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Abstract—This work proposes additional levels of progressive
driver assistance expanding the traditional Grades Of Automa-
tion (GoA) in order to allow both higher level of automation
and keeping the driver involved in driving task at the same
time. The second contribution is the Digital Co-Driver which
aims to bring the driver back in the train driving activity
with the new GoA defined before, taking into account human
involvement and driving skills. This framework is made up
of several modules, each of which addresses a specific issue
arising from the increased level of automation. The Driver
State and Performance Monitoring Module monitors the driver’s
involvement, situation awareness and performance. The Digital
Adviser Module improves driver’s situational awareness, and
the Digital Teacher Module improves his/her driving skills and
knowledge of the system. Finally, the Safety Manager ensures
the system’s compatibility with safety standards.

Index Terms—Automation, Artificial Intelligence, Railway,
Human-Artificial intelligence Team.

I. INTRODUCTION

Railway driver interfaces have undergone profound changes
to adapt to all the systems that have gradually been incor-
porated into trains. The CARBODIN project [1] proposed
to redesign and rethink the organization of the cabin by
integrating both new systems and new interactions from the
earliest design stages. This approach has highlighted drivers’
interest in innovative interfaces based on new technologies,
such as haptic, gesture and voice, which currently have no
place on trains. We are now looking to extend this work by
studying how Artificial Intelligence (AI) can be integrated into
train driving. Various definitions of Al exist in the literature; in
this paper, we consider Al to be all technologies that enable
the transition from an automated system to an autonomous
system capable of adapting to its environment. The aim of
Academics4Rail is to propose driver assistance systems for
railway driving.

In the first section, degrees of automation in railways sector,
in order to propose additional levels of progressive driver
assistance, are detailed. A taxonomy of driving activities to

extract the tasks that need to be automated is proposed. The
possibilities offered by the integration of the concept of a
Digital Co-Driver (DCD) is then studied in the context of rail
driving assistance. The DCD is an assistance tool framework
which is created with the aim of maintaining the driver in
the loop of controlling highly automated vehicles. The DCD
is structured into modules, each covering one of the require-
ments identified during the conceptual phase. The Driver State
and Performance Monitoring Module monitors the driver’s
involvement, situation awareness and performance to tune the
behavior of the DCD according to the driver. The Digital
Adviser Module improves driver’s situational awareness by
providing him relevant information regarding to the driving
condition. The Digital Teacher Module selects the combination
of methodological approach and interface best suited by the
driver depending on learning abilities. It improves driver’s
driving skills or, when the driver performs better than the
system, updates the artificial agent driving abilities. Finally the
Safety Manager ensures the system’s compatibility with safety
standards. In the last section, we present the development steps
we planned do achieve the DCD implementation.

II. AUTOMATING RAIL OPERATIONS

In a Human-Machine Systems, the shared control of tasks
between the human operator and an automated agent has been
the subject of numerous studies. The aim of these studies
was not only to determine levels of assistance, but also to
identify the consequences of these levels of assistance for
the system and the operator. One of the main issues studied
in the design of automated systems is the impact of the
addition of assistance functions on driver involvement and
workload. Grades of Automation (GoA) define the distribution
of driving tasks between the driver and the system, based on
the capabilities of the automated driving agent [2].

¢ GoA-0:Manual control only, without automatic protec-
tion device.



¢ GoA-1:Manual operation with automatic protection. The
automated systems concern compliance with speed lim-
its and danger signals (ATP), in-cab signal repetition
(ERTMS) and VACMA.

¢ GoA-2:Semi-autonomous train : Semi-autonomous train:
the driver retains final authority over all systems, while
assistance tools can act only under the driver’s supervi-
sion (ATO).

¢ GoA-3:Driverless train: no driver on board, the train
attendant is responsible for opening and closing the doors,
as well as detecting and managing emergencies.

¢ GoA-4:Autonomous train. The train is fully automated,
under the supervision of the Central Control Station.

