


Zusammenfassung

Hintergrund Teleoperierter Bahnbetrieb ermöglicht Effizienzsteigerungen durch den Ein-

satz von Automationssystemen. Da das Eingreifen von Menschen jedoch weiterhin not-

wendig ist, wenn diese Systeme an ihre Grenzen stoßen, ist ein hohes Maß an Situations-

bewusstsein (Situational Awareness, SA) erforderlich. Allerdings kann SA insbesondere

durch längere Phasen passiven Monitorings negativ beeinträchtigt werden. Diese Studie un-

tersucht daher, ob eine Nebenaufgabe (Supplementary Task, ST) dazu beitragen kann, die

Aufmerksamkeit aufrechtzuerhalten, gegebenenfalls unter der Abnahme von SA. Deswei-

teren wird überprüft, ob aufmerksamkeitslenkende Übernahmeaufforderungen (AGTORs)

und berufliche Vorerfahrung als Triebfahrzeugführer:innen (Tf) diese Effekte kompensie-

ren können. Methoden Es wurde eine Online-Studie im Mixed-Design durchgeführt, an

der 160 Personen teilnahmen, davon 28 aktive Tfs. Alle Teilnehmenden bearbeiteten zwei

Blöcke mit je vier kurzen Übernahmeszenarien, einmal mit ST, einmal ohne. Zusätzlich

erhielt eine Gruppe AGTORs und die andere einfache Warntöne als Übernahmeaufforde-

rungen. Die Aufgabe der Teilnehmenden war es, Übernahmegründe zu identifizieren und

relevante Informationen aus der Umgebung zu erfassen. SA wurde über die erkannten Über-

nahmegründe und SAGAT-Fragebögen erfasst. Zudem wurden weitere Variablen erhoben,

wie die mentale Arbeitsbelastung. Die Daten wurden mittels gemischter linearer und logisti-

scher Regressionsmodelle ausgewertet. Ergebnisse Der ST verringerte die Anzahl erkannter

Übernahmegründe, führte jedoch zu höheren SAGAT-Werten und war zudem mit einer hö-

heren Arbeitsbelastung verbunden. Die Arbeitsbelastung lag jedoch in beiden Bedingungen

über dem Optimalwert. AGTORs verbesserten die Erkennungsleistung, unabhängig von der

ST-Bedingung. Zwischen Tfs und Nicht-Tfs zeigten sich kaum Unterschiede und mit zuneh-

mendem Alter sank das SA. Die Umgebung wurde von den Teilnehmenden insgesamt positiv

bewertet. Diskussion Die vorliegende Studie verdeutlicht sowohl das Potenzial als auch die

Herausforderungen von STs im teleoperierten Bahnbetrieb. Der ST resultierte in einer ver-

besserten Situationswahrnehmung. Gleichzeitig wurden in der ST-Bedingung jedoch weni-

ger Übernahmegründe identifiziert, möglicherweise aufgrund von Aufgabenwechselkosten.

AGTORs erwiesen sich als wirksame Maßnahme zur Verbesserung der SA, insbesondere bei

der Erkennung der Übernahmegründe. Frühere Erfahrung zeigte keinen Effekt, könnte aber

in zukünftigen Studien mit größeren Stichproben und realitätsgetreueren Szenarien verstärkt

untersucht werden.
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Abstract

Background Remote railway operations can improve efficiency and reduce costs, but oper-

ators must still intervene when onboard systems reach their limits, requiring high levels of

situational awareness (SA). Passive monitoring can affect SA, especially under low workload

conditions. This study on SA and workload in remote train operation explores the effects of

a supplementary task (ST) intended to maintain engagement, potentially at the cost of SA.

It also examines whether attention-guiding takeover requests (AGTORs) and train-driving

experience can mitigate these effects. Methods A mixed design online study was conducted

with 160 participants, including 28 active train drivers. Participants completed two blocks,

one with an ST and one without, and were randomly assigned to receive either AGTORs or

simple warning tone takeover requests. Each block featured four eight-second video sce-

narios in which participants had to identify the reaons for the takeover and assess additional

information from a dynamic remote environment. SA was measured using takeover reason

recognition and SAGAT questionnaires. Additionally, workload after each block and a num-

ber of additional variables were assessed. Data were analyzed using mixed linear and logistic

regression models. Results Engagement in the ST reduced recognition of takeover reasons

but increased SAGAT scores. The ST condition also led to higher workload scores, though

levels were above optimal across both conditions. AGTORs significantly improved recog-

nition performance regardless of the ST condition. No significant performance differences

were found between train drivers and non-train drivers. Additionally, age was negatively as-

sociated with SA, and participants evaluated the remote environment favourably. Discussion

The study highlights the benefits and challenges of STs in remote train operations. Working

on an ST led to higher SAGAT scores, suggesting a benefit for maintaining perception-level

SA. However, it also resulted in fewer recognized takeover reasons, potentially reflecting

task-switching costs and reduced comprehension-level SA. A promising design direction to

tackle this might be AGTORs, that, in this study, improved takeover reason detection with-

out affecting overall SA. Previous experience did not show beneficial effects, but this might

be due to the small train driver sample size. Future research might investigate the effects of

experience, using a larger sample and more complex scenarios. Overall, this study provides

a valuable insight into the challenges associated with remote train operation and offers solu-

tions in the form of maintaining engagement through STs and compensating switching costs

with AGTORs to support operators in takeover situations.
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1 Introduction

National European rail systems are increasingly facing considerable structural and opera-

tional challenges (Broughton et al., 2024). Staff shortages in particular have become a ma-

jor concern in the rail industry. In Germany, for instance, recent reports from Deutsche

Bahn (DB) show that critical roles such as train drivers and signallers remain difficult to fill

(Deutsche Bahn AG, 2024). Other challenges of the DB include ageing infrastructure, like

interlocking systems from the 1960s and a rail network that often lacks the redundancy and

flexibility necessary for resilient operations (Deutsche Bahn AG, 2024). This is also reflected

in declining punctuality and passenger satisfaction, (Deutsche Bahn AG, 2024).

A growing emphasis on automation, such as fully automated train operations, reflects one

strategy to address these issues (Digitale Schiene Deutschland, 2024). Highly automated

trains, alongside advanced digital infrastructure, will reduce the number of required person-

nel by removing the train driver from the cab and enable more efficient use of the limited rail

network, for example by allowing shorter headway distances (Grippenkoven et al., 2020).

While high levels of rail automation offer considerable benefits, they also present a number

of challenges, particularly with regard to the transformation of operational roles (Broughton

et al., 2024). In automatic train operation (ATO), the tasks and responsibilities of most

railway personnel will shift, but this will be especially fundamental for train drivers, whose

core duties and job characteristics will be redefined (Naumann & Thomas-Friedrich, 2024).

This shift is caused by a transition from continuous manual train operation to situational,

remote train operation (RTO), that entails a redistribution of responsibilities between the au-

tomated systems and human operators (Naumann & Thomas-Friedrich, 2024). While the au-

tomated train control system will manage routine operations, train drivers will act as remote

train operators (TOs) from a control centre, instead of being on board the train. This means

that they will serve as a fallback layer, resolving unforeseen or safety-critical situations that

the systems cannot handle (Grippenkoven et al., 2020), such as unexpected obstacles on the

track, medical emergencies among passengers or technical issues, such as sensor failures.

In such events, control of the train is transferred to the TO, who must quickly assess the na-

ture of the issue, understand its implications and initiate appropriate countermeasures. How-

ever, resuming manual control can be particularly challenging if the TO is “out of the loop”,

a condition marked by reduced situational awareness (SA) resulting from prolonged periods

of passive monitoring and disengagement (Endsley, 2021). Consequently, a key challenge in

1



RTO is ensuring that the TO can quickly regain SA when manual control becomes necessary

(Thomas-Friedrich et al., 2024a).

As part of the German Aerospace Center’s Teleoperation ATO project1, this thesis explores

how job and system design can support the TO during takeover situations. Specifically, it

examines how engagement in supplementary tasks (STs), that are intended to enhance job

attractiveness and maintain engagement during periods of low demand (Thomas-Friedrich

et al., 2024a), affects SA in takeover situations and overall workload. Furthermore, it inves-

tigates whether semantic and directional takeover-requests can help direct attention to the

most relevant aspects of the remote environment first and thereby facilitate faster SA recov-

ery. To investigate these questions, an experimental online study was conducted with 160

participants, 28 of whom were train drivers.

2 Background

To establish an understanding of the expected automation-induced changes to railway sys-

tems, the following section will provide an overview over the status quo of the railway system

in Germany and an outlook on anticipated technological developments and their implications

for the role and tasks of the train driver. Since railway systems in different countries vary in

their configurations and degrees of complexity, the following section will only consider the

German system. Given the limited research in the railway domain, relevant findings from

other transport domains, especially automotive and aviation will be incorporated to provide

a more comprehensive overview.

2.1 Status quo and future directions of railway systems

The current railway system in Germany comprises several occupational roles, each with

distinct duties and responsibilities. At the administrative level, personnel such as CEOs, civil

servants, and HR staff are responsible for strategic planning and the overall coordination of

business operations under the oversight of the German government (Janicki, 2018).

On the operational side, employees can broadly be divided into two categories: infrastruc-

ture or onboard staff. The former includes traffic controllers, dispatchers, and construction

1For more information on the project, see https://www.dlr.de/de/ts/forschung-und-transfer/projekte/
teleoperation-ato
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workers, while the latter consists of train drivers, shunters, and onboard service personnel

(Janicki, 2018).

Currently, the functioning of the railway system relies on the close collaboration between

those managing train movements and those operating the trains (Janicki, 2018). Traffic con-

trollers, often located in centralized signalling centres, are responsible for setting routes,

managing switches, and signalling in accordance with schedules. Their role involves fre-

quent communication with both train drivers and other controllers to ensure safe and efficient

operations.

Train drivers on the other hand, need to make sure they drive their trains in a safe, punctual

and energy saving manner according to their schedule (Janicki, 2018). Depending on the

train protection system in use, they are required to actively confirm and follow signal aspects

or deal with warnings. Furthermore, they continuously monitor locomotive parameters such

as brake force, traction and overall vehicle condition, diagnosing and resolving technical

or operational malfunctions if necessary (Janicki, 2018). Prior to departure, train drivers

additionally perform train preparation procedures, such as brake tests and, in emergencies,

they are responsible for coordinating passenger care and ensuring that safety procedures are

followed.

Overall, train drivers bear significant responsibility for the safety risks that come with rail-

way operations, transporting high amounts of people or cargo, while simultaneously being

constrained to long braking distances. As in other transport domains such as aviation and

the automotive industry (Salmon et al., 2005), human error contributes substantially to in-

cidents in the railway sector (Evans, 2011). Most railway accidents can be traced back to

either driver inattentiveness, such as passing signals at danger, or mistakes made by traffic

controllers (Stene, 2018).

Automation efforts are aiming to reduce the number of human errors and increase rail net-

work efficiency. While all railway staff will be affected by automation-related changes, op-

erational roles in particular will experience a drastic change in responsibilities and work en-

vironment (Naumann & Thomas-Friedrich, 2024). One of the most current examples of this

change is the implementation of advanced train control systems, notably the European Train

Control System (ETCS), which forms a central component of the broader European Rail Traf-

fic Management System (ERTMS) (UNIFE, 2021). ETCS enhances interoperability across

national railway systems in Europe and facilitates continuous train monitoring, thereby en-

abling automated acceleration and braking. Furthermore, the system allows train operations
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to proceed independently of conventional trackside signals, which allows for shorter head-

way distances and increases network capacity (UNIFE, 2021).

Through these ongoing automation efforts, the roles and work environments of train drivers

have already undergone significant changes compared to traditional, non-automated railway

systems (Brandenburger et al., 2018). One indication of this transformation is the evolution

of the driver’s cab in German trains (see Figure 1), where numerous mechanical levers and

analogue gauges have been reduced to few multifunctional displays and simplified interfaces.

(a) BR 103 (b) BR 411 (ICE T)

Figure 1. Driver’s cabs of two generations of German high speed trains. Images created in
Train Sim World 4 (Dovetail Games, 2023).

The changes brought about by increasing automation have been formalized in the IEC-62267

standard (IEC, 2009). It uses the Grades of Automation (GoA) categorisation system to

classify four types of railway operation. For an overview over the differences between the

GoA levels with regard to five key train driving tasks, see Table 1.

Numerous metro lines are already operating fully automated under GoA4, for example the

entire Copenhagen metro network and metro lines in major cities like Honolulu, Rome or

Lima (Hitachi Rail, 2025). The difference to mainline railway operations is mainly due to

metro lines’ inherent controllability advantages, since metro trains often run on secluded

railway structures that allow most external influences to be controlled (Grippenkoven et al.,

2020). On the other hand, mainline railways often consist of more complex networks, as well

as heavier trains with longer braking distances, higher speeds, and higher passenger numbers

per train (Stene, 2018). This significantly increases the safety risks and, consequently, safety

requirements for ATO systems on mainline railways.

A notable exception is the Rio Tinto network in Australia, where a coal train has been up-

graded to GoA4 operation (Wardrop, 2019). But this change to automated operation could

only be implemented because of the area’s vast, unpopulated landscapes and because the
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Table 1. Overview of the task distribution at different GoA for five main train driving tasks.
Adapted from IEC (2009).

Task GoA 1 GoA 2 GoA 3 GoA 4

Accelerating and braking Train driver System System System

Monitoring guideway Train driver Train driver System System

Supervise train status Train driver Train driver Train attendant
or TO

System

Supervising passenger transfer Train driver Train driver Train attendant
or system

System

Management of emergency
situations

Train driver Train driver Train attendant
or TO

System

train does not carry passengers, thereby reducing safety requirements (Wardrop, 2019).

For most mainline railway operations, transitioning to GoA3 and GoA4 presents consider-

able challenges, both from a technical and a human factors perspective. However, solutions

to human factors challenges can build upon a substantial body of research that has examined

the impact of varying degrees of automation on human performance.

2.2 Human factors aspects in automation

One of the main aims of automation is to support a human in performing routine tasks,

thereby reducing human workload and increasing overall system performance (Onnasch et

al., 2014). To achieve this, automation can be applied at all stages of information process-

ing, i.e. sampling information from the environment, integrating this information, making a

decision and finally performing an action based on the decision (Parasuraman et al., 2000).

By reallocating responsibilities across these stages, automation offers several benefits. Sup-

porting the human adequately may help maintain better performance by reducing task and

subsequent cognitive workload, allowing the human to allocate more cognitive resources to

other tasks or advanced information processing steps (Parasuraman et al., 2000).

