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ARTICLE INFO ABSTRACT

Keywords: This Horizon2020-funded driving simulator-based study on automated driving investigated the
Mental Workload effect of different car-following scenarios, and takeover situations, on drivers’ mental workload,
Car-following as measured by eye tracking-based metrics of pupil diameter and self-reported workload ratings.
gz]:;) Z:fneter This study incorporated a mixed design format, with 16 drivers recruited for the SAE Level 2 (L2;
Gaze SAE International, 2021) automation group, who were asked to monitor the driving and road

environment during automation, and 16 drivers in the Level 3 (L3) automation group, who
engaged in a non-driving related task (NDRT; Arrows task) during automation. Drivers in each
group undertook two experimental drives, lasting about 18 min each. To manipulate perceived
workload, difficulty of the driving task was controlled by incorporating a lead vehicle which
maintained either a Short (0.5 s) or Long (1.5 s) Time Headway (THW) condition during auto-
mated car-following (ACF). Each ACF session was followed by a subsequent request to takeover,
which happened either in the presence or absence of a lead vehicle. Results from standard de-
viation of pupil diameter values indicated that drivers’ mental workload levels fluctuated
significantly more when monitoring the drive during L2 ACF, compared to manual car-following
(MCF). Additionally, we found that drivers’ mental workload, as indicated by their mean pupil
diameter, increased steeply around takeovers, and was further exacerbated by the presence of a
lead vehicle during the takeovers, especially in the Short THW condition, for both groups. Pupil
diameter was found to be sensitive to subtle variations in mental workload, and closely resembled
the trend seen in self-reported workload ratings. Further research is warranted to assess the
feasibility of using eye-tracking-based metrics along with other physiological sensors, especially
in real-world settings, to understand whether they can be used as real-time indicators of drivers’
mental workload, in future driver state monitoring systems.

Visual attention

1. Introduction

With the recent push towards more automated control of vehicles, human-factors research into how this affects driver state has also
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gained momentum. However, we are still a long way from achieving full autonomy of the driving task, where drivers are not required
to intervene at all. Especially for automation levels that require some form of driver intervention, such as SAE Level 2 (L2) or Level 3
(L3; SAE International, 2021), drivers are required to have appropriate “readiness levels” (Gold et al., 2016; Zeeb et al., 2016) to safely
resume control of the vehicle, when the system reaches limiting criteria, based on its Operational Design Domain, or when an un-
expected event/fault causes the automated system to relinquish control to the driver (Mioch et al., 2017; Parasuraman et al., 2008).

Inappropriate levels of driver workload (underload or overload) can influence drivers’ performance, safety, and readiness, espe-
cially when they have to resume manual control of an automated vehicle (Dogan et al., 2019; Parasuraman et al., 2008). Mental
workload is described as the relation between the mental resources demanded by a task/activity, and an individual’s information
processing capacity, or the mental resources that are available to be supplied to the driver (de Waard, 1996; Parasuraman et al., 2008).
Mental workload and task performance follow a complex and ‘inverted U-shape’ relationship (Bruggen, 2015; de Waard, 1996).
Drivers have limited cognitive resources at their disposal, including a central resource pool that is used to perform all tasks (Kahneman,
1973), and additional multiple resources (such as visual or auditory), that are utilised, based on the task demand and modality
(Wickens, 1984). The size of this resource pool can vary in capacity, based on the task demand (Young & Stanton, 2002). For example,
exceptionally low workload levels (underload), resulting from low task demand, and/or the monotony imposed by automation, can
reduce drivers’ vigilance, or ability to maintain sustained attention (Young & Stanton, 2002). This also reduces drivers’ ability to
detect or perceive risk/hazards, resulting in deteriorating performance of the driving task, if and when drivers are required to resume
control of the vehicle (Heikoop et al., 2019). Similarly, very high workload (overload) and increased demand from a competing task,
such as engaging in a demanding non-driving related task (NDRT), can also result in a performance decrement, because drivers’
physical and mental attention is taken away from the primary driving task (Gold et al., 2015; Zeeb et al., 2016). Therefore, in order to
successfully resume control from automation and maintain appropriate readiness levels, drivers should maintain moderate workload
and arousal levels, to reduce the likelihood of driving errors (Bruggen, 2015; de Waard, 1996). This paper focuses on understanding
how drivers’ mental workload is influenced by a series of car-following situations in manual and automated driving, and takeover
scenarios after automation, in a simulator-based study on automated driving (SAE L2 and L3), investigating whether eye-based metrics
can be used as an objective, non-invasive, indicator of drivers’ mental workload.

Studies that have compared drivers’ mental workload between monitoring the drive during automation and manual driving,
suggest that drivers had similar levels of mental workload, and did not experience automation-induced underload during a monitoring
phase of the drive, compared to manual driving (Lohani et al., 2020; Stapel et al., 2019). However, these studies measured average
workload over a ~30-minute time window, and relied on subjective or heart-rate based measures. Observation studies within the
aviation domain that have used subjective ratings, and a detection response task as performance indicators of workload (Wiener, 1989;
Sarter, Woods, & Billings, 1997), have suggested that automation results in an uneven distribution of mental workload, rather than
simply reducing or increasing it. In a recent study on workload in unmanned aerial vehicle (UAV) operators, Boehm et al. (2021)
observed that mental workload can vary rapidly (in a matter of seconds) as a function of fluctuating task demands, and affects the
performance of the operator. However, there are limited studies that have focused on understanding the moment-to-moment or phasic
changes in drivers’ mental workload (that is, rapid fluctuations in their workload levels) while monitoring the drive during auto-
mation, how this is different to fluctuations in mental workload during manual driving, and whether it affects driving performance
during the resumption of control from automation.

