term ecological sustainability (Jeekel,
2017). In the same sphere, planning for obsolescence is key, in the design of smart mobility systems.
With newer models of smart vehicles and AV’s being developed, it remains to be seen how older, nolonger functional and in vogue models of vehicles will be disposed off and whether older models
could be upgraded to newer ones to help curb the potential environmental challenge with disposing
older models.

7. Mitigations

A

number of mitigations for the identi ed challenges were examined in the course of the
research, within both academia and industry. Regulation and policy play a key role in
ensuring some of these identi ed challenges are prominent on the agenda of the relevant
mobility ecosystem players, and it remains to be seen how designers will navigate these challenges
in the quest for smart, data-drive mobility solutions.

7.1 Data Security and Privacy
Kitchin (2016) proposed a two thronged market and technology approach to dealing with privacy
challenges within smart city contexts. The rst is a contention that the market will likely adapt to
self-regulate privacy and data security in response to societal demand, for fear of losing market share
to companies that make privacy protection a priority. The second is for industry players to see
consumer privacy and data security as a completive advantage, developing privacy and security
protocols that will make them more attractive to customers (Kitchin, 2016).
At the core of this proposal is that contention that privacy will likely be the differentiator between
service providers which will then force service providers to strengthen their platforms in order to
stay ahead and continue to capture value. While this may not be adequate to aptly allay the privacy
concerns of users and authorities alike, it is an interesting way of thinking about responsibility in
using user data. Within the reviewed literature, some state-of-the-art technology solutions for
mitigating privacy challenges include data masking (Provazza, 2017), strong end-to-end encryption,
strong passwords and access controls, rewalls, latest malware checkers, security certi cates, audit
trails; isolating trusted resources from non-trusted; disabling unnecessary functionality; ensuring that
there are no weak links between components; isolating components where possible from a network;
implementing fail safe and manual overrides on all systems; ensuring full backup of data and
recovery mechanisms; and automatically installing security patch updates on all components,
including rmware, software, communications, and interfaces (Kitchin, 2016). Another is the use of
privacy enhancing technologies in the design of smart mobility systems. These could include
homomorphic encryption, secure multi-party computation, pseudonymization, communication
anonymizers, synthetic data generation and federated learning (Dilmegani, 2020).
A design solution to privacy was proposed by Cavoukian (2009), who introduced the Privacy by
Design principles as a possible solution to the privacy challenges inherent within information and
communication technologies, with the view “that the future of privacy cannot be assured solely by
compliance with regulatory frameworks; rather, privacy assurance must ideally become an
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organization’s default mode of operation”. These principles aim to make privacy a part of the design
process rather than an afterthought. The principles include being proactive not reactive (preventive
not remedial), privacy as the default setting, embedding privacy into design, full functionality, endto-end security, full lifecycle protection, visibility and transparency, keeping it open, respect for user
privacy, and keeping the design user-centric. These principles have been cited by many researchers
and will de nitely come in handy for any smart mobility design. In mitigating privacy challenges,
some of these solutions will extend to ensuring the security and integrity of the data and the platform
as whole. Similarly, to mitigate security challenges with smart systems, proposed a complementary
“security by design” method, with the view to making security approach to design a proactive and
preventive rather than reactive and remedial. Other direct technological security risk mitigation
solutions include the use of foggy dummies, an idea that involves generating smart dummies to
protect the privacy and data of the users (Abi Sen et al., 2018).