These benefits depend on the reliable performance of the automation (Parasuraman et al.,

2000), but real-world systems, particularly in traffic situations on roads or railways, will

presumably never be completely reliable. Thus, when a system experiences technical prob-

lems or unforeseen incidents, human action will still be required to resolve the situation.

This dynamic is associated with a number of issues, that have been described as ironies of

automation (Bainbridge, 1983).
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At the heart of these ironies lies the idea that, although automation is designed to reduce or

eliminate human involvement, the human operator’s performance becomes increasingly crit-

ical as automation advances (Bainbridge, 1983). This is because the most complex tasks are

often the most difficult to automate. Therefore, in cases of imperfect automation, they remain

the responsibility of the human operator. However, if these tasks occur very infrequently, the

operator’s manual and cognitive skills required for dealing with them can deteriorate due to

a lack of practice (Bainbridge, 1983). Moreover, long periods of low demand may result in

decreased vigilance and a loss of SA (Endsley, 2019).

2.2.1 Situational awareness

SA can be understood as an individual’s ability to understand their surroundings and antici-

pate potential changes (Endsley, 2021). In a more formal definition by Endsley (1995), SA

involves three levels, namely the perception of elements in the environment (level one), the

comprehension of their meaning (level two), and the projection of their status into the near

future (level three).

These three levels form the core of Endsley’s (1995) SA model (Figure 2), and serve as a

fundamental requirement for effective decision-making and action-taking. Performing ac-

tions, in turn, will alter the state of the environment, resulting in a continuous feedback loop

(Endsley, 1995).

In addition to this core structure of the model, various external factors influence the develop-

ment and maintenance of SA (Endsley, 1995). These can be broadly categorized into individ-

ual and system- or task-related factors. Individual factors are shaped by both innate abilities

and prior experiences and include a person’s motivations, expectations, cognitive processing

abilities, and working and long-term memory capacity. They primarily influence SA through

the allocation of attentional resources and working memory capacity, which determine what

elements of the environment are perceived and how this information is integrated. Further-

more, according to the model, prior knowledge, expectations, and motivational goals play an

important role in distinguishing relevant from irrelevant information. They facilitate the de-

velopment of SA by enabling the formation and application of mental models and schemata

derived from previously encountered or similar situations (Endsley, 2006).

System- or task-related factors include the level of cognitive demand imposed by the task, the

design of the human-machine interface, and the overall complexity and level of automation

within the operational environment (Endsley, 1995). These factors influence both the quan-
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Situation awareness

Perception 
of elements

Level 1

Comprehension of 
current situation

Level 2

Projection of 
future status

Level 3

Decision
Perform 
actions

Information processing

Automaticity
Long-term memory 

stores

• Goals & Objectives
• Expectations

• Abilities
• Experience
• Training

• System capability
• Interface design
• Stress & Workload
• Complexity
• Automation

State of the 
environment

Feedback Feedback

Task / System factors

Individual factors

Figure 2. Model of situational awareness. Adapted from Endsley (1995).

tity and salience of information available to the operator, which shape attentional demands

and workload distribution. Furthermore, automation in particular may influence all levels

of SA by aiding in the perception of elements, facilitating their integration into a coherent

situation assessment, and assisting in anticipating future states of the system. Furthermore,

beyond SA, automation may assist in decision-making processes or even support or take over

the execution of actions (Endsley, 1995).

In the context of train driving, the application of this model requires that drivers first per-

ceive all relevant cues from within the cab and the external environment. Inside the cab

this involves monitoring elements such as sensors, gauges and digital displays as well as

any non-visual cues, such as sounds, vibrations or smells. Outside the cab, drivers must

observe the track and the surrounding landscape. All of the perceived individual elements

must then be integrated to form an accurate mental model of the train’s current operational

state and how this aligns with the expected or desired condition. In cases of deviation, for

example, a reduction in braking power, the projection component of SA becomes critical, as

the driver must anticipate potential implications like increased stopping distances or delays

to the schedule.

The influence of additional individual and system-level factors becomes evident in such situ-
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ations. Experts can draw on prior encounters with similar failures (Endsley, 2006), enabling

them to recognize the issue more quickly than novices and implement effective countermea-

sures. Furthermore, if an onboard system detects the braking issue and issues a clear, timely

alert, perceptual and integration workload may be reduced. This support then frees up cog-

nitive resources compared to manual operation where failure detection relies entirely on the

human operator (Endsley, 2006).

By nature, acquiring and maintaining SA is a dynamic process, because environments change

constantly and so do the systems’ and the humans’ states (Endsley, 2015). Thus, SA is con-

sistently updated by new and changing information. Furthermore, although the three levels

of SA can be understood as forming an ascending order, they do not necessarily develop

linearly (Endsley, 2015). For instance, experience may support understanding of the current

situation and subsequently guide the perception of relevant elements in a top-down fashion.

Many findings across various domains have indeed linked experience to enhanced SA (Ends-

ley, 2006). This is largely attributed to a reduced working memory load in more experienced

individuals, as advantages in long-term memory guide information search. Additionally,

mental models and schemata help match the current situation to prior experiences and allow

experts to perform actions automatically (Endsley, 2021).

In practice, a variety of challenges have been identified to affect the development and mainte-

nance of SA (Endsley, 2021). One such challenge is attention tunnelling, which occurs when

an individual focuses too narrowly on a single element of their environment, reducing their

awareness of other potentially important aspects (Endsley, 2021). This is particularly likely

when a particular stimulus is highly salient and captures attention in a bottom-up manner.

Additionally, if a person must retain too many elements in their working memory simul-

taneously, their ability to integrate new information may be hindered due to limitations in

cognitive capacity. A number of additional factors are known to interfere with effective SA

development but are not directly relevant to this thesis and will thus not be discussed here

(for a more comprehensive overview, see Endsley, 2021).

In the context of RTO, one of the most relevant challenges is the out-of-the-loop effect,

whereby reduced engagement leads to a decline in SA (Endsley, 2021; Parasuraman et al.,

2000). The implications of this effect will be discussed in greater detail in the following

sections.
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2.2.2 Workload and task switching

Another important human factors concept in the context of automation is cognitive workload

(herein after referred to as workload). It refers to "the operator’s allocation of limited pro-

cessing capacity or resources to meet task demands" (Matthews & Reinerman-Jones, 2017,

as cited in Hancock et al., 2021, p. 205). However, instead of workload drawing from a sin-

gle undifferentiated resource as proposed in early models, newer theories, such as the Multi-

ple Resource Theory (MRT; Wickens, 1980), conceptualize workload as being sustained by

multiple distinct and individually limited resource pools. According to MRT, these resource

pools are separated along four (partly nested) dimensions: stages of processing (perception/

cognition vs. response execution), modalities (visual vs. auditory), types of code (spatial vs.

verbal), and visual channels (focal vs. ambient) (Wickens, 2008).

While MRT has been used to explain multi-tasking effects of working on simultaneous tasks,

that share the same modalities, in the RTO context, additional tasks are more likely to be

performed sequentially than simultaneously with monitoring. Switching from an ST to mon-

itoring will, however, incur task-switching costs, arising from the need to reconfigure the

cognitive system when switching between tasks (Shi & Bengler, 2022). This reconfiguration

includes the task goal, the type of stimuli involved in the task, and the required responses

(Vandierendonck et al., 2010). Unlike MRT, where interference is primarily determined by

concurrent tasks drawing on the same sensory or cognitive resources, task switching theo-

ries emphasize that interference is driven by the degree of cognitive reconfiguration required

when transitioning between tasks (Vandierendonck et al., 2010).

For instance, in an RTO setting, a visually demanding ST involving a structured search task

may necessitate a goal-oriented, focused scanning strategy, which contrasts with the broad

and continuous vigilance required for monitoring of a remote environment. This mismatch

in attentional focus settings may hinder regaining SA quickly. As a result, operators may be

slower to detect critical anomalies or may struggle to update their mental model of a train’s

current status.

Reducing the difference in cognitive demands between STs and monitoring tasks, or incorpo-

rating interface cues that facilitate attentional re-engagement, may help to mitigate switching

costs (Vandierendonck et al., 2010) and preserve SA following a take-over request (TOR).

Therefore, when designing future work environments such as RTO settings, tasks that are

performed in close succession should ideally be aligned in terms of their cognitive demands

to help minimize task-switching costs, support the rapid restoration of SA, and reduce overall
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operator workload (Shi & Bengler, 2022).

Both SA and workload are closely interconnected, as workload influences the attentional

resources available to develop SA (Endsley, 2021). While cognitive overload can especially

hinder the ability to effectively perceive important elements in the environment and make

decisions, cognitive underload, caused by a low frequency of necessary engagement during

routine performance, may result in disengagement, boredom, and fatigue, eventually leading

to being out-of-the-loop (Endsley, 2021). Remaining out-of-the-loop for extended periods

can deteriorate the operator’s mental model of the system state. As a result, it may take

longer for the operator to reorient and "get back into the loop" when re-engagement becomes

necessary. This delay in regaining SA can be critical, particularly in time-sensitive or high-

risk situations. Additionally, low engagement frequency at higher levels of automation may

contribute to an overreliance on the automated system. (Endsley, 2021). This overreliance

may lead to complacency, meaning operators overestimate the system’s capabilities, which

makes them insensitive to anomalies or system failures.

Taken together, the effects of low engagement, suboptimal workload levels and inadequate

SA development suggest that, while increasing automation offers benefits, it also presents

challenges.

2.3 Challenges of increasing automation

The effects of increasing degrees of automation are summarized in Figure 3, depicting the

trade-off between the advantages, like improving routine performance and reducing work-

load and the disadvantages, namely losing SA and deteriorating performance in the event

of a failure (Wickens et al., 2010). Each system will have an optimal point concerning the

degree of automation (point a in Figure 3), where the advantages are maximized while the

detrimental consequences remain within an acceptable range. However, there is no universal

solution as to where this point will lie within a system (Onnasch et al., 2014).

For example, in a plane, the highest degree of automation might lead to pilots completely

losing SA and understanding of the systems. This has indeed been the case in a number

of severe aviation accidents in recent years, such as Air France Flight 447, in which the

pilots were unable to regain control of the aircraft after an unforeseen outage of the systems,

resulting in the loss of 228 lives (Müller & Drax, 2014). Conversely, in manufacturing, for

example, automation might improve efficiency without the risk of catastrophic safety risks.

Robotic arms on assembly lines, for instance, can operate with minimal oversight as errors
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Failure performance

a

Degree of automation

Figure 3. Theoretical impact of degrees of automation on several variables. Adapted from
Wickens et al., 2010 and Onnasch et al., 2014.

typically result in downtime rather than loss of life.

In practice, with regard to automated driving, studies suggest that conditional automation,

intended to enhance safety and comfort by allowing the system to handle routine driving

tasks, can result in poorer handling of critical situations when human intervention becomes

necessary (Weaver & DeLucia, 2022). Switching back from automated to manual driving

has been found to lead to increased reaction times and greater lane deviation (Lu et al.,

2021), reduced accuracy in judging the criticality of situations (Greenlee et al., 2022), and

longer durations required to regain SA comparable to that during manual control (Vogelpohl

et al., 2018). These findings might be explained by evidence showing that semi-autonomous

driving was associated with reduced vigilance (Biondi et al., 2023; Greenlee et al., 2022), in

some cases even after short periods of 15 to 45 minutes (Feldhütter et al., 2019).

In the railway domain, driving at GoA2 compared to GoA1 (the key difference being that,

under GoA2, acceleration and braking is taken over by the train) resulted in deteriorating

SA, fatigue and suboptimal workload (Brandenburger & Naumann, 2019b). Additionally,

driving under GoA2 led to decreases in attention and vigilance, as well as worse takeover

performance, indicated by inadequate handling of the brake after the train switched back to

GoA1 (Du & Zhi, 2022; Spring et al., 2009). Therefore GoA2, while offering some opera-
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tional benefits, entails many disadvantages from a human factors perspective (Brandenburger

et al., 2021). These findings are especially relevant, since fatigue and decreasing vigilance

have long been known to be key issues in all forms of train driving (Brandenburger et al.,

2021; Dorrian et al., 2007; Filtness & Naweed, 2017; Sharp Grant, 1971). They can be

attributed primarily to the often monotonous nature of the train driving task.

In the automotive sector, various countermeasures have been explored against these adverse

effects of mid-level automation. These include time-based break reminders, human-centred

interface design (Cabrall et al., 2019), the development of innovative HMI concepts for driver

engagement (Wang et al., 2023) and driver state monitoring systems that detect signs of

reduced attention and fatigue to trigger real-time interventions (Bosch et al., 2025; X. Zhang

et al., 2017).

Another promising approach might be skipping continuous supervision-level automation op-

erations altogether (Cabrall et al., 2019). For railway operations this would be achieved by

switching to GoA3 and GoA4 operations.

2.4 Remote operation

In GoA3 rail operations, the primary driving tasks are handled by onboard ATO systems,

eliminating the need for a train driver in the cab (Naumann & Thomas-Friedrich, 2024).

However, since human intervention remains necessary when the ATO system encounters un-

expected challenges, teleoperation has been proposed as a viable solution to support remote

handling of such situations (Grippenkoven et al., 2020). In this setup, train drivers no longer

actively control individual trains but instead passively supervise one or more trains in a desig-

nated area of the rail network remotely as TOs (Naumann & Thomas-Friedrich, 2024). They

take over only when a TOR is issued by a train due to an unforeseen event that the onboard

systems cannot resolve (Naumann & Thomas-Friedrich, 2024). In such cases, the TO must

quickly assess the situation that triggered the TOR and enact countermeasures, for example

by driving the train manually via a remote connection. Once the situation has been resolved,

the TO can hand over control to the onboard system again (Naumann & Thomas-Friedrich,

2024).

In initial concepts for RTO, the TOs are stationed in a remote control centre (RCC), where

they work in teams alongside dispatchers, signallers, and other operational staff (Branden-

burger & Naumann, 2019a). An example RCC configuration, initially developed by Bran-

denburger and Naumann (2019a) and adapted to the current study, is shown in Figure 4.
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Shared knowledge space

Figure 4. Exemplary setup of an RCC. Adapted from Brandenburger and Naumann (2019b).

Advances toward GoA3 operation on mainline railways have been made in recent years.