Another factor influencing drivers’ mental workload is car-following scenarios, where changes in the distance maintained from a
lead vehicle can affect drivers’ attentional demands (Liu et al., 2019; Siebert & Wallis, 2019). Car-following refers to the longitudinal
following of a lead vehicle by a driver or automated system, and is a pre-cursor to rear-end collisions, which constitutes over 31 % of all
collisions in the US (National Highway Traffic Safety Administration, 2009, p. 56). Time headway (THW), which is the elapsed time
between the front of a lead vehicle passing the road, and the front of the ego vehicle passing the same point, has been used as a
behavioural measure for understanding car-following (Vogel, 2003). Using a simulator study with manual driving, Liu et al. (2019),
found that drivers reported significantly higher workload when the lead vehicle maintained shorter THWs of 1 s or less, compared to
longer THWSs of 1.5 s or more. Shorter THWs maintained by the ego vehicle have also been associated with higher risk perception
(Louw et al., 2020) and discomfort (Siebert & Wallis, 2019), which can also lead to an increase in drivers’ workload levels (Beggiato
et al., 2019), during automated car-following scenarios. Therefore, to understand how drivers’ mental workload was affected by the
THW of a lead vehicle during both automated (ACF) and manual car-following (MCF), as well as the takeover period, this study
included a series of car-following scenarios with different THWs.

Task switching within the automated driving context, for example, from monitoring the drive in a passive supervisory role, to
resuming control of the vehicle in an active role as a driver, can increase driver workload (Monsell, 2003; Wickens et al., 2015). When a
takeover request is issued, drivers are required to refocus their attention to the driving environment, and pay more attention to the
road and any potential hazards. This sudden change in attentional demand from simply monitoring the drive, to the attention and
effort required to perform a successful takeover, can result in a physical and mental overload during takeovers, where the task demand
exceeds the resources available to the driver.

Accurate, objective measurement of drivers’ mental workload levels can be challenging, due to the high inter-individual variability
of how people perceive, and are affected by, different task demands. Nevertheless, from a performance and safety standpoint, it is
crucial that we are able to objectively measure and understand variations in driver workload during HAD, as this can inform the
automated system about the capabilities and limitations of the driver, especially if they have to resume control of the vehicle.
Eventually, the vehicle can establish if the driver is indeed capable of taking back control of the vehicle, or if other measures, such as a
Minimum Risk Manoeuvre (Thorn et al., 2018) should be considered to bring the car to a safe stop (Yu et al., 2021).

Skin conductance and heart-based sensors have been used extensively within the driving context, as objective indicators of mental
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workload (Foy & Chapman, 2018; Radhakrishnan et al., 2022; Reimer & Mehler, 2011), stress (Healey & Picard, 2005) or discomfort
(Beggiato et al., 2019; Radhakrishnan et al., 2020). However, as a stand-alone measure, such skin conductance and heart-based
measures are unable to identify the causal factor (such as stress, attention, workload, or arousal) that induce physiological
changes, and the addition of other sensors, such as eye tracking, can aid our understanding of driver state. Also, skin conductance and
heart-based sensors are affected by physical load, and in tasks such as manual driving, which involves both physical and mental load, it
would be challenging to distinguish between physical and mental workload, using skin conductance or heart-based sensors alone.
Moreover, some heart-based sensors can be intrusive in nature, and require extended preparation, prior to a study. Dash-based eye-
trackers can be both non-invasive and unobtrusive (Marquart et al., 2015; Merat et al., 2012; Tsai et al., 2007), and eye tracking-based
metrics, such as pupil diameter, blink frequency and blink duration, have been used in the past as indicators of mental workload, where
shorter blink durations lead to high blink frequency, and vice versa. The relationship between blink frequency and duration, and the
demand from different tasks is not always clear. For example, visual tasks can reduce blink frequency (Veltman & Gaillard, 1996),
whereas a non-visual cognitive task (n-back) can increase blink frequency (Recarte et al., 2008). Given this ambiguity between blink
duration and frequency and their relationship to workload in this paper, we only assessed pupil diameter, and its feasibility as an
indicator of real-time driver workload.

Studies have shown that pupil diameter generally increases with an increase in drivers’ mental load (Tsai et al., 2007). Mean pupil
diameter has been used as an indicator of tonic dilation/constriction, with mean pupil diameter values increasing with an increase in
mental load (Appel et al., 2018; Steinhauer et al., 2004), although these are generally 11 % or lower, compared to baseline values
(Batmaz & Oztiirk, 2008; Stern, 1997). However, one disadvantage of using mean pupil diameter is that it fails to capture the phasic
fluctuations in pupil diameter, as the high and low fluctuations can cancel each other out, when taking the mean value of pupil
diameter over the entire time series (Buettner, 2013). The standard deviation of pupil diameter has therefore been used as an indicator
phasic fluctuations, with higher standard deviation of pupil diameter suggesting a higher fluctuation in drivers’ workload levels
(Beatty, 1982; Buettner, 2013). Pupil diameter is also known to be affected by individual and environmental differences, with vari-
ations in pupil diameter due to changes in light intensity being significantly higher than variations due to mental workload (Mathot,
2018). For example, pupil diameter can increase in darker conditions to accommodate more light into the eyes (pupil light response,
Mathot, 2018; Spector, 1990). A shift in focus between near objects to those further away (pupil near response or accommodation
reflux), can also result in pupil dilation (Mathot, 2018), while a sudden change in the environment, for example, caused by sounds,
movement or touch (orienting response), can also cause a small increase in magnitude or duration of pupil dilation, within 0.5sto 1 s
of stimulus onset (Mathot, 2018).