In the Figure 1, GoA-2 and GoA-3, systems take over part
of the tactical and operational management. Between GoA-2
and GoA-3, there is a transfer of authority from human to
machine. This transfer has an impact on user safety and legal
accountability in the event of an accident. Furthermore, the
first implementations of GoA-2 trains raise questions about
the transformation of the driver’s role. Driver has gone from
being the locomotive’s active controller to the supervisor of a
highly automated system. In the literature, there is a great deal
of research on the difficulty for operators to remain active in a
supervisory task. Other scales exist in the literature to measure
the level of automation of systems, for example the work
of Endsley and Kaber [3], and Fereidunian [3]. Upgrading
from GoA-2 to GoA-3 means replacing the driver on board
with train attendants. This does not yet seem acceptable to
some users and manufacturers. It is therefore necessary to
propose additional GoA that allows us to increase the grade
of automation while keeping a driver on board. These grades
are intermediate between GoA-2 and GoA-3, to manage the
transfer of authority and the increase in competence of the
automated system. They also enable the development of a
human-centered system to mitigate the negative effects of high
grades of automation on driver attention. They enable a natural
transition from GoA-2 to GoA-3. Strategic tasks remain the
responsibility of the driver. In order to be acceptable to drivers,
[1], the system must be designed in such a way that the
driver retains final authority. In addition, the driver must
understand the system [1]. At GoA-2.1, the system can act
autonomously, for actions concerning its motion, but the driver
remains active and retains authority over the supervision of the
train’s movement in its environment. The system enhances
the driver’s situational awareness, helping him to anticipate
driving tasks. The system can then acquire the skills it needs
for GoA2.2. At GoA-2.2, The controller’s role undergoes a
major transformation, moving from active participation to a
supervisory role, so the driver becomes the system’s supervisor
for driving and handling environment supervision tasks that
the system cannot handle alone. Final authority remains in the
hands of the driver. This new grade can be used in situations
where the driver does not have sufficient reaction time to
complete the driving task while ensuring passenger safety. For
example, if distances between trains are reduced to cope with

increasing customer volumes on a network that has no room to
grow. The main benefit of this new approach is that it makes
it possible to develop a system that keeps the driver involved
in the driving task. The driver can take control back any time,
keeping skills up-to-date, and better disposed to react when
the system needs help in a new situation.

Now that we’ve proposed two new grades, GoA-2.1 GoA-2.2
for railway driving, the question arises as to which tasks we’re
going to automate. To answer this question, we’ll compare
a taxonomy of driving tasks with the GoA. In Table I, the
operational and tactical tasks of the task taxonomy proposed
as part of the CARBODIN project [1] are presented.

TABLE 1
DRIVING TASKS DISTRIBUTION REGARDING AUTHORS TAXONOMY AND
DECISION MAKING LEVELS

Operational Tactical
GoA-1 GoA-2 to GoA-4
CRITICAL Speed regulation Doors closure / opening
Monitoring driving environment
AUXILIARY Accessories Departure / stopping at station
Power management
SIDE Lighting

Comfort systems

A correlation between task taxonomy from CARBODIN
and decision making levels can be observed. Indeed, for GoA-
1 only the operational task of speed regulation is automated,
whereas from GoA-2 to GoA-4, the automated functions
are at tactical decision making level. Strategic tasks are not
covered before the GoA-4, out of the scope of our study.
This correlation makes it possible to determine the grade
at which the tasks in the different categories are available
to be transferred to the system by the driver. The critical
tasks of speed control and environmental monitoring need
to be automated. These tasks have already been automated
separately in previous work, particularly in the context of
energy saving. Auxiliary tasks such as accessories and power
supply are requested by drivers. [1]. They want a level of
automation comparable to that of their car. The support tasks
Lighting and Comfort Systems are part of the operational
tasks of driving and are therefore within the scope of the
study.

With the changes in the driver’s role arising from the higher
GoA implementation, the driver moves from an active role in
controlling the vehicle to a role as supervisor of the automated
system operating the train. This shift has been extensively
studied in the literature, in view of the consequences it has
on the human operator [4]. In the literature, researchers
have argued that this transition negatively affects the human
operator’s workload [5], as well as situation awareness. This
reduces involvement in the driving process and considerably
increases reaction time [6]. In the worst case, this can even
lead to drowsiness [7]. In order to maintain safety and enable
the driver to regain control of the system in the event of an
unforeseen event, it is therefore important to monitor the
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Fig. 1. Proposed extension of Grades of Automation (GoA)

driver’s involvement in the driving task, and to adapt the
distribution of tasks to reduce the risk of the driver getting out
of the loop. Despite its importance in railway driving, previous
studies have pointed a negative impact of highly automated
systems on situation awareness [8] and the operator’s ability
to rebuild his/her situational awareness in the event of loss
of automated functions [9]. So, if we want to increase the
grade of automation, we need to take the driver’s situational
awareness into account. Finally, according to studies on car
driving, driving with ADAS when the driver is not properly
informed and trained not only reduce drivers’ driving skills
[10], but also lead to counter-performance due to the driver’s
lack of knowledge of how the automated system works [11].
It is therefore appropriate for the automated system integrated
into the train to monitor the driver’s performance and train
him/her to collaborate with or in the event of a skill loss.
In light of these potential risks for the driver and/or train,
the implementation of Artificial Intelligence in trains requires
us to take into account human factors and the impact of our
system on the driver, in order to optimize involvement and
safety, as well as that of passengers and rolling stock.