In Germany, for example, a real-life trial is underway on the S-Bahn Hamburg network

(Deutsche Bahn AG, 2025), where one line is operating at GoA3. However, due to the

novelty of the operation and legal requirements, a safety driver is still present in the train

cab. Similar projects have been implemented in other regions (see, for example, Masson

et al., 2019; Schöne et al., 2023), reflecting a growing interest among railway operators in

ATO. However, while research into technical challenges has already provided a number of

findings, research into the human factors challenges imposed by GoA3 and GoA4 operations

remains limited. Initial findings from a series of studies suggest that working at GoA3 level

leads to reduced fatigue and workload closer to optimal levels than at GoA2 (Brandenburger

et al., 2021). Even though these findings are encouraging, they may be partly due to the

novelty of the task and remote environment, which could temporarily increase engagement,

and the relatively short duration of the experimental trials. Further research is needed to

better understand the long-term effects of this type of operation on workload, vigilance and

SA.

From a technical perspective, to enable effective remote intervention, several prerequisites

must be fulfilled. First, onboard automation systems must provide a high degree of reliability

in handling routine tasks and operational scenarios autonomously (Schöne et al., 2023). This

is essential to prevent frequent TORs that overwhelm the TO and disrupt overall network per-
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formance. Additionally, reliable sensors and AI-assisted analysis of camera data are needed

to monitor the train and its surroundings for obstacles (Grippenkoven et al., 2020). This data

and the results must be provided via a continuous, stable and low-latency communication

link between the train and the RCC at all times (Masson et al., 2022).

From a human factors perspective, several additional requirements must be addressed to

ensure safe and effective RTO. The type, amount, and timing of information presented to

the TO during both routine supervision and takeover events must be carefully designed to

avoid mental overload (Hely et al., 2015). This can be supported through an HMI design

that structures the necessary data in ways that facilitate rapid SA development (Naumann &

Thomas-Friedrich, 2024).

Moreover, the supervisory nature of GoA3 operations can lead to task monotony (Branden-

burger & Naumann, 2018), increasing the risk of reduced vigilance, and deteriorated SA due

to the TO being out-of-the-loop. To mitigate these risks, it is not sufficient to only optimize

the design of the remote control workstation. Instead, the overall job design of the TO must

also be taken into account. This includes ensuring cognitive engagement and supporting the

development and maintenance of SA even during extended periods of passive monitoring

(Naumann & Thomas-Friedrich, 2024). One way to achieve this, could be the introduction

of STs for the TO.

2.4.1 Supplementary tasks

STs refers to any activity that a TO performs during routine operations when no train has

issued a TOR (Thomas-Friedrich et al., 2024a). They may be considered measures of job en-

largement and enrichment, which make the work more varied and increase its attractiveness

by offering greater responsibility, challenges and meaning (Naumann & Thomas-Friedrich,

2024). Furthermore, if a TO is able to fulfil several roles simultaneously, fewer personnel are

required, thereby enhancing the RTO’s overall efficiency (Grippenkoven et al., 2020). Possi-

ble STs for a TO have been elaborated as part of the Teleoperation ATO project and include

other train driving tasks, training and education or operational tasks (Thomas-Friedrich et al.,

2024a). For a full list of the proposed STs, see Table 2.

Besides these operational benefits of introducing an ST to the TO’s work, there is a number

of associated risks. As cognitive processing abilities are limited (see Section 2.2.2), intro-

ducing an additional task will increase mental workload (Hancock et al., 2021). This is par-

ticularly relevant when an ST is performed at the same time as the main task and draws from
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Table 2. Possible STs for a TO. Adapted from Thomas-Friedrich et al. (2024).

Type of Activity Possible STs

Train driving tasks • Remote-controlled shunting and delivery runs
• Routine track observation
• Mutual support in high workload situations

Training and education • Professional development through simulation tasks,
driving dynamics training, or technical courses

Operational tasks • Taking over dispatching tasks
• Personnel planning
• Other administrative tasks
• Supporting fault management or train maintenance
• Training other employees
• Assignment of delay reasons and creation of inci-

dent reports
• Preparation of operational and construction instruc-

tions
• Support in timetable and capacity management

the same cognitive resources, bearing the risk of exceeding processing capacity limits. On

the other hand, if STs are performed sequentially, this introduces the risk of task-switching

costs, which may impair the development of SA and subsequently degrade return-to-manual

performance (Shi & Bengler, 2022).

A multitude of studies have observed the detrimental effects of STs on manual car driving

(Ferdinand & Menachemi, 2014). More recently, STs have also attracted significant attention

in the context of conditionally automated car driving (B. Zhang et al., 2019). For instance,

working on a cognitively demanding ST led to an increased initial reaction time to a TOR

(Amre & Sun, 2021; Choi et al., 2020; Weaver & DeLucia, 2022), later fixation on the road

(Weaver & DeLucia, 2022) and a higher steering angle variance (Choi et al., 2020).

Interestingly, while many studies suggest that STs have a detrimental effect on driving perfor-

mance, some report the opposite. For instance, working on a cognitively demanding n-back

task led to improved longitudinal vehicle control after a TOR (Lu et al., 2021). One possible

explanation is that engaging in an ST may help counteract the monotony and reduced vigi-

lance associated with mid-level automation. This interpretation is supported by findings that

15



participants who performed various tasks during conditionally automated driving reported

lower fatigue levels and experienced fewer vigilance decrements than during manual driv-

ing without an ST (Miller et al., 2015). In the rail domain, a high-demand ST implemented

as a mathematical speed restriction task even resulted in reduced driving errors (Dunn &

Williamson, 2012).

Thus, if implemented appropriately, STs may serve as a strategy to maintain TO engagement,

stabilize workload closer to optimal levels, and help mitigate fatigue (Thomas-Friedrich et

al., 2024a). For an ST to be effective, however, it must strike a careful balance: it should

be sufficiently engaging to sustain attention, yet not overly demanding, causing cognitive

overload or impairing SA.

In line with task-switching theories, the potential impact of STs should not be evaluated

based on a single defining feature such as sensory modality (Shi & Bengler, 2022). For

instance, both passively monitoring the remote environment and performing a visual search

task engage the visual channel, yet they may differ substantially in their effects on SA. While

the former may support SA by aiding in the continuous maintenance of a mental model of the

environment’s state, the latter may impair SA by diverting attention away from task-relevant

cues (Shi & Bengler, 2022). This indicates that the cognitive demands and attentional re-

quirements of a task are likely more meaningful predictors of potential interference than

modality alone, particularly in settings where tasks are performed sequentially rather than

simultaneously (Shi & Bengler, 2022).

In summary, while STs offer benefits, such as reducing monotony and fatigue, they also

introduce challenges, including task-switching costs and out-of-the-loop effects that can de-

teriorate SA (Xu et al., 2024). Thus, since STs are likely to be implemented due to their

operational advantages (Thomas-Friedrich et al., 2024a), strategies that facilitate the rapid

re-establishment of SA following a TOR are needed. One promising approach is to design

the TOR itself to actively support efficient SA recovery.

2.4.2 TOR design

In semi-automated driving, a TOR is a means of indicating a transition of control between

human and system (Colley et al., 2021). It may be initiated by the system or by the hu-

man, and either be scheduled or unscheduled. Additionally, the TOR may either mark the

immediate transfer of control, or allow for a gradual transition (Walch et al., 2015).

TORs are already used in trains. For example, if a train in Germany is operating under GoA2
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rules using the automated train protection system LZB and a switch back to the conventional

GoA1 system PZB is announced, this will be signalled by an acoustic and visual alert and

the driver will be required to acknowledge it by pushing a toggle switch (DB InfraGO AG,

2009).

Recent advances in automated car driving have led to extensive research on two key aspects

of TORs: the time needed to complete the takeover and designing TORs to support the

human driver in becoming alert and regaining SA as quickly as possible. Regarding the

necessary time to takeover completion, studies on conditionally automated car driving have

proposed takeover timeframes ranging from three to ten seconds, depending on factors such

as the driver’s current state and the surrounding traffic conditions (Deng et al., 2024).

However, these timeframes may not be directly applicable to the railway domain, because in

contrast to cars, in critical situations trains will automatically transition into a safe state by

initiating an emergency brake (Naumann & Thomas-Friedrich, 2024). As a result, if a TO

exceeds the takeover timeframe, there is no immediate risk of collision or loss of control,

since no active longitudinal or lateral driving input is required. Nevertheless, it is important

for a TO to establish SA effectively and quickly in the event of a safety-critical situation to

minimize operational disruptions and ensure timely intervention (Thomas-Friedrich et al.,

2024a). For instance, in cases such as passenger medical emergencies, a swift response

may be life-saving and prompt action in response to obstacles on the tracks could prevent

derailments of oncoming trains. Thus, the level of support that the design of a TOR provides

to the TO in establishing SA is also a concern in RTO (Thomas-Friedrich et al., 2024b).

The design of TORs can be oriented along two main criteria. The first is the modality in

which the TOR is presented, and the second is the level of abstraction of the TOR. With re-

gards to modality, TORs might be presented as auditory, visual, tactile, or multimodal stimuli

(B. Zhang et al., 2019). Research from TORs in conditionally automated car driving shows

that using multimodal stimuli compared to unimodal ones can reduce takeover time (Huang

& Pitts, 2022). This is in accordance with the MRT (Wickens, 1980), which predicts that

presenting information through different modalities than the ones required by the primary

task is expected to reduce interference and support performance. For example, if a driver

needs to detect an obstacle on the road, a visual TOR may interfere with the execution of the

task, but an auditory alert may not. Building on this idea, the use of multimodal TORs may

be useful, because they introduce informational redundancy (Colley et al., 2021), enabling

the system to better accommodate varying driver states and concurrent activities during the
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drive (Yoon et al., 2019).

If a TOR is understood as a way of transmitting information to the driver, enhancing the

amount and level of detail of that information could prove useful in supporting SA devel-

opment (Liu et al., 2023). In car driving and RTO, a promising approach would be to use

informationally enhanced auditory TORs to convey system states or takeover situation de-

tails, as they do not rely on the visual channel and are therefore less likely to interfere with

the visual monitoring tasks.

One method of enriching auditory TORs is the use of semantic information, for example

using speech, instead of simple warning tones (SWTs) (Liu et al., 2023). In two studies,

investigating the acceptance of different TOR formats in conditionally automated car driving,

speech-based alerts were rated more favorably than generic tones and were perceived as more

intuitive and useful (Bazilinskyy et al., 2018; Brandenburg & Epple, 2019). Another study

found similar results, but reported that semantic TORs led to slower reaction times (Chai

et al., 2024).

A potential limitation of these implementations of semantic TORs lies in how speech was

used. In the cited studies, verbal alerts were limited to basic commands such as “Danger

ahead; please take over” (Chai et al., 2024) or “Please take over!” (Bazilinskyy et al., 2018).

Such phrasing may have imposed cognitive demands on participants, who had to listen to,

comprehend and interpret the message, but did not contain information supporting situation

understanding.

Another approach of enhancing TORs consists of using directional, unimodal stimuli (Liu

et al., 2023). These are designed to either convey information about the state of the sys-

tem or environment, direct the driver’s attention towards the most critical elements of the

visual scene, or suggest a driving action. The primary aim of such TORs is to support the

development of level two and three SA, rather than merely prompting the driver to perceive

environmental elements (Liu et al., 2023). For example, when the position of an obstacle

on the road that needed to be detected following a TOR was indicated using LED strips and

vibrations as directional cues, participants showed fewer lateral lane deviations and fewer

collisions compared to non-directional cues, although their reaction times increased (Gruden

et al., 2022). In other studies, an auditory directional TOR led to less accidents and similar

(Chen et al., 2023) or better reaction times (Huang & Pitts, 2022).

Only few studies have examined the combined use of directional and semantic information

in TORs (Liu et al., 2023). These attention-guiding TORs (AGTORs; Chen et al., 2023)
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may be particularly effective in supporting the development of level two SA by guiding

the operator’s attention toward the most critical aspects of the scene first, thereby facilitating

efficient attention allocation (Liu et al., 2023). This approach appears especially promising in

the RTO context, where targeted guidance could help the TO prioritize essential information,

especially after long periods of passive supervision or involvement in STs. Moreover, while

the integration of semantic content may slightly increase reaction times due to additional

cognitive processing demands, this trade-off is less critical in RTO than in car driving, as

such delays are unlikely to result in immediate safety-critical consequences.

2.5 Rationale for the study

This study extends existing research on STs and TOR-design by exploring their relevance

in the context of RTO, an area that has received little attention in human factors research.

It addresses the differences between conditionally automated car driving and RTO, where

TOs are physically separated from the train, have limited control authority, and receive less

immediate and less multimodal system feedback. In addition to the inherent differences

between trains and cars, such as the continuous, track-bound movement of trains and higher

safety requirements, situational remote control in RTO fundamentally alters the dynamics of

monitoring the environment and maintaining SA. This is further highlighted by the fact that

STs are typically performed sequentially rather than simultaneously, unlike in conditionally

automated car driving. Together, these differences limit the transferability of findings from

car-based automation to RTO and underscore the need for domain-specific research, instead

of relying on the direct application of car-related findings to rail. Furthermore, research on

SA in rail automation is limited, especially at GoA3 and GoA4 and often includes small

sample sizes. In contrast, this study uses a comparatively large and diverse sample.

Lastly, the study examines the novel use of AGTORs to support rapid SA buildup after

attention has been diverted from monitoring trains and the environment. Given the risk of

TOs becoming out-of-the-loop, AGTORs offer a promising approach to mitigate the adverse

effects associated with GoA3 and GoA4 operations.
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2.6 Hypotheses

Based on this rationale, the following hypotheses will be tested in this study:

Supplementary task

Performing a demanding ST is hypothesized to deteriorate SA in subsequent takeover situ-

ations due to the cognitive costs associated with task switching. This is indicated by differ-

ences in Situation Awareness Global Assessment Technique (SAGAT; Endsley, 1988) scores

(for further explanation of the SAGAT technique, see Section 3.2). At the same time, due to

greater cognitive demands, it is also expected to increase overall workload. Therefore:

• H1a: Participants achieve lower SAGAT scores after performing an ST compared to

when no ST is performed. (Main effect of ST on SAGAT scores)

• H1b: Participants less frequently recognize takeover reasons after performing an ST

compared to when no task is performed. (Main effect of ST on takeover reason recog-

nition)

• H2: Participants report higher workload values after performing an ST compared to

when no ST is performed. (Main effect of ST on workload)

TOR condition

AGTORs help to focus attention on the most critical element of the scene, i.e. the takeover

reasons, thus they are expected to increase the rates at which these are detected. They are

expected to be particularly beneficial when an ST has been performed before, because they

help to mitigate task-switching costs. Therefore:

• H3: Participants more frequently recognize takeover reasons in the AGTOR compared

to the SWT condition. (Main effect of TOR condition on takeover reason recognition)

• H4: The improvement in takeover reasons recognized due to the AGTORs is more

pronounced when an ST was previously performed. (Interaction of TOR condition

and ST on takeover reason recognition)

Driving experience

Train driving experience is hypothesized to facilitate restoration of SA and reduce workload

due to transfer effects from previous experiences and domain-specific knowledge. AGTORs
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may help to offset this advantage of train drivers by providing greater support for non-train

drivers. Therefore:

• H5a: Train drivers obtain higher SAGAT scores than non-train drivers. (Main effect of

driving experience on SAGAT scores)

• H5b: Train drivers more frequently recognize takeover reasons than non-train drivers.