1.1. Current study

This study was funded by the European Commission Horizon 2020 program under the L3Pilot project, grant agreement number
723051, and investigated how drivers’ mental workload varied during different stages of manual and automated driving, and whether
the changes in drivers’ workload levels were reflected in their pupil diameter values. This study is also discussed in Radhakrishnan
et al. (2022), where the authors investigated the effect driver workload on heart-rate and skin conductance-based physiological sig-
nals. However, the current paper differed from Radhakrishnan et al. (2022) in terms of the different segments and time windows used
in analysis, as well as in the research questions, owing to the differences in the nature of metrics used. Using a mixed design, drivers
were asked to monitor the drive during automation (L2) or engage in an NDRT (L3). Driver workload was also manipulated using two
THW conditions, in a series of car-following scenarios (Short and Long), and two different types of takeovers, that happened either in
the presence or absence of a lead vehicle (Lead/No Lead). To understand how drivers’ mental workload varied during the monitoring
phase, we compared drivers’ mental workload levels during automated car-following (ACF) and manual car-following (MCF). To
understand how drivers’ mental workload varied at different points during the transition of control from automation to manual
driving, we analysed drivers’ mental workload levels before (Pre-Takeover), during (Takeover) and after resumption of control (Post-
Takeover). We also investigated whether the presence of a lead vehicle, or shorter headway conditions, increased their mental
workload during takeovers. Additionally, we investigated whether prior engagement in an NDRT (L3), as opposed to monitoring the
drive during automation (L2), affected drivers’ mental workload during the takeover. In addition to eye-tracking metrics such as pupil
diameter, drivers were also asked to report their perceived workload using a subjective workload ratings scale (1-10, with 10 being
extremely high workload). The research questions addressed by this paper were:

1. Does drivers’ mental workload vary between automated car-following (ACF) and manual car-following (MCF), and is this reflected
in drivers’ pupil diameter values and subjective workload ratings, in the L2 group (ACF vs MCF),?

2. Is drivers’ mental workload during the takeover different for the different takeover windows (Pre-Takeover, Takeover, and Post-
Takeover), and whether this is affected by the presence of a lead vehicle (Lead vs No Lead), in the L2 group?

3. Is drivers’ mental workload during the takeover affected by the THWs maintained by the automated controller (Short vs Long)?

. Is drivers’ mental workload during the takeover affected by the presence of a lead vehicle during the takeover (Lead vs No Lead)?

5. Is drivers’ mental workload during the takeover affected by prior engagement in an NDRT during automation (L2 vs L3)?

N
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2. Materials and methods
2.1. Participants

For this driving simulator study, a total of 32 participants were recruited, with 16 participants each in the L2 and L3 groups.
However, the data from 3 participants from each group were discarded due to either missing data, or because they did not follow the
instructions of the study. The remaining 13 participants (4 females, 9 males) in the L2 group had a mean age of 42 + 17 years, with a
mean driving experience of 22 + 16 years. For the L3 group, the 13 participants (3 females, 10 males) had a mean age of 33 + 8 years,
with a mean driving experience of 14 + 8 years. In accordance with the rules and regulations of the University of Leeds ethics
committee (LTTRAN-054), all participants gave prior consent to take part in the study. Additionally, they were compensated with £25
upon completion of the experiment.

2.2. Apparatus

The University of Leeds Driving Simulator (UoLDS), which is a full motion-based driving simulator, was used to conduct the
experiment. UoLDS consists of a 4 m diameter spherical projection dome, which has a 300° field of view projection system, and also
includes a Jaguar S-type cab, housed within the dome. The electrical motion system for the simulator has 8 degrees of freedom, and
consists of a 500 mm stroke-length hexapod motion platform, carrying the 2.5 T payload of the dome and vehicle cab combination, and
allowing movement in all six orthogonal degrees of freedom of the Cartesian inertial frame. The electrical motion platform is mounted
on a railed gantry, which further allows 5 m of effective motion in surge and sway. Drivers’ eye-tracking data was recorded using
Seeing Machines FOVIO eye-tracking hardware system and Seeing Machines PC-DMS software package.

When engaged, the Automated Driving System (ADS) used in this study was designed to control both lateral and longitudinal
aspects of the driving task, driving at a constant speed of 40 mph. When the control of the vehicle was with the driver during manual
driving, and the ADS was inactive, the HMI interface on the dashboard displayed a red steering icon (Fig. 1a), When the ADS was
activated, the HMI interface displayed a green steering icon (Fig. 1b).

2.3. Study design

This study has already been presented in Radhakrishnan et al. (2022). A mixed design was incorporated in this study, with between-
participant factor of Level of Automation (L2, L3) and a within-participant factor of Time Headway (Short, Long), Drive Mode (ACF,
MCF) and Lead Vehicle (Lead, No Lead). With the exception of Drive Mode, all the other factors were counterbalanced.

Each participant undertook a ~ 10-minute practice drive, to become familiar with the simulator environment, and the driving
controls. After the practice drive, each participant experienced two experimental drives, with a 5-minute break in between. All the
experimental drives were performed in a single-carriageway urban environment, with a 40 mph speed limit, and low-density oncoming
traffic. The first experimental drive consisted of free driving for ~ 2 min, following which a lead vehicle joined the driving lane. The
participants were instructed to follow the lead vehicle as they normally would in such a scenario, without overtaking, for about 5 min.
This was termed the manual baseline drive, and was used to collect drivers’ baseline car-following behaviour, prior to any experi-
mental manipulations. With the exception of the manual baseline drive, which was only present in the first experimental drive, the two
experimental drives were similar. Each experimental drive consisted of 4 segments in the following order: Automated drive 1, Manual
drive 1, Automated drive 2, and Manual drive 2 (Fig. 2).