III. DIGITAL CO-DRIVER

In the literature, there are numerous studies of railway driver
assistance systems, mainly aimed at improving network man-
agement [12], [13] and energy efficiency [14], [15]. However,
the majority of these studies do not take the human factor into
account, or merely check that the driver is able to apply the
system’s instructions with sufficient speed and precision for
the system to be effective. In the same time, there are already
articles highlighting the negative impact of these systems on
the driver condition [5], [6], [8]. We therefore need to propose
an assistance system that put human back in the loop. To
counterbalance the potential undesirable effects of increasing
levels of automation in the railway sector, the Digital Co-
Driver(DCD) is designed to focus on keeping the driver active
in the driving task. This approach is justified by recent work
in the field of semi-autonomous vehicles [16], but also in
industry, where operators interact with increasingly intelligent

robots.In addition to improving the safety and performance
of the Human-AI Team, the Digital Co-Driver also addresses
the issues of operator well-being that are at the heart of
the Industry 5.0 model [17]. One of the most important
issues in achieving an Al-based system that is safe for both
driver and user is the Black Box problem. This problem of
artificial intelligence-based systems, which implies that the
system has become so complex that even the designer cannot
predict its behavior [11], makes Human-Artificial Intelligence
cooperation unpredictable.

In order to build an efficient collaboration between the DCD
and the driver, human is put back into the loop to ensure the
DCD adaptation to various human behavior like cooperation,
competition, or non collaboration. It should be able to achieve
a better driver involvement in driving activities regardless
of the driver’s attitude towards the system. The Digital Co-
Driver, presented in Figure 2, consists of 4 main modules,
each of which is designed to address one of the bottlenecks
slowing down the integration of artificial intelligence-based
systems in trains. The Driver Monitoring System mainly
addresses problems of driver involvement in the driving
task. The Digital Co-Driver uses Hybrid Human-Artificial
Intelligence approaches [18] to improve Human-Artificial In-
telligence by implementing transparency and explainability
[16].Neuro-Symbolic artificial intelligence seems a promising
solution to enable artificial intelligence system collaboration
with human. This field mixes logic programming and deep
learning methodology for a better human understanding of
the artificial agent. A model proposed by Vanderhaegen [19]
to divide tasks between a human actor and an assistance
system, according to the triplet (Competence, Availability,
Possibility-to-act (CAP)), is used by DCD at early learning
stages to select the correct agent for the ongoing task. The
Digital Advisor provides the driver with all the necessary
and relevant information to enable him or her to perform
according to energy efficiency and safety criteria. The Digital
Teacher determines the most appropriate teaching method for
the driver. And finally, the Safety Manager ensures that the
decisions taken by the Human-Al team comply with safety
standards, avoiding costly developments for manufacturers. To
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ensure the safety of the Digital Co-Driver, its actions on the
train have to pass through a safety manager who is compatible
with the standards that apply to railway safety and makes the
implementation of artificial intelligence possible [20].

A. Driver State and Performance Monitoring Module

The task of the Driver State and Performance Monitoring
Module is to assess the driver’s involvement in driving the
train, to prevent him or her from getting out of the loop, but
also his or her driving skills (driving performance, reaction
time) to personalize the operation of the Digital Co-Driver.
The Driver State and Performance Monitoring Module must
therefore be able to evaluate 3 aspects: the ability to perform
the driving task, performance and situation awareness. Various
factors, which are difficult to quantify, influence the driver’s
ability to drive, including concentration, workload, motivation,
and fatigue. The measurements intended to assess the driver’s
condition is divided into 3 categories. The first category
concerns the evaluation of the driver’s cognitive availability
through eye-tracking [21], Thermal imaging [22], heart rate
variability, EMG, EGG, and IMU [23]. Another possible
indicator is the interaction between the driver and the train,
as in automotive vehicles, where the interaction between the
driver and the steering wheel can be monitored. The second
category is about the evaluation of driving skills [24] can be
envisaged with indicators such as driving energy efficiency,
adherence to schedules, material wear and tear, passenger
comfort via the study of acceleration, braking and jerk vari-
ations, and finally safety, for example by taking into account

the speed of approach to signals and danger zones. The third
category is related to indicator about monitoring the driver’s
situational awareness, we are considering the possibility of the
system asking the driver questions to check driver’s perception,
comprehension, projection based on the information extracted
by the advisor module either by using tactile screen or voice
interaction. The use of a connected watch would be interesting,
as it would also provide information on the driver’s general
state.