(Main effect of driving experience on takeover reason recognition)

• H6: The improvement in takeover reasons recognized facilitated by the AGTORs is

greater for non-train drivers compared to train drivers. (Interaction effect of driving

experience and TOR condition on takeover reason recognition)

3 Methods

To test these hypothesized effects, a novel remote environment was developed and imple-

mented in an experimental online study. The following section describes the study design,

procedure, sample and the online remote environment and its development.

3.1 Study design and procedure

Three independent variables were used in the study, of which the TOR condition (SWT vs.

AGTOR) and experience (non-train drivers vs. train drivers) were between variables and the

ST condition (no-task vs. ST) was a within variable. This resulted in a 2× 2× 2 mixed

design. The design and structure of the study can be found in Figure 5.

At the beginning of the online experiment, participants were provided with essential infor-

mation regarding the study and data protection. They could only proceed if they confirmed

that they had read and understood the information, were over 18 years of age, had a stable

internet connection, and were able to listen to audio. Participants then completed demo-

graphic questions, including age, gender, and railway-related experience (see Section 3.2).

If they indicated that they worked for a railway company or were active train drivers, they

were asked additional questions to describe their professional role in more detail.

Following this, participants were guided through a comprehensive introduction to the exper-

imental environment and tasks. This explanatory section, presented via text and a narrated

voice-over, covered the structure and function of the remote environment, the ST, handling

of TORs, and the subsequent questionnaires. It also included one test trial for the ST and a
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Figure 5. Study design and structure.

sample TOR scenario with a SAGAT questionnaire to familiarize participants with the pro-

cedure. Finally, participants were required to complete an auditory check (listening to words

and identifying which one was presented) and a screen resolution check (indicating whether

a small cross appeared on the left or right half of the screen).

After completing the instruction phase, participants were required to answer seven compre-

hension questions about the environment and correct procedures following a TOR. Feedback
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was provided for each response, and participants could choose to repeat the instructional

section. Upon continuing, participants were randomly and secretly assigned to one of the

two TOR conditions and began the first experimental block. The order of the blocks was

randomized across participants. Each block included a brief explanation and introduction,

that was designed to encourage participants to adopt the role of a TO.

An experimental block comprised four trials. A trial consisted of either the ST or no task,

both lasting approximately one minute. In the no-task condition, an attention check appeared

around 30 seconds into the trial, that required participants to press either the Y-key or N-key

to proceed. After approximately one minute, a TOR was issued, followed by a short video

sequence of the remote environment including the takeover scenario. This was then followed

by either SAGAT questions (once per block) or simple questions about the reason for the

TOR (three times per block).

Upon completing the first block, participants filled out workload and fatigue questionnaires.

They then proceeded to the second block, which included the condition not presented in the

first block (either ST or no-task). After the second block, participants completed workload,

fatigue, telepresence, and usability questionnaires, and answered control questions. Finally,

participants could enter a lottery to win one of five C20 gift cards. The study concluded with

a thank-you message for their participation.

3.2 Measures

Situation awareness

SA was assessed threefold in this study. First, in three of the four takeover scenarios per

block, participants were asked, after watching the video sequence, to identify what they

believed had triggered the TOR. This approach was chosen because correctly identifying the

cause of the TOR was considered essential for implementing appropriate countermeasures in

a real world RTO setting and indicative of level two SA (comprehension of the situation). It

involved a two-step response: first, selecting the area in which they believed the reason was

located (camera view, parameters, or notification area) and second, choosing the specific

reason from a predefined list. The form to choose the reason, can be found in Appendix

A.6. To reduce the likelihood of correct guesses, the list included distractors that were never

correct. Responses were only coded as correct if the specific reason was accurately identified.

A total of eight takeover scenarios were presented, allowing for a maximum of eight correct
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identifications.

Secondly, instead of the simple takeover reason form, participants were presented with a

SAGAT (Endsley, 1988) form once per block. It was shown as a blanked-out image of

the remote environment with a total of 16 input forms at locations where information was

previously present (see Figure 6). The input forms primarily used drop-down menus, each

containing one correct and several incorrect response options. An additional “I don’t know”

option was provided to discourage guessing. For the speedometer and time items, partici-

pants had to enter numerical values. Each of the 16 SAGAT items was coded as either correct

or incorrect, and the proportion (in %) of correct responses was calculated to yield an over-

all SAGAT score. Furthermore, in the SAGAT forms, participants could select the assumed

reason for the takeover from a drop-down menu, which was recorded as part of the takeover

reason recognition variable.

Figure 6. SAGAT form with exemplary answers selected.

The SAGAT method was assumed to reflect level one SA by indicating what participants had

perceived from the available information in each scenario.

Participants were also asked to rate the importance of each of the 16 information elements

in the SAGAT forms by checking a box next to each input field (see Figure 6). This measure

was included to account for the varying relevance of the information presented. A binary

variable was obtained for each element, with zero indicating that the information was not

considered important and one indicating that it was.
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Finally, subjective SA was assessed by asking participants to rate their confidence in having

understood the scene on a scale from 0 to 10, with higher values indicating greater confidence

in their SA. Out of these ratings a mean subjective SA score was calculated for each block.

However, subjective SA was not assessed after the SAGAT trials for consistency reasons and

due to technical implementation challenges.

Workload

Following each block, workload was measured using the DLR-WAT questionnaire (Grip-

penkoven et al., 2018). In contrast to widely used workload questionnaires, such as the

NASA-TLX (Hart & Staveland, 1988), that merely distinguish between varying degrees of

workload presence, the DLR-WAT allows for a finer assessment of workload across the range

from sub-optimal to optimal to above-optimal levels. It comprises a total of eight scales. Six

of these scales (workload due to information intake, workload due to knowledge retrieval,

workload due to decision-making, motor and physical workload, workload due to time pres-

sure) range from "1 - very heavily underloaded" to "200 - very heavily overloaded) with 100

being the optimum workload level. Additionally, frustration with the task is measured on a

scale ranging from 100 to 200, with the absence of frustration (100) being regarded as the

optimum. In a similar way, task accomplishment is measured on a scale from 1 to 100 (op-

timal), because there is no over-accomplishment. The complete scale (in German language)

can be found in Appendix A.2.

For the confirmatory analyses, a mean score was formed using the scales workload due to

information intake, workload due to knowledge retrieval, workload due to decision-making

and workload due to time pressure and effort. The remaining scales were not included in

the score due to their irrelevance to the situation (motor and physical workload) or because

of differing scales that did not allow both over- and underload to be measured (frustration

and task accomplishment). However, these scales are evaluated as part of the exploratory

analyses.

Additional measures

Several additional measures were collected to gain a more comprehensive understanding of

participants’ characteristics and to evaluate the novel remote environment. Socio-demographic

variables included age, gender, and country of residence. Participants were further asked to

indicate their railway-related experience using the following self-constructed scale:

25



1 - No previous knowledge

2 - Exclusively knowledge from a passenger’s perspective

3 - Advanced knowledge (e.g. acquired through simulation games)

4 - Professional knowledge: I work for a rail transport company, but not in transport

operations

5 - Professional knowledge: I work for a railway company in driving operations

Participants who selected four or five on the scale were asked to provide additional details

about their professional role. Individuals were classified as train drivers for all subsequent

analyses only if they indicated that their primary responsibility involved operating locomo-

tives or that they held a valid train driving license and accumulated at least 100 hours of train

driving per year.

Since fatigue has been shown to affect SA (Endsley, 2021), participants were asked to state

how awake they felt before the experimental part started, after the first block and after the

second block using the Karolinska Sleepiness Scale (KSS; Åkerstedt and Gillberg, 1990).

The KSS is a one item questionnaire with a ten-point verbally anchored scale ranging from

"10 - extremely sleepy, falls asleep all the time" to "1 - extremely alert", with each step being

verbally anchored. The complete scale (in German language) can be found in Appendix A.1.

In the last block of the experiment, the usability of the teleoperation environment was mea-

sured using the System Usability Scale (SUS; Brooke, 1996). Usability was assessed, be-

cause of the novelty of the environment and the limited user feedback available during its

development. The SUS consists of ten items rated on a scale from 1 to 5, used to calcu-

late a global evaluation score of the environment, following the formula provided by Brooke

(1996):

SUSscore = 2.5 · ( ∑
i∈{1,3,5,7,9}

(Itemi −1)+ ∑
j∈{2,4,6,8,10}

(5− Item j))

This resulted in a range from 0 to 100 with 100 being the best possible usability score. The

complete scale (in German language) can be found in Appendix A.4.

To assess the extent to which participants felt part of the environment and immersed in the

simulation, a short questionnaire on subjective telepresence (Schloerb, 1995) was imple-

mented at the end of the study. The scale was taken from Kim and Biocca (1997) and

adapted to fit the context of the study. All of the eight items could be answered on a five

point Likert scale ranging from "0 - not at all applicable" to "5 - completely applicable". Be-
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cause of the scarcity of research on telepresence in remote operation contexts, this scale was

used to measure immersion exploratory. A mean score across all items was calculated, with

higher values indicating higher levels of immersion. The full telepresence scale (in German

language) can be found in Appendix A.3.

Finally, to assess the data quality, control questions were implemented at the end of the study.

Participants were asked to rate the diligence and fun with which they worked on the exper-

iment on a scale of "0 - very little" to "1000 - very much". They were informed that their

responses would not affect their chances of winning the lottery. Additionally, participants

were asked to rate the difficulty of the ST on a scale from 1 to 10, with higher scores indicat-

ing higher subjective difficulty. ST performance was measured as the percentage of correct

responses across all ST trials. Participants could also state whether they were engaged in any

other activity during the no-task condition in an open text field at the end of the study.

The total time that was needed to finish the experiment as well as the time needed to acknowl-

edge the attention checks in the no-task condition were logged to be used as an exclusion

criterion.

3.3 Online-study setup

3.3.1 The remote environment

The remote environment was adapted from Brandenburger and Naumann (2019a) and mod-

ified to fit the present study. It was presented to participants either as static images or as

animated video sequences. However, the difference was not clearly visible to participants,

because apart, from the ST, no element of the environment was interactive. This was done

intentionally, to increase immersion and create the illusion of a somewhat dynamic and un-

predictable environment.

The environment featured two distinct states. The first, herein after referred to as the monitor-

ing state, was visible whenever no TOR was issued. Both versions of this state (in either the

ST and no-task conditions) are shown in Figure 7. The display was divided into four quad-

rants: the upper left quadrant presented either the ST or, in the no-task condition, a static

instruction to monitor the environment. The upper right quadrant showed a static picture

during the ST trials to minimize distraction. In the no-task condition, it displayed animated,

simplified signal box activities designed to enhance immersion and focus on the environment

without being overly engaging. The lower right quadrant showed a list of trains currently op-
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erating in the monitored sector, which was periodically updated in the no-task condition. In

contrast, no animations were present during the ST, as participants were expected to focus

on the ST. The lower left quadrant contained a notification panel, which remained empty in

both conditions.

(a) ST condition

(b) No-task condition

Figure 7. Both versions of the monitoring state of the remote environment.

When a TOR was issued, the environment transitioned into another state, herein after referred

to as operational state. This state always had the same layout, regardless of the ST condition.

Now, the upper left quadrant was blanked out. The upper right quadrant displayed a front-

facing camera view from the train, showing an eight second long video clip of a railway
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environment (see Section 3.3.3 for the rationale behind the video duration and the content of

the videos). Directly below the camera view, a table provided information about the observed

train, including its number, delay, type, and current location, that was structured similarly to

the train list in the monitoring state. The bottom right area presented several parameters,

namely a bar graph for friction status, icons for data link status, wheel temperature, air brake

pressure, and general system faults, as well as a speedometer and a digital clock. These

parameters were chosen to represent important real-life indicators of trains, while remaining

comprehensible to non-train drivers. The lower left area continued to display the notification

panel, but now included up to five message entries. The TOR alert was always present

as a notification, accompanied by either relevant messages (e.g., a passenger triggering the

emergency brake) or irrelevant messages (for instance a message displaying that the train

was started up properly) shown below it. An example of the operational state is shown in

Figure 8.

Figure 8. The operating state of the remote environment.

The online study was configured to ensure that the environment was consistently displayed

at a resolution of exactly 1400× 788 pixels, independent of the participant’s actual screen

size. This standardization aimed to prevent visibility advantages that could arise from higher

screen resolutions, thereby maintaining experimental control across devices. Participants’

screen size was logged, and those who did not meet the required resolution were excluded

from the dataset afterwards.

TORs were issued either as a SWT or a verbal AGTOR. The SWT consisted of alternating

simple triangle shaped tones with 890 and 1760 Hz frequency and 1.5 seconds length. This
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alarm tone design was modelled after Yun and Yang (2020) and modified to fit the length of

the AGTOR alarm. The AGTOR alarm was created using synthetic voices from the Eleven-

labs Web application (ElevenLabs, 2025). The voice was imitating a male voice to resemble

alarms currently used in trains to notify the train driver of irregularities, for instance missed

acknowledging of train protection. The following AGTORs were created in this manner:

"Takeover. Focus on camera", "Takeover. Focus on parameters" or "Takeover. Focus on

messages", depending on where the takeover reason could be found. To enhance immersion,

additional short audio clips simulating brief conversations with a colleague were included at

the end of the takeover scenarios. All alarm and conversation sound files used in the study

are available in the Open Science Framework (OSF) repository of the study (Schackmann,

2025a).

The experimental part of the online study was designed using lab.js (Henninger et al., 2021).

This enabled the creation of a dynamic and interactive environment through custom HTML

and JavaScript logic, as well as the measurement of reaction times and the logging of all

relevant variables. The lab.js file used in this study is also available in the OSF repository

(Schackmann, 2025a).