At the end of the manual baseline drive, the lead vehicle exited the driving lane at an intersection, following which drivers
experienced free driving for ~ 1 min. At the end of the free drive, participants were prompted with an auditory handover message,
requesting them to engage the ADS: “Attention, engage automation”. Drivers engaged the ADS using a button on the steering wheel.

Fig. 1. HMI Interface on the dashboard: (a) when automation was disengaged; (b) Automation was engaged (from Radhakrishnan et al., 2022).
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Experimental drive 1 or 2 (~18 minutes): THW Long or Short
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Fig. 2. Schematic representation of the experimental drives (from Radhakrishnan et al. 2022).

After about 1 min into the automated drive, a lead vehicle joined the driving lane, starting what we termed the automated car-
following (ACF) segment. During the ACF segment, participants were exposed to one of two THW conditions (0.5 s for Short THW
and 1.5 s for Long THW), in a counterbalanced order across the two experimental drives.

The end of an ACF segment was followed by an auditory takeover request: “Attention, get ready to takeover”. The takeover request
was issued when the ADS reached a system limitation criterion, linked to faded lane markings on the road. The takeover request was
followed by a short acoustic tone (1000 Hz), lasting 0.2 s, with increasing frequency (by a factor of 1.2 after each cycle), until the driver
resumed manual control. To disengage the ADS, drivers pulled the left-hand indicator stalk, or rotated the steering wheel by more than
2°, or pressed the accelerator or brake pedals.

There were two types of takeover situations in this study, one with a lead vehicle present during the takeover (Lead), and the other
without a lead vehicle when the takeover request was issued (No Lead). Each of the two experimental drives included the two lead
vehicle conditions, with participants experiencing them after automation in both drives. The order in which participants experienced
each of the two takeover situations was counterbalanced. In the Lead condition, the lead vehicle remained in the driving lane, when the
takeover request was issued, and the participants took control of the vehicle. In the No Lead condition, the lead vehicle exited the
driving lane at an intersection, about 5 s before the takeover request was given. About 10 s after the participants took control of the
vehicle, a lead vehicle joined the driving lane, starting the manual car-following segment (MCF). Each experimental drive included an
ACF, a Takeover and an MCF, repeated twice, in that order.

In this study, the Level of Automation determined whether the driver had to monitor the road during automated driving (L2), or
could engage in an NDRT (L3). The Arrows task (Jamson & Merat, 2005) was used as the NDRT in this study. Participants were
required to select an upward facing arrow, from a 4x4 grid of arrows, as shown in Fig. 3a. The arrows were displayed on a touchscreen,
placed near the centre console and the gearshift, as shown in Fig. 3b. The screen also displayed participants’ cumulative score (each
correct selection awarded them with one point) as well as a “score to beat”. To ensure that participants fully engaged in the Arrows
Task, the participant briefing sheet offered an additional £5 reward to anyone who was able to beat the “score to beat”. However, for
ethical reasons, every participant was paid this extra £5. Drivers in the L2 group were instructed to monitor the drive, when the ADS
was engaged, with their hands off the steering wheel and foot off the pedals.

d

> <
> ¥
>
> == =p

Fig. 3. (a) A representation of the arrows task with the upward facing arrow circled in red; (b) A participant engaging in arrows task in L3 group
during automation.

your score:0
score to beat:1000
st score:2384
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2.4. Self-reported workload ratings

In addition to eye-tracking based metrics, we collected participants’ subjective workload ratings, with each participant asked to
rate their level of perceived workload, 13 times across the two drives (7 times in the first experimental drive, including once during the
manual baseline drive, and 6 times in the second experimental drive). When prompted, participants rated their workload verbally, on a
scale of 1-10, with 10 corresponding to the highest workload.

2.5. Procedure

Participants were briefed about the study upon arrival, after which they were requested to sign the consent form, and ask any
questions they had about the study. After they signed the consent form, they entered the driving simulator for the practice drive. The
practice drive included automated and manual driving, as well as a takeover situation. Participants were shown how to control the
vehicle, engage and disengage the ADS, and provided information about the HMI. Participants in the L3 group were also given an
opportunity to practise the Arrows Task. The practice drive was followed by the two experimental drives, lasting about 18 min each.

During the experimental drives, whenever participants were engaged in manual driving, they were advised to adhere to the speed
limit of 40 mph, and asked to avoid overtaking the lead vehicle. A ~ 10-minute break followed each of the experimental drives,
allowing participants to answer a set of questions about the experimental drive, including Arnett’s Sensation Seeking Questionnaire
(Arnett, 1994), traffic locus of control (Ozkan & Lajunen, 2005) and the Driver Style Questionnaire (French et al., 1993), see Louw
et al. (2020). The scope of the questionnaire data is beyond the objectives of this paper, and as such, were not included in our analysis.

2.6. Data analysis

The eye-tracking metrics were pre-processed using Seeing Machines’ PC-DMS system, and all the data segmentation and plotting
was done using MATLAB R2016a. Mean values were used to investigate drivers’ overall mental workload levels as depicted by eye-
based metrics, and standard deviations were used to show the variation or spread in mental workload, for each participant, across
~ 4-minute time windows of ACF and MCF. The time window for ACF was considered as the time from which the lead vehicle entered
the driving lane after the drivers engaged automation, until the takeover request. The MCF time window started 10 s after taking over
manual control of the vehicle, until ADS was re-engaged. As stated earlier, there were two ACF segments and two MCF segments, in
each experimental drive (see Fig. 2). A set of t-tests on drivers’ mean pupil diameter, and self-reported workload ratings, did not reveal
any statistically significant differences between the two ACF and the two MCF segments, within each of the experimental drives.
Therefore, the data for the two similar ACF and MCF segments were aggregated to a single representation, for both eye-metrics and
self-reported ratings of workload, in the L2 group.