The Driver State and Performance Monitoring Module studies
the effect of varying grades of assistance on the driver’s
involvement in the supervision or driving task. Depending on
the driver’s degree of involvement, the Digital Co-Driver can
decide to give tasks back to the driver to reduce boredom
or drowsiness. The driver needs system approval to automate
those tasks again. If the driver is deemed out of the loop by
the system or if the system detect a significant drop in driver’s
competence, it forces the driver to go back in GoA-2.1 and the
system acts only as a supervisor of driving. To reduce the risk
of nodding off during long periods of inactivity, it is envisaged
to share traction control to the driver, or to take advantage of
this time to train a novice driver. In fact, a number of studies
have shown encouraging results in terms of the ability to regain
control of an automated system when the operator is busy with
a secondary task [25], [26].

B. Digital Adviser Module

In line with researchers’ findings on the need to improve
drivers’ situational awareness [27], and the contribution of



improved situation awareness to rail drivers’ efficiency and
anticipation [24], [28], [29], the Digital Co-Driver’s advisor
module filters network state information (delay, trackside state,
trackside maintenance operation), information from ground
control, and train information to provide the driver relevant
data regarding driving tasks and planned timetable. These
information are available to optimize operations during rail
driving. To simplify the driver’s task, he can also choose to
have a display of the speed and traction recommended by the
system for an optimized driving behaviour. The use of artificial
intelligence-based solutions enables the system to maintain
user profiles to personalize recommendations. The Digital Co-
Driver’s advisor module is able to communicate with the driver
via a visual interface (touch screen or Head up Display) as well
as a voice interface, in line with driver requests but also with
the theory of limited resources to avoid saturating the optical
channel, which is already heavily used in rail driving [29].

C. Digital Teacher Module

Studies have been carried out into the possibility of using
ADAS to train drivers in the field of private vehicles. The
learning capabilities of ADAS have already been validated
for parking [30], [31], and a previous paper has succeeded
in improving drivers’ skills in economic driving [32], with
possible interesting results once applied to rail driving. In
order to avoid any potential loss of skills caused by the use of
a highly automated system, the Digital Co-Driver’s Teacher
module finds and applies the best learning strategy for the
system’s driver, based on the results communicated to it by
the Driver State and Performance Monitoring Module. System
determines the best task distribution for each individual and
thus personalize the collaboration by adapting it to the limits
of each driver. Studies have already demonstrated the ability
of Als to learn and reproduce the driving skills of human
drivers in the railway sector, using deep learning approaches
[33]. Once properly trained, these Als can then serve as a
reference for the digital teacher module. It’s interesting to note
that an Al can learn even from novice drivers and help them to
drive efficiently [34]. It takes into account the Human-Machine
interface best suited to the current driver (haptic or visual), the
most effective teaching method with this driver, but also the
driver’s willingness to cooperate and receptiveness to advice,
in order to determine the optimum strategy for the driver.

IV. FUTURE IMPLEMENTATION

The next step will be the implementation of the Driver State
and Performance Monitoring Module to monitor the drivers
and test new task allocation proposed by the authors in order
to test the process in simulation to validate the hypothesis
about the positive impact of varying the task allocation based
on driver state to bring the driver active in the loop. In
order to access the situation awareness without the relevant
information filtered by the Digital Adviser Module we will
have to pick relevant information by hand when building
the simulation scenario. Different algorithms are going to be
compared, using different paradigm, some off them are going

to use Al techniques.

The second step will be to implement the Digital Teacher
Module to adapt the DCD’s actions to personal preference
of driver and take into account the willingness of driver to
cooperate with the automated agent. This step will check
possibility to use an artificial intelligence to train drivers. Since
we have no database regarding to train driving, we will have
to find a way to use no data Al or find a way to quickly build
data.

The third step will be to finish the implementation of the
Digital Adviser Module. The aim of this module is to use
Al to filter relevant information about driving and choosing
the right time and adapted mean of communication to give
the information to the driver. This data will be used by the
Driver State and Performance Monitoring Module to assess
situation awareness.

V. CONCLUSION

We propose an innovative approach, in which the artificial
system takes into account not only the strengths and weak-
nesses of the human operator, but also its impact on the human
operator and the willingness of the operator to cooperate with
the DCD. The two major contributions of Digital Co-Driver
is the ability to monitor the driver’s level of availability and
involvement in order to adapt the task distribution. The second
one is to assess driving skills and propose a training program
based on learning the driving practices of expert drivers. DCD
was enabled with the introduction of intermediate Grade of
Automation allowing a task sharing between the automated
agent (the DCD) and the train driver: These new grades give
the system time to learn from the human, to build data,
enabling a gradual transition from a train with a driver to
one without. Artificial intelligence human teams seems a
promising solution for the development of new driver-centered
rail assistance system. However, it will be crucial to avoid
problems related not only to the involvement of the human
operator, but also to the operator’s ability to retain his/her
driving skills and manage unforeseen events. To make the
Digital Co-Driver even more in line with the standards set by
Industry 5.0, a special effort will be made to improve driver
well-being.
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