3.3.2 Supplementary task

In one of the two blocks, participants were asked to perform a visual search task (VST) as an

ST. The task design and structure were taken from the standard task repository for the lab.js

experiment builder (Henninger et al., 2021). The JavaScript source code was modified to fit

the online study setup. In the VST, participants had to search a square box in the top left area

of the environment for the presence of a divergent stimulus. Specifically, the box contained

the letter L either 40 or 45 times in different orientations and positions, and in half of the

cases an additional T, which acted as the divergent stimulus that had to be detected. The

participants were instructed to press the N-key if there was no T or the Y-key if there was.

There were a total of 15 boxes to scan in each trial and a total of 60 boxes for the whole ST

block. To increase engagement in the VST, participants received feedback on whether their

response was correct or not. In addition, there was a time limit of five seconds after which, if

no response was recorded, a text was displayed asking participants to respond more quickly.

An example square box for both VST conditions can be found in Figure 9.

The VST was selected to represent an engaging ST, similar to those TOs might engage in

to counteract monotony and fatigue during low-demand phases (see Section 2.4). Based on
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(a) Stimulus not present (b) Stimulus present

Figure 9. Both conditions of the VST.

task-switching theories, switching between task sets can lead to detriments in SA and perfor-

mance (Shi & Bengler, 2022; Vandierendonck et al., 2010). The VST was therefore expected

to interfere with the primary task, which was monitoring the remote environment following

a TOR. While it also involves visual search, it differs from the remote monitoring task in

that it requires focused attention on clearly defined and simple targets. In contrast, the mon-

itoring task is more open-ended, requiring participants to shift from a known search (letters)

to unknown, unpredictable targets. This transition in visual and attentional demands was

expected to induce task-switching costs. Additionally, as the VST places minimal demands

on working memory, it was not anticipated to interfere with the performance on the SAGAT

or the takeover reason questionnaires and reduce their validity through carry-over effects.

3.3.3 Scenarios

A total of eight scenarios were presented to the participants. They were derived from previ-

ous work in the German Aerospace Centre’s Teleoperation ATO project. However, relevance

to actual train operations was only one of several criteria used to select the scenarios to be

included in the study. First, the feasibility of presenting the scenarios in the online study was

considered. For example, a broken overhead power line might be a reason for the onboard

system to issue a TOR, but it would not have been feasible to depict this in a way and at

a size that participants could see on the screen. In addition, scenarios that relied on overly

complex concepts or required extensive prior knowledge were excluded to minimize bias

against participants without train-driving experience. Ethical considerations were also taken
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into account during scenario selection. For example, a person standing too close to the tracks

would be a realistic scenario, but was not implemented to avoid potential re-traumatisation

of the train drivers within the sample.

Three categories of events could trigger a TOR. First, an object could appear in the camera

view. In the study this was implemented as a line-side fire, palettes on the opposite track,

a container on the opposite track and a cow standing close to the track. Second, a train

parameter could reach a critical state, which was indicated either by a red icon or, in the

case of the friction graph, by the needle entering the red zone. Two scenarios displayed such

issues in the form of the friction and temperature parameter being in the critical range. Third,

a safety-related or emergency message could be displayed in the notification area. This was

implemented as a passenger initiated emergency brake and a notification for a necessary

balise maintenance. In each ST condition block, two of the four reasons for the TOR could

be found in the camera view, one in the parameter area, and one in the notification area. All

of these scenarios can be found in Appendix A.5.

In each scenario, the critical reason remained visible for five seconds following the TOR.

This duration was chosen to align with existing estimates of headway distances in train ob-

stacle detection systems. Due to limited publicly available data, the value was approximated

using specifications from the automated Hong Kong metro system (Zhangyu et al., 2021).

With a maximum obstacle detection range of 120 meters and an estimated train speed of

100 km/h, which represents an average speed between typical German commuter and cargo

trains, the system would require approximately 4.32 seconds to detect a pedestrian-sized ob-

ject. This value was rounded up to five seconds. An additional 1.5 seconds were added to

allow for the full playback of the TOR audio, as comprehension of the AGTOR was only

possible if the complete message was heard. A further 1.5 second buffer was included to

accommodate potential latency due to varying internet connection quality.

In total, participants thus had eight seconds to scan the environment after the TOR was

initiated. This duration aligns with estimates from the conditional automated car driving

domain regarding the time needed to regain SA comparable to manual driving (Deng et

al., 2024). After these eight seconds, the environment was blanked out and participants

were presented with the questionnaires about the reason for the takeover or with the SAGAT

forms.

Each scenario featured a video sequence in the camera view area. These sequences were

created using the Unreal Engine (Epic Games, 2023) based editor of the train simulation
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game Train Sim World 4 (Dovetail Games, 2023). The visual environment shown in the

videos was custom-built to depict varied railway settings. Key variables included the type

of environment (urban vs. natural, flat terrain vs. valley, presence vs. absence of a river),

the number of tracks, and whether the tracks were electrified. To maintain consistency and

avoid confounding factors, no humans, level crossings, or related elements were included.

Additionally, due to licensing constraints, no other trains were depicted. Still images of all

scenarios with the reason for the takeover visible can be found in Appendix A.5.

The animations for the speedometer, train parameters and notifications were created using

animations in PowerPoint (Microsoft Corporation, 2024).

3.4 Participants

The required sample size for the study was calculated using G*Power (Faul et al., 2007)

through an a priori power analysis. The analysis aimed to achieve a statistical power of .80

to detect a medium effect size (f = .3) at the conventional alpha level of .05. This effect size

represents a best estimate based on findings from the automated car driving literature and

was considered appropriate for testing the main effect hypotheses of the study. It resulted

in a target sample size of 128 participants, of which 64 should be active train drivers. To

account for potential dropouts and unusable data, the recruitment goal was increased to 140

participants, with 70 of them being train drivers.

Participants were primarily recruited from the participant pools of the German Aerospace

Centre and the Human Factors department at the Technical University of Berlin. Other re-

cruitment methods included a newsletter, rail-related Reddit pages, and rail forums.

A total of 192 participants completed the study, which exceeded the target sample size. All

met the minimum screen resolution requirement of 800 × 450 pixels, ensuring correct display

of the environment. In addition, all participants successfully passed the audio and visual

system checks, as well as the comprehension checks for understanding the environment and

tasks (requiring at least 50% of test questions to be answered correctly). Furthermore, no

participants were excluded based on their relative completion speed indicator (RSI; Leiner,

2019), as none exceeded the threshold value of two, indicating that across all experiment

pages, no participant responded at a speed twice as fast as the median time. Eight participants

were excluded due to self-reported diligence of working on the study below 50%. A further

16 participants were excluded, because they had a median of more than 5 seconds for all

attention checks combined, or did not have a single trial where the attention check time was
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less than 5 seconds, meaning that they could potentially have missed any takeover reason

due to inattention. Finally, eight participants were removed due to missing data caused by

logging problems, resulting in a final sample of n = 160 participants.

This final sample was predominantly male (65.0%) and based in Germany (98.6%). Partic-

ipants had a mean age of 33.1 years (SD = 12.7), with ages ranging from 18 to 75. 48.8%

of the participants reported having only passenger-level railway knowledge. 26 participants

(16.3%) were active train drivers, and 16 (10.0%) were employed in other railway related

jobs. Two participants in the latter group held a valid train driving license and reported

driving trains at least 100 hours per year. Therefore, they were also included in the train

driver group, resulting in a total of 28 train drivers (17.5%). This number was lower than the

desired 64 train drivers. A detailed overview of the sample is provided in Table 3.

Table 3. Description of the sample.

Demographics Attributes M SD
Age 33.1 12.7

n %
Gender Female 54 33.8

Male 104 65.0

Other 2 1.3

Country Germany 158 98.8

Switzerland 1 0.6

Denmark 1 0.6

Rail experience None 10 6.3

Only as passenger 78 48.8

Advanced, but not professional 30 18.8

Professional, not (mainly) train driving 16 10.0

Professional, train driver 26 16.3

Railway Staff Train Driver 28 17.5

Traffic Controller 7 4.4

Operational Staff 6 3.8
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3.5 Data analysis

Data was analysed using R (v4.2.2; R Core Team, 2022) and Python (v3.12). Preprocessing

included calculating SAGAT, workload, usability and telepresence scores as well as coding

recognition performance and the importance ratings of the single SAGAT elements. The

experimental and questionnaire data were merged, and participants were excluded based on

the exclusion criteria stated in the previous section. Due to the randomized assignment,

slightly more participants were allocated to the AGTOR group (n = 81) than to the SWT

group (n = 79). Additionally, data from three participants in the ST block was not recorded,

resulting in a final sample of n = 157 for all analyses in the ST condition, compared to n =

160, in the no-task condition. A detailed overview over participants’ n for key variables in

the study can be found in Appendix A.7.

Subsequently, descriptive and then confirmatory analyses were conducted. Additionally, a

number of exploratory analyses were conducted. These included the variables age, subjective

SA, experience, ST performance, telepresence, usability, subjective difficulty of the ST, as

well as fun and diligence working on the study. Group differences were analyzed using

independent and paired samples t-tests. When the assumption of normality was not met, non-

parametric alternatives were applied: Wilcoxon rank-sum tests for comparisons between the

TOR and experience conditions, and Wilcoxon signed-rank tests for comparisons between

ST conditions (Wilcoxon, 1945). However, as these analyses were exploratory in nature, no

adjustment for multiple comparisons was performed. Consequently, the results should be

interpreted with caution and regarded as preliminary until they can be confirmed in future

studies.

For all inferential tests, the standard α error level of .05 was used. To conduct the confirma-

tory analyses, three models were specified. For models 1 and 3, mixed linear effects models

with random intercepts for each participant were fitted. For model 2, which included eight

binary outcome variables (whether the takeover reasons were correctly identified or not), a

generalized linear mixed-effects model was used. The models were specified as follows for

each observation i of participant j:

Model 1: SAGAT Scores (H1a, H5a, H6)

This model uses SAGAT scores for the ST and no-task condition as dependent variables.
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SAGATi j = α +β1 ·STi j +β2 ·TORi j +β3 ·Experiencei j +u j + εi j

Statistical implications:

• H1a: If β1 < 0, performing an ST will reduce SAGAT scores compared to the no-task

condition.

• H5a: If β3 > 0, train drivers will show higher SAGAT scores compared to non-train

drivers.

Model 2: Recognition performance (H1b, H3, H4, H5b, H6)

This model uses takeover reason recognition for the eight scenarios as dependent variables.

ln
(

P(Recognitioni j = 1)
1−P(Recognitioni j = 1)

)
= α +β1 ·STi j +β2 ·TORi j +β3 ·Experiencei j

+β4 · (STi j ×TORi j)+β5 · (TORi j ×Experiencei j)+u j

Statistical implications:

• H1b: If β1 < 0, performing an ST will reduce recognition compared to the no-task

condition.

• H3: If β2 > 0, participants in the AGTOR condition will show better recognition com-

pared to those in the SWT condition.

• H4: If β4 > 0, the improvement in recognition due to AGTORs is more pronounced

when an ST was previously performed.

• H5b: If β3 > 0, train drivers will have better critical recognition than non-train drivers.

• H6: If β5 < 0, the improvement in performance facilitated by the AGTOR condition

is stronger for non-train drivers compared to train drivers.

Model 3: Workload (H2)

This model uses the mean workload scores for the ST and no-task condition as dependent

variables.

Workloadi j = α +β1 ·STi j +β2 ·Experiencei j +β3 · (STi j ×Experiencei j)+u j + εi j
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Statistical implications:

• H2: If β1 > 0, performing an ST will lead to an increase in reported workload.

3.6 Preregistration

The study design, including all hypotheses, was pre-registered in the OSF prior to data col-

lection (Schackmann, 2025b). One deviation from the original protocol was made in the

data analysis of takeover reason recognition (model 2). The pre-registration stated that "All

of these models are constructed as mixed linear models with a set of fixed factors and a

random intercept for each participant.". However, this followed the idea that for each par-

ticipant, a sum score would be calculated for both experimental blocks, and thus these two

sum scores, which would have ranged from zero to four, would be compared. However, in

order to obtain a more adequate and precise analysis, it was considered more appropriate to

look at recognition for each one of the reasons, resulting in a total of eight binary measures,

grouped by ST condition into groups of four measures. This change required the statistical

analysis of model 2 to be performed using a logistic approach rather than a linear mixed

effects approach.

The preprocessed data set, containing data of 160 participants has been uploaded to the OSF

and is publicly available (Schackmann, 2025a). For data protection reasons, it does not

contain the variables age, gender, country of residence, professional railway experience and

the free text answers.

4 Results

Three main variables were examined in this study: SAGAT scores (model 1), takeover rea-

son recognition (model 2) and workload (model 3). For all models, including participant-

specific slopes in addition to random intercepts did not improve model fit, as indicated by

non-significant likelihood ratio tests (Model 1: χ2(1) = 0.09, p = .762; Model 2: χ2(1) =

0.21, p = .899; Model 3: χ2(1) = 0.14, p = .701).

In addition to these three measures, several additional variables were included to assess par-

ticipants’ responses to the novel remote environment and to explore other potential factors

influencing SA and workload. A comprehensive overview of the correlations among all

measured variables can be found in Appendix A.8.
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The results are presented in the following order: first, analyses of the control variables; sec-

ond, findings related to SA and workload, including the confirmatory analyses; and finally,

results concerning the evaluation of the remote environment.

4.1 Control variables

Age, attention checks and ST performance

Age was moderately to strongly associated with performance measures. Increasing age

was associated with less takeover reasons recognized (r = -.29, p < .001), worse ST per-

formance (r = -.39, p < .001) and higher median reaction times to the attention checks in

the no-task condition (r = .40, p < .001). These associations are depicted in Figure 10 us-

ing z-standardized values to facilitate visual comparison. Age was furthermore negatively

correlated with all three fatigue scores (r between -.30 and -.25; all p ≤ .001).
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Figure 10. Z-standardized values of four performance measures by age. Lines show
smoothed raw values.

To examine the level of inattention during the no-task condition, the median reaction time

across four attention checks was recorded. Participants with a median reaction time ex-

ceeding five seconds were excluded from the study. The remaining participants needed on

average 2.89 s (SD = 1.35 s) to respond to the attention checks. In addition to the posi-

tive correlation with age, higher median response times were associated with fewer takeover

38



reasons recognized (r = -.32, p < .001).