To analyse how drivers’ mental workload varied around the takeover, we segmented the eye-metrics into 3 distinct time windows:
Pre-Takeover, Takeover and Post-Takeover (Fig. 4). Only drivers in the L2 group were considered in this analysis, as drivers in the L3
group were engaged in the Arrows tasks, and their eyes were not captured by the eye tracker. The Pre-Takeover window was the time
window from 10 s before the takeover request, until the takeover request was given. Takeover was the time window from when the
takeover request was given, until the driver resumed manual control of the vehicle. This Takeover time window varied for each
participant. Post-Takeover was the time window from when the driver resumed manual control of the vehicle, until 10 s after they
resumed manual control. This time window was chosen because previous studies have shown that the peak in driving performance
decrement was observed within 10 s after takeover of control (Merat et al., 2014).

To understand how drivers’ mental workload levels during takeovers were affected by the presence of a lead vehicle (RQ 4), the
THW maintained by this lead vehicle (RQ 3), and engagement in an NDRT during automation (RQ 5), we aggregated the eye-metrics

) ® WO

Automated car-following (ACF) Takeover (overall)

Post-Takeover
Takeover ¢&——————

—
Pre-Takeover Manual car-following (MCF)
+—— +
10 s before Takeover Takeover point 10s after

takeover request  request Driver resumes takeover
manual control

Fig. 4. Schematic depicting different takeover windows.
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across the Takeover and Post-Takeover windows, into a single window labelled Takeover (overall) window. This analysis was done
across drivers in the L2 and L3 groups, as drivers in the L3 group redirected their eyes onto the road environment, which was within the
field of view of the eye-tracker, upon hearing the takeover request. The time from which a takeover request was given, until 10 s after
they resumed manual control of the vehicle was considered as the overall takeover window (Fig. 4, yellow segment). Since pupil
diameter has a rapid signal decay time, and is sensitive to instantaneous fluctuations in drivers’ mental workload (Buettner, 2013;
Mathot, 2018), it is less likely to be influenced by previous workload inducing stimuli. Therefore, during the two No Lead takeover
conditions in this study, presence of a lead vehicle in either Short or Long THW condition during automation, would not have
influenced drivers’ mean pupil diameter values at a later stage during the takeover. Additionally, paired-sample t-tests between the
two No Lead takeover conditions did not reveal any significant differences, for either mean pupil diameter or self-reported workload
ratings, across the L2 and the L3 groups. Hence, the data for the two No Lead conditions were combined to form a single representation,
and labelled Infinite THW.

We computed both mean and standard deviation values of pupil diameter, during ACF and MCF segments. However, only mean
values were used when comparing performance in the takeover segments. This was because the ACF and MCF segments were
comparatively longer (~4 min) compared to the relatively short Takeover windows (maximum window width of ~ 15 s), and
therefore, any fluctuations (high and low) in phasic pupil diameter values would have cancelled each other out, when taking only mean
values. Standard deviation of pupil diameter is indicative of fluctuations in pupil diameter, and therefore, fluctuations in drivers’
mental workload levels (Buettner, 2013). Table 1 below highlights the different research questions addressed in this paper and the
corresponding data segments considered for analysis.

2.7. Statistical analysis

IBM SPSS Statistics 26 was used to conduct all the statistical tests in this study. Shapiro Wilk’s test revealed that the majority
(greater than90 %) of the group-level estimates were normally distributed for each of the dependent variables used, for every ANOVA
test we conducted. For statistical significance, an a-value of 0.05 was used as a limiting criterion, and partial eta-squared was computed
as an effect size statistic. Mauchly’s test was used to test the sphericity of data. In cases where the data was not spherical, the degrees of
freedom were corrected using Greenhouse-Geisser corrections. Levene’s test was used to test whether the data was homogenous. Pair-
wise comparisons were used to determine differences between the different factors.

Only 50 % of the data from self-reported workload ratings were normally distributed. However, the skewness and kurtosis of the
non-normally distributed data were within the acceptable range +/- 2 (George & Mallery, 2010). The repeated measures ANOVA was
robust enough to accommodate this violation of normality and homogeneity, with only a small effect on Type I error (Blanca et al.,
2017; Pituch & Stevens, 2016).

3. Results
3.1. The effect of drive Mode on driver workload in the L2 group (RQ 1)

To understand how drivers’ mental workload during monitoring the drive in automated car-following (ACF) compared to manual
car-following (MCF), we performed a one-way repeated measures ANOVA, with within-participant factor of Drive Mode (ACF, MCF),
on drivers’ mean pupil diameter, standard deviation of pupil diameter, and self-reported workload ratings, for the L2 group. The use of
Time Headway (THW) as a factor was excluded in these analyses, because drivers controlled their own THW in the MCF condition, as
opposed to the fixed values imposed during ACF. Additionally, paired sample t-tests revealed no significant differences in pupil
diameter values, or self-reported workload ratings, across the Short and Long THW conditions, during ACF. Therefore, we combined
the values for the Short and Long THW conditions into a single representation, for both ACF and MCF. Since the ACF and MCF segments
were about 4 min in length, we analysed the mean and standard deviation of pupil diameter, to understand if there were any overall
differences and/or variations in mental workload within the ~ 4-minute segment.