7.2 Trust and Collaboration
For smart city systems and projects to last and be successful, engendering trust from citizens is a key
(Glasco, 2017). More information about the smart systems powering the various innovations
including mobility must be made known to the users, together with the risks and security mitigations
put in place to avert attacks. Collaboration and open data sharing will give stakeholders greater
opportunities for personalization (Näslund and Strömberg, 2017). Because a number of smart city
solution providers which covers smart mobility equate trust with cyber security (Chan, n.d.), it is
important to focus on delivering services that give city dwellers and users the con dence of the
security of the platforms. By being tangible, transparent and reliable, AI systems contribute to
developing cognitive trust among citizens (Glikson and Woolley, 2020).
Other ways of building trust in AI systems include representation (making the AI systems more
representative of humans, to make it easier for the systems to be trusted), transparency and
explainability (giving justi cations and explanations for why the AI does what it does), tribality
(making the AI systems available for others to try and test the systems before adoption), usability and
reliability (the competence of the AI to complete tasks consistently and reliably), collaboration and
communication (seamless collaboration to ensure AI performs tasks independently) (Siau and Wang,
2018).

7.3 Accountability, Control and Bias
Addressing accountability control and bias in AI systems will go a long way to ease some of possible
risks in the identi ed challenges. Governance will play a key role in ensuring accountability in AI
systems, and must be as iterative as AI processes are (Ada Lovelace Institute, 2021). Ada Lovelace
Institute (2021) identi es some algorithmic accountability policies which are aimed towards ensuring
that algorithms are answerable for their impacts. The report details key learnings to aid governments
in ensuring algorithms are more accountable and responsible. A proposed mitigation for control in AI
development is the incorporation of human-in-the- loop into smart systems. Human-in-the-loop
(HITL) describes a process where a human intervenes in both the training and testing stages of the
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algorithm design, when a machine or computer system is unable to solve a problem, thus creating a
continuous feedback loop to make the algorithm better (Mazzolin, 2021). HITL ensures that the AI
system is more transparent, incorporates human judgement in more effective ways, makes the
algorithms better and shifts the pressure away from building “perfect” algorithms, ultimately giving
relevant control over the system to avert any errors or nefarious possibilities.
For mitigating biases, a number of suggestions have been proposed by researchers and industry alike.
Microsoft (n.d.) for instance proposed the inclusive design methodology, aimed at drawing on the
full range of human diversity and learning from people with a range of perspectives in the design of
smart services. By leveraging participatory design principles (Pobiner and Murphy, 2018), a broader
view of all users and their needs will help to reduce possibilities of bias and harmful discriminatory
effects (Microsoft, n.d.). Google (n.d)’s People + AI guidebook details several principles for
designing human-centered AI systems, including designing to mitigate bias and discrimination. Other
proposed mitigations for algorithmic bias include regular audits on to check against biases and
widespread algorithmic literacy to give users of these systems knowledge on how the system
functions (Amershi et al., 2014; Lee et al., 2019)

7.4 Sustainability
Sustainable mobility has become one of the popular buzzwords these days. For designers, the
responsibility to design services that deliver value to users while reducing harm on the environment
is key. The European Green Deal calls for a reduction in the emission of greenhouse gasses from
transport, towards a 2050 climate-neutral economy (European Commission, 2020). This broad vision
gives mobility ecosystem players a clear picture of what to include in designing and delivering
mobility services. The responsibility of ensuring that sustainability principles are embedded
alongside wider considerations of AI safety, ethics governance falls to companies, service providers,
governments and virtually every relevant player in the mobility ecosystem (PWC, n.d.). Just like
privacy by design and security by design, sustainability by design is one of the ways designers can
make their smart mobility innovations more responsible. By planning for obsolesce and end-of-life
use- cases for instance, the life cycle of the mobility solutions, whether they are semi or fully
autonomous vehicles, scooters, e-bikes, trains, trams, and so on will be managed well to deal with
possible environmental waste and pollution from their continuous use.