Furthermore, the percentage of correct answers in the VST was logged to capture individual

differences in participants’ performance on a visually demanding task and their level of en-

gagement. Overall, participants rated the difficulty of the VST as 5.3 (SD = 2.3) on a scale

from 1 to 10 and achieved a mean accuracy rate of 82.04% (SD = 9.46) across the 60 VST

trials. With regards to accuracy, only slight differences were observed between participants

in the AGTOR (M = 82.96, SD = 9.33) and SWT group (M = 81.08, SD = 9.57; W = 2735.0,

p = .226) , as well as between train drivers (M = 81.98, SD = 9.35) and non-train drivers (M

= 82.05, SD = 9.52; W = 1790.0, p = .872).

Fatigue, diligence and fun working on the study

To measure time-on-task effects, participants’ self-reported fatigue was measured using the

KSS (Åkerstedt and Gillberg, 1990; scale from 1 to 10) before the first experimental block,

between both blocks and after the second block. When comparing fatigue scores before and

after the ST and no-task condition, median fatigue increased by Mdn = 0.5 in each case.

Regardless of the condition, post-experiment fatigue scores (Mdn = 4) were, on a descriptive

level, slightly higher than both mid-experiment (Mdn = 3) and pre-experiment scores (Mdn

= 3), suggesting a slight increase in fatigue over the course of the study.

Finally, participants were asked how diligently they had worked on the study, and how en-

joyable they had found it. Participants reported an average self-rated diligence of 84.21%

(SD = 11.95%) while working on the study. However, this value is based on responses after

excluding participants who indicated working on the study with less than 50% diligence, as

part of the data preprocessing procedure. Those in the AGTOR group reported fractionally

higher diligence than those in the SWT group (MAGTOR = 85.30% vs. MSWT = 83.10%; W =

2803.5, p = .177), as did train drivers compared to non-train drivers (MTrainDriver = 85.31%

vs. MNon−TrainDriver = 83.98%; W = 1755.0, p = .678).

Regarding fun working on the study, participants stated a mean of 59.83% (SD = 26.89%),

but ratings differed greatly (Min = 0.5%, Max = 100%). Those in the AGTOR group rated

the study fractionally more fun than those in the SWT group (MAGTOR = 60.12% vs. MSWT

= 59.53%; W = 3103.5, p = .745), and train drivers more than non-train drivers (MTrainDriver

= 61.41% vs. MNon−TrainDriver = 59.49%; W = 1824.5, p = .918).
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4.2 Situational awareness

SAGAT scores

SA was measured threefold in this study. First, as a measure of level one SA, participants

completed a SAGAT questionnaire once per block, in which they were asked to fill in 16

items of information on a blanked version of the environment (see Section 3.2) and addition-

ally could rate the subjective importance of these items.

Across both conditions, a mean of 52.36% (SD = 11.90%) of the 16 SAGAT items were

answered correctly by the participants. All SAGAT score distributions are shown in Figure

11, and the percentages of correct responses along with the importance ratings for all 16

SAGAT items are provided in Appendix A.9.
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Figure 11. SAGAT distributions for the ST and no-task condition. Dashed lines and red
diamonds indicate mean values.

Grouped together, camera view items yielded the highest correct response rate (M = 73.96%,

SD = 34.69%), followed by train parameter items (M = 65.36%, SD = 24.34%), notification

items (M = 42.19%, SD = 34.10%) and train information items (M = 18.33%, SD = 24.13%).
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With regards to subjective importance, participants rated anomalies on the track as the most

important information (M = 72.81%, SD = 37.55%) and the fifth message entry as the least

important (M = 2.19%, SD = 11.69%). There was only a small correlation (r = .10, p = .18)

between recognition rates and importance ratings.

Confirmatory analyses of SAGAT scores were conducted using a mixed-effects linear regres-

sion (model 1; detailed results in Appendix A.10), which yielded a marginal R2 = .28 and

a conditional R2 = .51. This indicates that a substantial portion of the explained variance is

attributable to the participant-specific random intercepts. All main effects and distributions

for model 1 can be found in Figure 12.

There was a significant main effect of the ST condition on SAGAT scores (b = 5.46, p <

.001, r = 0.31), with participants achieving higher SAGAT scores in the ST (M = 55.06, SD

= 14.61) compared to the no-task condition (M = 49.65, SD = 14.49). The direction of this

effect was opposite to hypothesis 1a.
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Figure 12. Main effects on SAGAT scores and distributions. *** signifies p < .001.

No significant main effect was observed for the TOR condition (b = -2.22, p = .240, r = -.09),

with people in the AGTOR condition obtaining slightly lower SAGAT scores (MST = 54.30,

SDST = 14.84%; Mno−task = 48.46%, SDno−task = 14.74%) than those in the SWT condition

(MST = 55.84%, SDST = 14.42%; Mno−task = 50.87%, SDno−task = 14.21%).
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Contrary to hypothesis 5a, there was no significant main effect of experience (b = 3.51, p

= .160, r = .11), but train drivers achieved higher SAGAT scores than non-train drivers,

especially in the no-task (MTrainDriver = 54.46%, SDTrainDriver = 14.42%; MNon−TrainDriver =

48.63%, SDNon−TrainDriver = 14.35%) compared to the ST condition (MTrainDriver = 55.56%,

SDTrainDriver = 16.48%; MNon−TrainDriver = 54.95%, SDNon−TrainDriver = 14.26%). However,

this interaction (see Figure 13) was not tested in model 1.
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Figure 13. Interaction of ST condition and experience on SAGAT scores. Error bars signify
± SE.

Recognition performance

In addition to the SAGAT forms and to approximate a measure of level two SA, participants

were asked to select what they believed was the reason for each takeover from a predefined

list following every takeover sequence. This resulted in a total of eight possible reasons

identified: four in the ST block and four in the no-task block.

Across all conditions, participants averaged 5.32 (SD = 1.94) of the eight takeover reasons

correctly identified. An overview of the percentage of correct identifications for the eight

reasons can be found in Figure 14. Participants most frequently recognized the passenger

initiated emergency brake notification (M = 81.25%, SD = 39.15%) and least frequently
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recognized the friction parameter being in the critical range (M = 50.32%, SD = 50.16%).

Overall, recognition was higher for the notification-related takeover reasons (M = 75.63%,

SD = 33.16%), compared to the parameter-related (M = 65.00%, SD = 33.55%) and camera-

related takeover reasons (M = 61.88%, SD = 34.56%).
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Figure 14. Percentages of correct detection for the eight takeover reasons. Error bars
signify ± SE.

Confirmatory analyses of takeover reason recognition were conducted using a generalized

linear mixed-effects model (model 2; detailed results in Appendix A.10) based on the eight

binary reason detection variables. It yielded a marginal R2 = .05 and a conditional R2 = .26,

suggesting that a large proportion of the explained variance is attributable to the participant-

specific random intercepts. Odds ratios (ORs) for all tested variables are presented in Figure

15.

There was a main effect of the ST condition on takeover reason recognition (OR = 0.66, p

= .020, 95% CI [0.46, 0.94]), meaning participants were 34% less likely to recognize the

takeover reasons in the ST condition (M = 2.43 of the four reasons, SD = 1.17), compared to

in the no-task condition (M = 2.88, SD = 1.09). This result supports hypothesis 1b.
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Figure 15. Odds ratios regarding takeover reason recognition. Error bars signify ± 95% CI
limits.

Further, there was a significant main effect of the TOR condition on takeover reason recogni-

tion (OR = 2.18, p = .003, 95% CI [1.30, 3.67]). Irrespective of the ST condition, participants

in the AGTOR group were 118% more likely to recognize takeover reasons (M = 5.70, SD =

1.84) compared to those in the SWT condition (M = 4.94, SD = 1.97). This result supports

hypothesis 3.

There was no main effect for experience (OR = 0.91, p = .804, 95% CI [0.42, 1.98]), therefore

hypothesis 5b is rejected. On a descriptive level, train drivers recognized slightly more of

the takeover reasons (M = 5.44, SD = 2.14) than non-train drivers (M = 5.30, SD = 1.90).

There were no interaction effects between the ST condition and the TOR condition (OR =

0.65, p = .101, 95% CI [0.39, 1.09]), nor between experience and the TOR condition (OR =

1.20, p = .730, 95% CI [0.42, 3.46]). Therefore, hypotheses 4 and 6 are rejected.

Subjective SA

In addition to the two objective SA measures, subjective SA was assessed by asking partic-

ipants to rate their confidence in having understood the scenario and the state of the train.

This rating was collected three times per block following each takeover scenario, excluding

those followed by the SAGAT questionnaire.

Participants reported higher subjective SA in the no-task (Mdn = 8.33) compared to the ST
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condition (Mdn = 6.67; p < .001). In both ST conditions, subjective SA was positively

correlated with takeover reasons recognized (rST = .54, p < .001; rno−task = .58, p < .001).

Participants in the AGTOR group reported marginally higher subjective SA (M = 7.45, SD

= 1.79) than those in the SWT group (M = 7.22, SD = 1.76; W = 2898.5, p = .305). Only

a slightly higher subjective SA was also found for train drivers (M = 7.72, SD = 1.43),

compared to non-train drivers (M = 7.26, SD = 1.83; W = 1638.5, p = .348).

4.3 Workload

After each of the two blocks, workload was assessed using the DLR-WAT questionnaire

(Grippenkoven et al., 2018). For the confirmatory analyses, a mean score across five sub-

scales, each ranging from 1 to 200, was used. Across both ST conditions, participants had a

mean workload score of 126.92 (SD = 29.03), which was above the optimum workload level

of 100. Highest overall scores were obtained for the subscales workload due to time pressure

(M = 136.81, SD = 37.43) and workload due to information intake (M = 134.93, SD = 33.58).

The lowest scores were obtained for workload due to decision-making (M = 120.58, SD =

35.59) and workload due to knowledge retrieval (M = 118.21, SD = 41.87). Participants in

the SWT group had slightly lower overall workload scores (M = 125.78, SD = 30.06) than

those in the AGTOR group (M = 128.04, SD = 28.14; t(156.7) = -0.48, p = .625).

Confirmatory analyses of workload scores were conducted using a mixed-effects linear re-

gression (model 3; detailed results in Appendix A.10), which yielded a marginal R2 = .38

and a conditional R2 = .54. This indicates that a substantial portion of the explained variance

is attributable to participant-specific random intercepts. All main effects and distributions

for model 3 can be found in Figure 16.

As expected in hypothesis 2, working on an ST had a significant effect on workload (b =

15.32, p < .001, r = .43), leading to higher workload (M = 134.49, SD = 32.07) than in the

no-task condition (M = 119.35, SD = 32.84). This difference was most noticeable in the

workload due to information intake (M∆ST−NoTask = 6.45) and least in the workload due to

decision-making (M∆ST−NoTask = -0.35).

Train drivers had slightly lower workload scores (M = 123.92, SD = 28.55) than non train

drivers (M = 127.56, SD = 29.20), but this effect was not significant (b = -3.14, p = .643, r =

-.04). There was further no significant interaction between experience and the ST condition

(b = -1.00, p = .869).
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Frustration and subjective performance

Due to differences in scales, the subscales frustration with the task and subjective task ac-

complishment were excluded from the mean workload score used in the confirmatory anal-

yses (for further details, see Section 3.2). Frustration was higher in the ST (Mdn = 150.50)

compared to the no-task condition (Mdn = 142.50; p = .018), with both scores around mid-

point between optimal (100) and very frustrating (200). Regarding subjective task perfor-

mance, participants self-rated their performance in the ST condition (Mdn = 43.00) as worse

than in the no-task condition (Mdn = 60.5; p < .001), on a scale from very poor (1) to optimal

(100).

Subjective performance was negatively associated with frustration (r = -.57), but positively

correlated with SAGAT scores (r = .32), takeover reasons recognized (r = .46) and subjective

SA (r = .66). Frustration on the other hand was negatively associated with takeover reasons

recognized (r = -.42), subjective SA (r = -.53), usability (r = -.44) and fun working on the

study (r = -.32). Additionally, it was positively correlated with overall workload (r = .41).
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All correlations involving subjective performance and frustration reported in this paragraph

were significant at p < .001.

4.4 Evaluation of the remote environment

Because of the novelty of the online remote environment, usability was assessed at the end

of the study using the SUS (Brooke, 1996). Overall ratings for the remote environment were

favourable (M = 76.92, SD = 23.50; aggregated score from 0 to 100). Those in the SWT

group gave the environment a slightly higher rating (M = 78.73, SD = 23.49) than those in

the AGTOR group (M = 75.15, SD = 23.52; W = 3501.5, p = .303). For a comparison of the

subscale ratings for both TOR groups, see Figure 17. Train drivers (M = 77.05, SD = 21.80)

did barely differ in their usability ratings from non-train drivers (M = 76.89, SD = 23.93; W

= 1820.0, p = .902).
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Figure 17. Usability ratings for single items between both TOR groups. Negatively worded
items face downwards. Error bars signify ± SE.
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Furthermore, to measure the extent to which people felt immersed in the remote environment,

a telepresence questionnaire (Kim & Biocca, 1997) was included in the study. Participants

rated the level of immersion in the environment midway between not at all and fully im-

mersed (M = 2.28, SD = 0.86; mean score from 0 to 5). Ratings did barely differ between

the AGTOR (M = 2.37, SD = 0.85) and SWT group (M = 2.19, SD = 0.86; t(157.9) = -1.35,

p = .180) and train drivers (M = 2.31, SD = 0.92) and non-train drivers (M = 2.28, SD = 0.85;

t(37.3) = -0.19, p = .854).

5 Discussion

This thesis aimed to measure how engagement in STs affects SA in takeover situations and

workload in an RTO setting. Furthermore, it investigated whether AGTORs can help regain

SA faster. To measure the extent to which work experience facilitates SA build-up, a train

driver subsample was included.

Effects of the supplementary task

Engaging in an ST led to significantly fewer takeover reasons recognized, as was assumed

in hypothesis 1b. Surprisingly, however, participants achieved significantly higher SAGAT

scores in the ST condition compared to the no-task condition. This finding contradicts the

expected direction of the effect proposed in hypothesis 1a.

These findings are particularly interesting as they reflect both potential downsides and bene-

fits of introducing an ST. On one hand, they align with the assumption that an ST increases

task-switching costs thus reducing SA (Shi & Bengler, 2022; Weaver & DeLucia, 2022; Xu

et al., 2024), as indicated by lower recognition performance. On the other hand, they sup-

port previous research suggesting that an ST can enhance engagement, reduce fatigue, and

mitigate out-of-the-loop effects (Lu et al., 2021; Miller et al., 2015; Mishler & Chen, 2023),

which may explain the improved SAGAT scores observed in the study.