Results showed no significant main effect of Drive Mode on the mean pupil diameter values (Table 2). This may be because the time
window used for analysis of data was relatively long (~4 min), such that the phasic fluctuations in pupil diameter might have cancelled
out when using the mean values for this metric. Previous research has shown that the standard deviation of pupil diameter provides a
better indication of the phasic and dynamic aspect of pupil dilation, and is therefore a better measure for highlighting fluctuations in

Table 1
Research questions and corresponding data segments used in analysis.
Research Data segment (see Automation Remark
question Fig. 4) group
RQ1 ACF and MCF L2 group Data for ACF and MCF was aggregated by averaging the pupil diameter values for two ACF
and MCF conditions, and across Short and Long THW conditions.
RQ 2 Pre-Takeover, Takeover, L2 group Data for Pre-Takeover, Takeover and Post-takeover windows for both Lead and No Lead
Post-Takeover condition, was analysed using separate ANOVAs for Short and Long THW conditions.
RQ 3,4and 5 Takeover (overall) L2 and L3 group  Data for the two No Lead conditions, across Short and Long THW experimental drives, was
aggregated as a single representation (Infinite THW), and compared across the two levels of
automation.
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Table 2

Effect of Drive Mode on drivers’ pupil diameter, and self-reported workload ratings, in the L2 group.
Predictor dfl df2 F P 1]12,
1. Pupil diameter (mean) 1 12 3.01 0.108 0.200
2. Pupil diameter (standard deviation) 1 12 59.09 <0.001 0.831
3. Self-reported workload ratings 1 9 0.421 0.533 0.045

mental workload (Buettner, 2013). As seen in Table 2, our results showed a significant main effect of Drive Mode on the standard
deviation of drivers’ pupil diameter, with drivers showing significantly higher standard deviation of pupil diameter during ACF,
compared to MCF (Fig. 5, Fig. 6).

To further understand why pupil diameter values fluctuated more during ACF, compared to MCF, we visualised drivers’ raw gaze
data during ACF and MCF, across all participants and all drives, in the L2 group, using a 3D gaze contour plot. Results from the gaze
contour plot suggest that there was a larger spread in gaze, across the driving scene, with drivers looking around more (drivers’ gaze
were likely directed towards the driving scene, HMI interface and right mirror), when monitoring the drive during ACF in the L2 group
(Fig. 7a). However, when they were in control of the vehicle during MCF, their gaze was mostly concentrated around the centre of the
driving scene, or approximately around the road centre area, suggesting they were more attentive to the driving task while being
engaged in Manual driving (Fig. 7b).

Results from drivers’ self-reported workload ratings did not reveal any significant effect of Drive mode, suggesting that drivers
experienced similar levels of perceived workload, across both ACF and MCF, in the L2 group. However, there was only one workload
rating for the entire duration of ACF or MCF, and hence, we could not compare the moment-to-moment changes in perceived workload,
during the whole ACF or MCF period, using self-reported workload ratings.

3.2. Changes in workload during different stages of a takeover in the L2 group (RQ 2)

To understand how drivers’ mental workload varied around the actual takeovers in the L2 group, and whether the presence of a
lead vehicle affected this workload, we performed two 3x2 repeated measures ANOVAs with within-participant factors of Takeover
Window (Pre-Takeover, Takeover, Post-Takeover) and Lead Vehicle (No Lead, Lead), on drivers’ mean pupil diameter. A separate
ANOVA was conducted for the Short and Long THW conditions, as adding THW as a factor would have been inaccurate because drivers
did not experience any THW conditions, during the No Lead condition. Self-reported workload ratings were not captured separately
during the three Takeover Windows considered in this analysis, and therefore, not included in the analysis.

There was a main effect of Takeover Window on drivers’ mean pupil diameter in both the Short and Long THW conditions (Table 3).
Given each of these takeover windows were under 10 s, standard deviation of pupil diameter was not analysed here, as mean pupil
diameter was sufficient to reflect drivers’ workload levels during such shorter time windows. Post-hoc tests revealed that drivers’ mean
pupil diameter increased significantly from the Pre-Takeover time window to the Takeover time window, as well as from the Pre-
Takeover time window to the Post-Takeover time window, for both the Short and Long THW conditions (Fig. 8a and Fig. 8b).
Additionally, the mean pupil diameter increased significantly from the Takeover time window to the Post-Takeover time window, for
the Short THW condition. Taken together, our results suggest that drivers’ mental workload increased during the takeover event,
increasing from the Pre-Takeover time window to the Post-Takeover time window, across both the Short and Long THW conditions.
There were no other main effects or interaction effects.

Effect of Drive Mode on S.D of pupil diameter

Mean: 0.55 Mean: 0.44
1 95% Cl: [0.45,0.65] 95% Cl: [0.35,0.54]
F*kk
’é‘ [ 1
Eos -
L .
g f
o 1
E - T
3 H
b - | 06+ | —_——
.g.
>
o
.
©0.4 v
Q s
(2] H ;
0.2
ACF MCF

Fig. 5. Effect of Drive Mode (automated car-following or ACF, Manual car-following or MCF) on standard deviation of pupil diameter, in the L2
group. ***p < 0.001.
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Fig. 6. Variation of drivers’ pupil diameters, during automated car-following (ACF) and Manual car-following (MCF), in the L2 group. The darker
blue and red lines denote mean values across all drivers in the L2 group, and the lighter blue and pink regions denote the 95 % confidence interval
bands. Note that the MCF window used in the analysis only starts 10 s after drivers resumed manual control (~15 s after takeover request is issued),
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Table 3