8. Discussion and Conclusion

W

ill the mobility of tomorrow be more AI driven and data-reliant? Possibly. As user needs
continue to change constantly, the need for design to be at pace with users is key, and
could probably be the differentiator between service providers. Signi cant interest and
investments into AI-driven mobility solutions are being looked at by vehicle manufacturers, major
cities, and economies around the world. In the Nordic-Baltic region for instance, a collective project
is underway to promote the use of AI to serve humans better through skills development, enhancing
data access, and enhancing ethical values and standards for various industries including mobility and
transport (Lee et al., 2019). New ways of looking at mobility will no doubt improve city dwelling
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and give city authorities around the world more opportunities to build the cities of the future. With
the wealth of data available through AI , an interesting perspective will be how designers can
leverage various data sources, like health data, social media, data, user- itinerary data, weather, and
traf c conditions to deliver well-coordinated mobility solutions for traveling within cities and
metropolitan areas.
In this report, several use-cases for AI in the MaaS context have been looked at, highlighting various
experimental and real-life applications within smart mobility and ITS. A literature review of various
conceptualizations of MaaS, ITS, smart mobility and AI have also been highlighted, as well as
thoughts on the intersection between MaaS, AI and user experience. Towards an AI-driven multimodal mobility service design, the report exposes several opportunities for designers to leverage AI
and big data from connected devices and other digital services to serve mobility needs.

9. Future Research

F

uture research into mobility may be in the areas of electric and autonomous mobility,
personalized travel experiences driven by data, IoT and context aware mobility, AL for
sustainable mobility behavior and new business models. How OEM’s and other actors
within the mobility ecosystem can create, capture and deliver relevant value in the face of
new developments and trends like sharing will be interesting for both future research and practice.
For instance, could OEM’s explore a ride sharing and pooling service that connects idle cars to
mobility demand at personalize times? This could a way for both vehicle owners and users to earn
some money from the times their vehicles are not in use. Other areas for future research and practice,
in areas like electric and autonomous mobility, personalized travel experiences IoT and contextaware mobility, AI for sustainable mobility behavior and emerging business models within new
mobility are discussed brie y in the ensuing sections. This list is however not fully exhaustive as
new research areas within mobility could emerge in the future.

9.1 Electric and Autonomous Mobility
Already, electric cars are contributing to a shift towards greener mobility, and it remains to be seen
how the future of mobility will be shaped by cleaner energy powering the vehicles of tomorrow.
Future research may look at how fully autonomous mobility solutions can be leveraged into other
transport modes, jot just personal cars. Could we perhaps have autonomous scooters and bicycles
powering the mobility of tomorrow? It will be interesting to discover what research ndings will be
in this area in the near future and how various actors within the mobility ecosystems could leverage
autonomy to deliver faster and user- centered mobility solutions.
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9.2 Personalized Travel Experiences driven by data
Research into how travel experiences can be personalized for users leveraging historical and real
time data will be an interesting focus for further insights. Data from mobile phones, tness
applications, social media applications, eating habits, health data and much more could give insights
into possible personalization for user mobility. Further research into these possibilities will be an
interesting addition to existing research in this area. A few of these researches were cited in this
study, and with interest in personalized mobility considerably high, the best is obviously yet to come,
for researchers and end-users alike.

9.3 IoT and Context Aware Mobility Design
Will the mobility of tomorrow be able to make timely decisions in various contexts? Further research
could look at various contexts and scenarios for the application of AI to avert disasters, suggest
solutions to possible situations of delay, and other use-cases which current smart mobility solutions
are yet to deliver.

9.4 AI for sustainable mobility behavior
Research into how AI can be leveraged to improve sustainability practices for users will be an
interesting contribution to this body of knowledge. Future research could look at how awareness of a
user’s carbon emissions could help shape their mobility behaviors, and perhaps investigate how
various forms of multi-modal mobility solution could be carefully selected towards a greener agenda.

9.5 Emerging business models for AI-driven mobility
Another interesting area for further research could be the new business models emergent with AIdrive mobility, in line with developments with SD-logic. Already, some OEM’s are partnering ridehailing solution providers to jointly deliver better services to consumers. How value is created,
delivered, captured and defended will be an interesting research focus, especially with the new
possibilities of AI and smart mobility.
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