A possible explanation for these seemingly contradictory outcomes may lie in the distinct

levels of SA targeted by each measure. SAGAT scores primarily reflect level one SA, namely,

the perception of the elements in the environment. In contrast, recognition performance may

better represent level two SA, which involves understanding the significance of those ele-

ments. Therefore, the ST may have hindered the development of level two SA by impairing

deeper cognitive integration, while simultaneously supporting level one SA by maintaining
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perceptual engagement with the environment. This interpretation fits with theories of task

switching, which suggest that switching between tasks with different cognitive demands can

disrupt higher-level cognitive processing (Vandierendonck et al., 2010).

A possible approach to reducing task-switching costs could involve either incorporating a

brief pause between the ST and the monitoring task or integrating a preview of the impending

takeover within the ST itself (Vandierendonck et al., 2010; Xu et al., 2024). This could be

achieved by using multistage TORs that gradually hand over control to the human rather than

doing so immediately (Liu et al., 2023). Such measures may provide the TO with additional

time for cognitive reconfiguration, thereby mitigating residual cognitive interference from

the preceding task (Vandierendonck et al., 2010). However, given the time-critical nature of

many takeover scenarios, implementing these strategies in practice may prove challenging.

Nonetheless, future research could place greater emphasis on applying principles from task-

switching theory to the RTO context.

Another explanation for these findings is that the visibility of the event that triggered the TOR

was limited to a short five-second timeframe, whereas participants had more time (three ad-

ditional seconds) to scan the entire environment after the takeover reason had disappeared.

Thus, the ST might, as expected, have caused initial task-switching costs, impairing per-

formance during the crucial first seconds post-TOR and reducing the ability to identify the

cause of the takeover. However, once the initial switching cost was overcome, the ST may

have promoted more holistic scene perception by increased engagement in contrast to the

no-task condition, where performance remained more stable but possibly at a consistently

lower level throughout the available timeframe.

Following this reasoning, participants who initially missed the takeover reason may have

continued to search the environment more thoroughly, aware that identifying it was cru-

cial. Consequently, they remained highly cognitively engaged throughout the timeframe and

scanned the environment more effectively. Since more takeover reasons were missed in the

ST condition, this effect might have led to the increased SAGAT scores compared to the no-

task condition. Interestingly, participants subjectively rated their SA as higher in the no-task

condition. This may suggest that recognizing the takeover reason was (correctly) perceived

as the most critical aspect of the task and, consequently, was more strongly associated with

subjective SA ratings than the SAGAT scores, which is supported by the observed correla-

tions.

Both the assumption of increased task-switching costs and heightened engagement align

49



with the finding that, as expected in hypothesis 2, working on an ST was associated with

significantly higher workload values. However, in both conditions, workload levels exceeded

the optimal range and leaned into the overload area of the DLR-WAT (Grippenkoven et al.,

2018). Participants reported the highest workload for the dimensions of time pressure and

information intake, while knowledge retrieval was rated as least demanding.

These results suggest that the experimental setup was successful in conveying the time-

critical nature of identifying the takeover reason and building up SA. Nonetheless, it had

been expected that workload levels in the no-task condition would fall closer to the under-

load range, because of the monotonous nature of the monitoring task (Endsley, 2021). One

possible explanation is that the novelty of the task and environment may have been somewhat

overwhelming for participants. This interpretation is supported by usability ratings, which,

while generally positive, indicated that participants found the environment to be somewhat

complex and cumbersome to use.

Furthermore, the relatively short duration of the experiment (each block lasting approxi-

mately ten minutes) and the limited total number of eight trials may not have allowed par-

ticipants to fully familiarize themselves with the environment and task, potentially inflating

workload ratings. This is further reflected in the fatigue ratings, which remained relatively

stable throughout the study. Future research should explore longer-term engagement with

the system and the TO role to assess whether workload levels stabilize over time, potentially

shifting toward more optimal or even underload conditions.

Nevertheless, even without extensive training or habituation to the environment and, in the

case of non-train drivers, without prior domain-specific experience, participants in the study

were able to recognize over 66% of takeover reasons overall, and 71% when assisted by

AGTORs. While these recognition rates would likely fall short of the requirements for a

real-world RTO setting, they suggest that the environment design already offers a solid foun-

dation. With the integration of additional support measures, such as the ability to replay

camera footage, extended detection timeframes, and structured training, recognition perfor-

mance could effectively reach operationally acceptable levels.

Effects of AGTORs

Hypothesis 3 proposed that AGTORs would help participants direct their attention toward

the most critical element of the scene, i.e. the takeover reason, first. This assumption was

supported by the significantly higher number of takeover reasons recognized in the AGTOR

50



condition compared to the SWT condition.

This finding supports the idea that AGTORs convey more information, namely guidance to-

ward the location of the relevant event, compared to SWTs, which simply indicate the need

to take over without offering contextual cues (Liu et al., 2023). However, while AGTORs

improved recognition performance, they did not significantly affect SAGAT scores. In fact,

participants in the AGTOR group exhibited slightly lower SAGAT scores than those in the

SWT group, although this difference was not statistically significant. If understanding the

takeover reason is indicative of level two SA, then it is possible that the AGTOR helped

establish level two SA first, at the expense of slightly impaired level one SA. This fits the

conceptualisation of SA being able to develop in a non-linear, top-down way (Endsley, 2015).

It could also suggest a mild attentional tunnelling effect, where maintaining attention on a

specific area of the environment may come at the cost of reduced overall SA (Endsley, 2021).

Still, since the additional information outside the primary cause of the TOR was considered

less crucial, this potential trade-off might not necessarily be a safety-critical detriment in

practice.

This finding also raises a broader and perhaps more fundamental question, namely whether

traditional SA, as defined by Endsley (1995), is the most appropriate model to apply to the

RTO context. In conditionally automated car driving, regaining comprehensive SA should,

for instance, include the vehicle’s speed, surrounding traffic and road environment in order

to understand the car’s current and anticipated states and to determine what actions might be

necessary for a safe takeover (Tan & Zhang, 2025). In contrast, the operational demands of

GoA3 and GoA4 level train driving differ significantly. Lateral control is inherently managed

by the train running on tracks and longitudinal control during emergencies is unlikely to be

required, as the onboard systems will have already initiated an emergency brake (Naumann

& Thomas-Friedrich, 2024).

Thus, RTO might align more closely with the concept of distributed SA (Stanton et al., 2006),

which suggests that in complex and dynamic environments, SA is not the sole responsibility

of an individual, but rather emerges from the interaction of all human and system components

involved in the operation. In this framework, successful system performance relies on the

quality of information sharing and integration, rather than the comprehensive SA of any

single operator.

Consequently, a holistic and fast restoration of SA may be helpful but less crucial for TOs.

Instead, it may be sufficient for the TO to quickly understand the cause of the TOR, par-
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ticularly in scenarios where coordination with dispatchers or intervention in a wider system

context is necessary (e.g., alerting other TOs or stopping all trains in the same sector). Man-

ual control might then be resumed with more delay, meaning that a slower SA build-up might

not be an issue. From this standpoint, AGTORs may be particularly well suited to the RTO

context. If the primary goal of the TO is to quickly understand and communicate the rea-

son for the TOR, it might be especially useful to orientate them rapidly to the most critical

elements without overburdening them with unnecessary detail.

Contrary to hypothesis 4, the benefit of AGTORs in improving recognition performance

was not influenced by the presence of an ST. Instead, participants in the AGTOR group

outperformed those in the SWT group consistently across both ST conditions.

Since the ST condition led to fewer recognized takeover reasons overall, further refinement

of AGTORs may help improve recognition to levels comparable to the no-task condition.

This might be achieved by increasing the level of detail in the information the AGTOR

conveys. For instance, instead of the AGTOR guiding attention to the camera view, it could

specifically indicate the location within the video stream and the system’s classification of

the obstacle. Yet, since semantic information is specifically prone to impose information

processing demands on the TO (Liu et al., 2023), a balance needs to be found between

providing as much information as possible, while keeping workload levels close to optimum.

It might also be helpful to inform the TO of the trains’ states even in times of routine perfor-

mance. This could either be done via short status updates that are presented to the TO either

visually or acoustically or by having the TO resume manual control of a train occasionally

for short periods of time, even when no TOR has been issued. This is already done in GoA2

in the Paris metro system, where operators are required to drive manually from time to time

(Fourtune & Butruille, 2016).

Another approach to improve AGTORs might be to incorporate additional modalities, thus

creating information redundancy to support adapting to varying TO states and ST demands

(Yoon et al., 2019). For example, this could involve adding a visual element, such as a

bounding box around an unidentifiable obstacle, or accentuating the relevant area within the

remote environment to make it more salient (Grippenkoven et al., 2020). However, such

enhancements must strike a careful balance between guiding the TO’s attention effectively

and avoiding attentional tunnelling.

It is important to note that this study deliberately employed a perfectly reliable system for

the AGTORs to avoid overwhelming participants who were unfamiliar with the environ-
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ment and task. However, real-world systems will inevitably face limitations due to the sheer

number and variability of possible scenarios. In such conditions, there is a risk that TOs

may become overly reliant on the AGTORs, leading to complacency (Endsley, 2021). As

a result, they might place excessive trust in the ATO system’s identification of the takeover

reason and become insensible to possible errors. This issue may be aggravated by AGTORs

due to their higher acceptance ratings and favourable assessments, as evidenced in previous

studies (Bazilinskyy et al., 2018; Brandenburg & Epple, 2019). Therefore, future research

should examine the effects of AGTOR unreliability on TO performance and SA, especially

in relation to acceptance and trust.

Influence of driving experience

Because experience has been shown to influence the efficiency of SA development in other

domains (Endsley, 2006), a subsample of train drivers was included in the study. Contrary

to hypothesis 5a, train drivers did not exhibit significantly higher SAGAT scores compared

to non-train drivers. However, even though not statistically significant, train drivers outper-

formed non-train drivers in the no-task condition, but achieved nearly identical scores in the

ST condition. This may reflect train drivers’ habituation to prolonged periods of low-demand

monitoring, which was part of the no-task condition, but not present in the ST condition.

However, assuming that the integration of an ST into the TO role is inevitable, due to its

benefits in enhancing job attractiveness, ergonomics, and overall RTO system efficiency

(Grippenkoven et al., 2020; Thomas-Friedrich et al., 2024a), the observed advantage of train

drivers under passive monitoring conditions may become less relevant in practice.

Furthermore, contradictory to hypothesis 5b, train drivers did not outperform non-train drivers

in recognizing takeover reasons, with only marginal differences observed. Consistent with

this, but contrary to hypothesis 6, AGTORs did not provide significantly greater benefits

for non-train drivers compared to train drivers. A possible explanation might be that spe-

cific expertise of train drivers, such as familiarity with failure types or train displays, did

not effectively transfer to the experimental remote environment. Previous research suggests

that experience influences SA development primarily through existing schemata and mental

models (Endsley, 2006, 2021). In this study, the remote environment, although somewhat

similar to an actual train environment, may have been presented in a too spatially condensed

and simplified format, and thus may have disabled the activation of these mental models.

This dissimilarity may also be attributed to the simple scenarios and takeover reasons. This
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simplification was necessary to avoid systematic disadvantages for non-train drivers, who

would have been unable to understand complex train-specific cues without acquiring prior

domain knowledge.

Additional findings

A number of additional findings emerged from this study. Notably, increasing age was as-

sociated with lower recognition rates of takeover reasons and lower performance in the ST.

The observed differences might reflect slower initial adaptation to the new environment and

task compared to younger participants, who may be more familiar with technology-rich en-

vironments. Lower recognition rates for older participants are also consistent with previous

research linking ageing to declines in SA, particularly due to declines in visual attention ca-

pacity (Caserta & Abrams, 2007). Thus, the combined demands of the ST and takeover task

may have overwhelmed the attentional resources available to older individuals in the sample.

Similarly, age-related reduced inhibition of task demands (Caserta & Abrams, 2007) when

switching from the ST to monitoring the environment may have led to recognition deficits.

The influence of age might have been underestimated in this study and requires further in-

vestigation. In other safety-critical domains such as air traffic control, age restrictions are

already in place to address similar age-related declines in key cognitive abilities such as vig-

ilance and visual attention (Broach & Schroeder, 2005). This issue may become particularly

relevant in the future, as a substantial proportion of TOs could be recruited from the current

pool of train drivers. Among this group, a significant percentage are of higher age: specifi-

cally, 40% of German train drivers were aged 50 or over in 2022 (Statista, 2025). Solutions

to mitigate these effects in RTO contexts might include more frequent breaks (Feldhütter

et al., 2019), or tailoring support systems such as AGTORs to the specific needs of different

age and experience groups (Liu et al., 2023).

Another notable finding was that performance in the ST showed a strong association with

the number of takeover reasons recognized. This may reflect higher general engagement or

attentional investment in the study. However, the correlation with SAGAT scores was min-

imal, suggesting that enhanced ST performance may be more indicative of superior visual

attention and the ability to allocate attentional resources effectively. This interpretation is

further supported by the substantial variance in each model explained by individual inter-

cepts, indicating strong differences in baseline performance across participants. It highlights

the importance of considering individual differences in cognitive capabilities in the selection
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and training of TOs.

Besides these findings, response patterns in the SAGAT answers, revealed concerns regard-

ing safety culture. When participants answered incorrectly, they predominantly selected the

option indicating that no deviation from the ideal system state was present. They rarely chose

either the “I don’t know” option or (falsely) indicated an anomaly. This pattern suggests

that when operators report no issue, because they failed to recognize an anomaly, critical

safety-relevant information may be overlooked. One potential countermeasure could be to

restructure the questions or report forms so that operators are first asked whether they are

confident in their knowledge of the system state before being allowed to give a definitive

answer.

This would also require fostering a culture that normalizes uncertainty and encourages trans-

parency about unknowns and errors, which may help reduce the likelihood of complacency

(Wiegmann et al., 2004). Emphasizing critical evaluation of received information and pro-

moting a judgment culture that values cautious reporting over confident but incorrect assess-

ments could thus enhance operational safety.

5.1 Limitations

This study employed a novel approach to assess SA and workload in an online RTO envi-

ronment through a dynamic and interactive online setup. While this design allowed for the

inclusion of a relatively large and diverse sample, several limitations should be noted.

First, the ATO system was implemented with perfect reliability and did not produce any false

alarms or, in the case of AGTORs, incorrect guidance. However, automation reliability has

been shown to significantly impact operator performance and attention allocation (Onnasch,

2015). Future research should therefore examine how varying levels of reliability, including

system errors or ambiguous cues, might affect operator behaviour and SA.