Effect of Takeover Window on mean pupil diameter values, during Short and Long THW conditions, in the L2 group.
Predictor df1 daf2 F p n
Effect of Takeover Window
1. Mean pupil diameter (Short THW) 2 24 26.95 <0.001 0.692
2. Mean pupil diameter (Long THW) 1 12 35.78 0.015 0.386
Effect of Lead Vehicle
1. Mean pupil diameter (Short THW) 1 12 0.064 0.805 0.005
2. Mean pupil diameter (Long THW) 1 12 1.365 0.265 0.102

3.3. Effect of time Headway, lead vehicle and Level of automation on driver workload during takeovers (RQ 3, RQ4 and RQ 5)

To understand how drivers’ mental workload was affected by the presence of a lead vehicle during the takeover, and its Time
Headway, and whether their workload level during the takeover was affected by their prior engagement in an NDRT during auto-
mation, we performed a 3x2 mixed ANOVA on drivers’ mean pupil diameter and self-reported workload ratings, using a within-
participant factor of Time Headway (Short, Long, Infinite) and a between-participant factor of Level of Automation (L2, L3). As
mentioned in section 2.6, the takeover window for this analysis is considered as the time from which the takeover request was given,
to 10 s after they resumed manual control of the vehicle. For the Short and Long THW conditions, only the takeovers where a lead
vehicle was present during the takeover, in either the Short or Long THW condition, was included. Additionally, the two No Lead
conditions were consolidated to a single presentation labelled Infinite THW, as explained in section 2.6. We could not analyse the L3
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Fig. 8. Effect of Takeover Window on pupil diameter values during (a) Short and (b) Long THW conditions. *p < 0.05, **p < 0.01, ***p < 0.001.

drivers’ eye-metrics before the takeover request was issued (such as the Pre-Takeover window seen in section 3.2) as they were
engaged in the Arrows task, and, hence their eyes were occluded from the field of view of the fixed-base eye tracker used in this study.

Results showed a main effect of the Time Headway condition on drivers’ mean pupil diameter values, and self-reported workload
ratings (Table 4, Fig. 9). Post-hoc tests revealed that drivers exhibited significantly higher mental workload levels in the Short THW
condition, compared to when there was no Lead vehicle present during the takeover (Infinite THW), as revealed by both mean pupil
diameter values (p <.001, Fig. 9a) and self-reported workload ratings (p =.007, Fig. 9b). Although statistically insignificant, drivers
had higher mean pupil diameter values during the takeover in the Short THW condition, compared to the Long THW condition (p
=.098). Drivers also reported higher workload levels during takeover in the Short THW condition, compared to the Long THW con-
dition (p =.033, Fig. 9b). There were no other main effects or interaction effects on drivers’ mean pupil diameter values, or self-
reported workload ratings.

4. Discussion and conclusions

This study investigated changes in drivers’ mental workload during a series of car-following situations in manual and automated
driving, and examined how factors such as presence of a lead vehicle during the takeover, the Time Headway (THW) maintained by the
lead vehicle, and prior engagement in an NDRT during automation affected drivers’ mental workload. Drivers’ self-reported levels of
workload, and eye-tracking based metrics, such as mean pupil diameter and standard deviation of pupil diameter, were compared at
different stages of automated and manual driving.

Paired-sampled t-tests revealed no significant differences in mean pupil diameter values or self-reported workload ratings, due to
the different THW conditions, during the automated car-following (ACF). It is likely that the perceptual difference between the two
THW conditions used in this study, was not prominent enough to affect drivers’ mental workload levels, especially when they were not
in control of the driving task. Additionally, drivers’ mean pupil diameter values, and self-reported workload ratings, indicated that
they experienced similar levels of overall mental workload across the entire automated drive, (which last around 4 min), when the L2
drivers were simply monitoring the driving environment during ACF, compared to manual car-following (MCF). This is consistent with
results from past studies which report similar levels of mental workload, as indicated by physiological data (Lohani et al., 2021;
Radhakrishnan et al., 2022), or subjective ratings (Stapel et al., 2019).

However, a comparison of the standard deviation of pupil diameter values in the L2 group suggests that drivers had a higher

Table 4
Effect of Time Headway (including No Lead condition represented as Infinite THW) and Level of Automation on drivers’ mean pupil diameter values
and self-reported workload ratings, during takeovers.

Predictor dfl df2 F P 1112,
Effect of Time Headway

1. Mean pupil diameter 2 48 3.29 0.046 0.120
2. Self-reported workload ratings 2 36 4.02 0.011 0.220
Effect of Level of Automation

1. Mean pupil diameter 1 24 1.92 0.179 0.074
2. Self-reported workload ratings 1 18 0.01 0.937 0.0004
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Fig. 9. Effect of Time Headway on driver workload, as reflected in (a) mean pupil diameter and (b) self-reported workload ratings, with drivers’
self-reported workload increasing from 1 to 10. *p < 0.05, **p < 0.01, ***p < 0.001.

moment to moment variation in pupil diameter, when monitoring the drive during ACF, compared to manual driving during MCF.
Such fluctuations in pupil diameter could be attributed to a host of factors, such as variations in light intensity (Ellis, 1981), pupil near
response, that is, the pupillary response when the pupil constricts or dilates to focus on an object (Mathot, 2018), a startle response
(Mathot, 2018) or variations in mental workload (Buettner, 2013; Kahneman & Beatty, 1966). To understand this result further, we
compared drivers’ gaze patterns during the monitoring task (in ACF) and manual driving (MCF). 3D Gaze contour plots revealed that
drivers focused their attention more towards the road-centre area when they were in manual control of the vehicle, as would be
expected. However, in agreement with previous studies in our lab (Louw, Madigan et al., 2017; Louw, Markula et al., 2017), and that of
others (Noble et al., 2021; Schartmiiller et al., 2021; Yang et al., 2022), a higher spread in gaze was observed during automation, with
drivers looking away from the road centre. The higher spread in gaze during automation could have been caused by drivers looking
around the driving scene more and shifting and refocusing their attention between objects near and further away in their field of view,
resulting in pupil near response, also known as accommodation reflux, and explains the higher phasic fluctuations seen in our study
(Fincham, 1951; Mathot, 2018). Since the ACF and MCF driving environments in our study were quite similar in terms of lighting
conditions, it is unlikely that variations in pupil diameter were due to startle response or variations in light intensity. At present, it is
not possible to establish whether these higher fluctuations in pupil diameter during automation were due to variations in mental
workload, or the movement of gaze to different regions, or both, as these causal factors are not mutually exclusive. Our results are in
agreement with findings of Wiener (1989), who showed uneven distributions of attention for airline pilots during automation, as
indicated by subjective ratings, and performance of the detection response task. This uneven distribution of drivers’ mental workload
during automation (e.g. extreme underload or overload) can be detrimental for a safe takeover (Merat et al., 2014), and highlights the
value of accurate driver monitoring systems that can assist drivers with keeping the right level of attention for supervision of the
automated system, as is requested by the SAE guidelines (SAE International, 2021).

We also analysed the L2 drivers’ mental workload, as indicated by pupil diameter and subjective ratings, across the three takeover
windows: Pre-Takeover, Takeover and Post-Takeover. Mean pupil diameter values steadily increased from the Pre-Takeover window
to the Post-Takeover window. This clear increase in pupil diameter at each of the three stages, from monitoring the drive, to hearing
the takeover request, to taking over shows how drivers’ vigilance and attention levels, and likely their workload, is affected as they are
asked to come back into the driving loop (Merat et al., 2018), and take on the responsibility of the driving task. Similar results have
been observed for skin conductance responses, when workload was found to steadily increase upon the issuance of a takeover request
(Du et al., 2020). In our study, drivers’ workload levels, as reflected by their pupil diameter values, peaked at around 15 s after they
resumed manual control of the vehicle (see Fig. 6). This is in line with driving simulator studies which show a peak in performance
decrement around 15 s after a resumption of control from automated driving (Merat et al., 2014), after which the driver is able to
stabilise the vehicle (Bueno et al., 2016).

In terms of differences in workload experienced between the two groups, engagement in the Arrows tasks did not seem to affect
drivers’ workload levels when they resumed control from automation, with similar pupil diameter values seen for the L2 and L3 group
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at the Pre-takeover stage. Since this study incorporated a non-critical takeover scenario, it is likely that drivers had adequate time to
stop engaging in the Arrows task before resuming control of the vehicle, thereby eliminating the effect of any additional workload
demands placed by the Arrows task on drivers in the L3 group, by the time they resumed manual control. Our results also indicated the
presence of lead vehicle, especially at shorter THWs, significantly increased driver workload during the takeover, when compared to
longer THWs, or takeovers without a lead vehicle present (Infinite THW). We did not observe any differences in drivers’ mental
workload, as reflected by mean pupil diameter values and self-reported workload ratings, between takeovers with a lead vehicle in the
Long THW condition and takeovers without a lead vehicle, which suggests that the longer (1.5 s) THW conditions felt more
comfortable for drivers during these non-critical takeover scenarios. Given the between subject nature of this design, factors such as
age and driving experience could have influenced drivers’ pupil diameter and workload levels. However, we found a similar pattern for
drivers’ skin conductance responses (SCR), which are known to be sensitive to stress and workload in driving (Du, Yang, & Zhou, 2020;
Foy & Chapman, 2018 ), with higher SCRs observed during takeovers that were preceded by a lead vehicle maintaining a short THW
(0.5 s), compared to those with longer THWs (1.5 s) (see Radhakrishnan et al., 2022). Overall, these results suggest that drivers’
physiological response and self-reported workload ratings are sensitive to the demands of a takeover after automated driving, and
especially prior to more (potentially) critical scenarios.

To conclude, our findings suggests that pupil diameter is sensitive to drivers’ mental workload levels, and is sensitive to phasic
variations in workload. One of the potential limitations of this study is that it was conducted in a controlled driving simulator envi-
ronment, where the driving scene and its brightness levels were relatively similar throughout the drive. Further research is warranted
to understand how pupil diameter is affected by different stages of automated driving in more real world settings. In this study, we
were unable to use the eye tracker to objectively capture drivers’ mental workload when they were engaged in the Arrows task during
automation (L3 group), since drivers were looking away from the eye-tracking cameras (see Fig. 3b). Since the chances of engaging in
other activities will increase with higher levels of automation, it is important that drivers’ workload levels and attention are monitored
during automation, because, according to guidelines from SAE (SAE International, 2021), Level 3 driving still requires drivers to
resume control from automation “when required”. Therefore, combining eye-tracking measures with physiological sensors, can
provide a more comprehensive, accurate and continuous prediction of drivers’ mental workload and attention levels, even when
drivers’ eyes are occluded from the eye-tracking sensors. Additionally, combining eye-tracking data with physiological signals can also
help in eliminating confounding factors (such as brightness) that can affect the eye tracking data. Further research is required to
understand the value of these metrics, and their fusion, for a wider range of takeover scenarios, to help with the creation of more
reliable driver monitoring systems.
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