Second, the proportion of train drivers in the sample was lower than originally intended. Al-

though efforts were made to achieve a balanced sample, the relative scarcity of train drivers

and the difficulty of recruiting them posed significant challenges. As a result, the poten-

tial influence of previous experience may have been underestimated in this study and may

not have allowed for statistically significant results. Future studies with larger samples of

professional train drivers are needed to explore these effects in more depth.

Additionally, while the displays in the remote environment were designed to resemble those

of conventional train systems, the simplified format used in the study may have limited the
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applicability of professional experience. Although this approach was necessary to avoid dis-

advantaging participants without railway-specific knowledge, the simplified representation

may have reduced the extent to which train drivers’ skills could be transferred to the task.

Thus, future research could employ more detailed and realistic environments.

Conducting the study online also meant that full experimental control could not be ensured.

Although this design was chosen to obtain a larger sample, it introduced variability in partic-

ipants’ technical setups and surroundings. Nonetheless, several measures were implemented

to address this, including technical compatibility checks, extended training procedures, at-

tention checks, and the exclusion of participants who showed low engagement or inattention.

In addition, the overall duration of the study was relatively short to reduce participant dropouts.

However, this short duration may have limited the ability to observe effects such as monotony

or fatigue, both of which are likely to be relevant in real-world RTO scenarios. Additionally,

experience and continuous exposure to AGTORs have been found to improve SA (Roche et

al., 2018), suggesting this might be a promising focus for future studies, that employ longer

time-on-task periods.

Finally, cultural differences between rail systems may limit the generalizability of the study’s

findings beyond the context of Germany. This applies both to features, such as infrastructure

or signal design, and to differences in safety culture and train driver training. However, this

limitation may be somewhat mitigated by the fact that a substantial proportion of participants

lacked specific knowledge of railway systems in the first place.

Nevertheless, future research should include studies in other countries and cultural contexts

to better understand the influence of varying safety cultures and operational demands on

RTO.
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6 Conclusion

As automation progresses toward GoA3 and GoA4, the train driver’s role will transform

from being physically present on the train to serving as a TO responsible for monitoring

multiple trains within a control area (Naumann & Thomas-Friedrich, 2024). This transition

introduces new challenges, including risks of monotony, fatigue, and a subsequent decline in

SA (Thomas-Friedrich et al., 2024a).

This study extends existing literature by addressing key human factors challenges in the

scarcely researched context of RTO. Using both objective and subjective SA measures in a

dynamic online environment with a diverse sample, it offers insights into the TO’s role as a

crucial fallback layer.

Engaging in an ST led to fewer correctly identified takeover reasons, suggesting initial task-

switching costs, but was also associated with higher SAGAT scores and increased workload.

This pattern indicates that while the ST may impair visual attention and recognition in the

first seconds following a TOR, it may simultaneously promote overall engagement and sup-

port a more comprehensive perception of the environment. Interestingly, AGTORs were

effective in mitigating the detrimental effects of the ST by directing attention toward the

takeover reason first, thereby improving recognition performance. These findings suggest

that AGTORs hold promise as supportive tools in future RTO environments, as they may

effectively help TOs regain situation understanding following a TOR quickly, even when a

demanding ST has been performed beforehand.

Contrary to expectations, prior train driving experience did not lead to improved SA, except

for a slight advantage in SAGAT scores during the passive monitoring (no-task) condition.

This may be attributed to the simplified and abstract nature of the simulated environment,

which may not have sufficiently resembled real-world conditions to activate train driving

specific knowledge, as well as the lower than intended proportion of train drivers in the

sample.

Taken together, these findings highlight the importance of integrating human factors into the

design of automated railway systems. If TOs are to serve as a reliable fallback layer in unan-

ticipated situations, system and task design must support rapid SA recovery and sustained

engagement. Future research should focus on more realistic remote environments, effects of

system unreliability, extended time-on-task, and more systemic perspectives on SA.
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Usage of AI Tools

The following AI tools have been used in the work on this study and thesis, and for the fol-

lowing purposes:

DeepL Translate2

• Translation of text from German to English

• Language refinement and vocabulary enhancement

DeepL Write3

• Sentence restructuring for improved clarity and flow

• Grammar and style checks

OpenAI’s ChatGPT4

• Support with JavaScript and HTML code for the setup of the experimental framework

• Assistance with Python scripting to preprocess experimental data exported from lab.js

• Support with R code to preprocess and merge experimental and survey data

• Language refinement and coherence improvement, including rewording existing con-

tent (no original content was generated)

2https://www.deepl.com/de/translator
3https://www.deepl.com/de/write
4https://chatgpt.com/
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A Appendix

A.1 Karolinska Sleepiness Scale (Åkerstedt & Gillberg, 1990)

Translated to German

Wie schläfrig fühlen Sie sich in diesem Moment? Kreuzen Sie bitte Zutreffendes an.

1. äußerst wach

2. sehr wach

3. normal wach

4. ziemlich wach

5. weder wach noch schläfrig

6. schläfrig

7. schläfrig, ohne Mühe wach zu bleiben

8. schläfrig, etwas Mühe wach zu bleiben

9. sehr schläfrig, große Mühe wach zu bleiben

10. äußerst schläfrig, kann nicht wach bleiben

A.2 DLR-WAT (Grippenkoven et al., 2018)

Bitte beurteilen Sie Ihre Beanspruchung infolge der aktuellen Aufgabe anhand der folgenden
Kriterien. Die aktuelle Aufgabe umfasst alles, was Sie gerade im Vollbildmodus bearbeitet
haben.

1. Wie sehr waren Sie während der Gesamtaufgabe durch Informationssuche- und Auf-
nahme beansprucht?

2. Wie sehr waren Sie durch den Abruf von relevantem Wissen während der Bearbeitung
der Gesamtaufgabe beansprucht?

3. Wie sehr wurden Sie durch Entscheidungsfindung und Handlungsauswahl während
der Gesamtaufgabe beansprucht?

4. Wie sehr waren Sie durch die Gesamtaufgabe motorisch und körperlich beansprucht?

5. Wie sehr haben Sie sich durch die Gesamtaufgabe unter Zeitdruck gefühlt?

6. Wie sehr mussten Sie sich anstrengen (geistig und körperlich) um Ihre Leistung in der
Gesamtaufgabe zu erbringen?

7. Wie frustriert haben Sie sich während der Bearbeitung der Gesamtaufgabe gefühlt?

8. Wie beurteilen Sie Ihre Leistung in der Bewältigung der Gesamtaufgabe?
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A.3 Telepresence questionnaire (Kim & Biocca, 1997)

Adapted and translated to German

Bitte beantworten Sie die folgenden Fragen:

1. Als die Aufgabe zu Ende war, hatte ich das Gefühl, nach einer Reise in die „reale
Welt“ zurückzukehren.

2. Die virtuelle Umgebung kam zu mir und schuf eine neue Welt für mich, und diese Welt
verschwand plötzlich, als die Aufgabe beendet war.

3. Während der Aufgabe hatte ich das Gefühl, mich in der von der Umgebung geschaf-
fenen Welt zu befinden.

4. Während der Aufgabe habe ich niemals vergessen, dass ich mich mitten in einem
Experiment befand.

5. Während der Aufgabe befand sich mein Körper im Raum, aber gedanklich war ich in
der von der virtuellen Umgebung geschaffenen Welt.

6. Während der Aufgabe war die virtuelle Umgebung für mich realer oder präsenter als
die „reale Welt“.

7. Die virtuelle Umgebung erschien mir nur als „etwas, das ich gesehen habe“, und nicht
„etwas, wovon ich ein Teil war“.

8. Während der Aufgabe war ich mit meinen Gedanken in der realen Welt und nicht in
der von der virtuellen Umgebung geschaffenen Welt.
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A.4 System Usability Scale (Brooke, 1996)

Translated to German

Bitte beurteilen Sie noch die gerade genutzte Arbeitsumgebung anhand der folgenden Aus-
sagen. Wichtig: Die Nebenaufgabe ist NICHT Teil der Arbeitsumgebung und sollte nicht in
die Bewertung miteinfließen.

1. Ich denke, ich würde die Arbeitsumgebung gerne häufiger benutzen.

2. Ich finde die Arbeitsumgebung unnötig komplex.

3. Ich finde, die Arbeitsumgebung ist einfach zu benutzen.

4. Ich denke, ich würde die Unterstützung einer erfahreneren Person brauchen, um in der
Lage zu sein, die Arbeitsumgebung zu benutzen.

5. Ich finde, die verschiedenen Funktionen in dieser Arbeitsumgebung sind gut integriert.

6. Ich denke, es gibt zu viele Inkonsistenzen in dieser Arbeitsumgebung.

7. Ich könnte mir vorstellen, dass die meisten Leute sehr schnell lernen würden mit dieser
Arbeitsumgebung umzugehen.

8. Ich fand die Arbeitsumgebung sehr schwerfällig im Gebrauch.

9. Ich fühlte mich sehr sicher bei der Benutzung der Arbeitsumgebung.

10. Ich musste eine Menge lernen, bevor ich mit dieser Arbeitsumgebung zurechtkam.
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A.5 Overview of all scenarios with corresponding reasons for the TOR.

(1) Line-side fire

(2) Cow close to track
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(3) Container on the opposite track

(4) Pallets on the opposite track
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(5) Friction in critical range

(6) Temperature in critical range
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(7) Passenger-initiated emergency brake

(8) Balise maintenance
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A.6 Form to fill in the reason for the takeover
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A.7 Participants’ n for key variables in the study.

Variable Group n included
ST condition ST 157

no-task 160

TOR condition AGTOR 81

SWT 79

Train driver (yes) AGTOR 16

SWT 12

ST 27

no-task 28

Workload ST 160

no-task 160

Subjective SA ST 157

no-task 160

Usability ST 160

Telepresence ST 160

Fun & Diligence ST 160
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A.8 Correlation table of all variables used in the study.

−1

−0.8

−0.6

−0.4

−0.2

0

0.2

0.4

0.6

0.8

1

A
ge

C
ri

ti
ca

l r
ea

so
ns

 r
ec

og
ni

se
d

D
ili

ge
nc

e

E
xp

er
ie

nc
e

F
un

K
SS

 b
ef

or
e

K
SS

 e
nd

K
SS

 m
id

dl
e

M
dn

 R
T

 t
o 

at
te

nt
io

n 
ch

ec
k

M
ea

n 
fr

us
tr

at
io

n

M
ea

n 
SA

G
A

T
 s

co
re

M
ea

n 
su

bj
ec

ti
ve

 p
er

fo
rm

an
ce

M
ea

n 
w

or
kl

oa
d

ST
 d

iff
ic

ul
ty

ST
 p

er
fo

rm
an

ce

Su
bj

ec
ti
ve

 S
A

T
el

ep
re

se
nc

e 
sc

or
e

U
sa

bi
lit

y 
sc

or
e

Age

Critical reasons recognised

Diligence

Experience

Fun

KSS before

KSS end

KSS middle

Mdn RT to attention check

Mean frustration

Mean SAGAT score

Mean subjective performance

Mean workload

ST difficulty

ST performance

Subjective SA

Telepresence score

Usability score

−0.29

 0.02

−0.01

 0.18

−0.25

−0.30

−0.26

 0.40

 0.10

−0.20

−0.19

 0.14

 0.21

−0.39

−0.08

−0.01

−0.07

 0.21

 0.04

 0.20

 0.01

−0.02

 0.07

−0.34

−0.44

 0.24

 0.46

−0.24

−0.02

 0.48

 0.54

 0.06

 0.18

 0.06

 0.14

−0.04

−0.03

−0.02

−0.06

−0.17

−0.02

 0.20

 0.09

 0.03

 0.02

 0.22

 0.04

 0.08

 0.14

−0.06

−0.09

−0.04

 0.05

−0.19

 0.17

 0.27

−0.09

 0.16

−0.06

 0.13

 0.14

 0.15

−0.08

−0.16

−0.15

−0.02

−0.32

 0.18

 0.22

−0.01

 0.13

 0.10

 0.23

 0.23

 0.28

 0.71

 0.71

−0.01

 0.09

−0.03

−0.08

−0.01

−0.06

−0.03

−0.12

 0.08

 0.09

 0.87

−0.10

 0.12

 0.03

−0.04

 0.00

−0.13

 0.00

−0.11

 0.02

 0.09

−0.11

 0.08

 0.04

−0.01

−0.02

−0.07

−0.02

−0.03

 0.04

 0.13

 0.20

−0.17

−0.20

 0.29

 0.12

−0.29

−0.19

 0.06

−0.10

−0.30

−0.57

 0.41

−0.01

−0.23

−0.53

 0.08

−0.44

 0.32

−0.16

 0.05

 0.08

 0.27

 0.09

 0.29

−0.39

 0.02

 0.20

 0.66

 0.05

 0.34

 0.10

−0.04

−0.35

 0.21

−0.29

−0.29

 0.01

 0.13

 0.21

 0.09

−0.14

−0.15

 0.12

 0.32  0.14

Note. Ellipses indicate direction and strength of association. Numbers are Pearson’s r corre-
lations.

79



A.9 Single SAGAT items’ recognition rates and importance ratings
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A.10 Results of the analyses of all statistical models

Results of the analysis of model 1.

b 95% CI t p

Intercept 50.158 47.146 – 53.170 32.681 < .001∗∗

ST 5.461 2.848 – 8.075 4.101 < .001∗∗

AGTOR -2.219 -5.912 – 1.475 -1.179 .240

Train Driver 3.505 -1.365 – 8.375 1.413 .160

Marginal R2 = .283 Conditional R2 = .512
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Results of the analysis of model 2.

Odds Ratios 95% CI z p

Intercept 2.121 1.493 – 3.015 4.192 < .001

NDRT 0.658 0.462 – 0.936 -2.329 .020

AGTOR 2.182 1.299 – 3.666 2.948 .003

Train Driver 0.906 0.416 – 1.975 -0.248 .804

NDRT × AGTOR 0.649 0.388 – 1.088 -1.641 .101

AGTOR × Train Driver 1.204 0.419 – 3.462 0.345 .730

Marginal R2 = .046 Conditional R2 = .255

Results of the analysis of model 3.

b 95% CI t p

Intercept 119.902 114.345 – 125.460 42.345 < .001

NDRT 15.319 10.342 – 20.296 6.041 < .001

Train Driver -3.143 -16.428 – 10.142 -0.464 .643

NDRT × Train Driver -1.003 -12.900 – 10.894 -0.165 .869

Marginal R2 = .377 Conditional R2 = .536
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