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Abstract

Several safety concerns emerge for the transition of control from the automated driving system to a
human driver after the vehicle issues a takeover warning under conditional vehicle automation (SAE Level
3). In this context, recent advances in in-vehicle driver monitoring systems enable tracking drivers’
physiological indicators (e.g., eye-tracking and heart rate (HR) measures) to assess their real-time
situational awareness (SA) and mental stress. This study seeks to analyze differences in driver’s SA and
mental stress over time (i.e., successive experiment runs) using these physiological indicators to assess their
impacts on takeover performance. We use eye-tracking measures (i.e., on-road glance rate and road
attention ratio) as indicators of driver’s SA during automated driving. Further, we use the pre-warning
normalized HR (NHR) and HR variability (HRV) as well as the change in NHR and HRV after the takeover
warning as indicators of mental stress immediately before and the change in mental stress after the takeover
warning, respectively. To analyze the effects of driver state (in terms of SA and mental stress) on the overall
takeover performance, this study uses a comprehensive metric, Takeover Performance Index (TOPI),
proposed in our previous work (Agrawal and Peeta, 2020). The TOPI combines multiple driving
performance indicators while partly accounting for their interdependencies. Results from statistical analyses
of data from 134 participants using driving simulator experiments illustrate significant differences in driver
state over successive experiment runs, except for the change in mental stress after the takeover warning.
Some significant correlations were found between the physiological indicators of SA and mental stress used
in this study. Takeover performance model results illustrate a significant negative effect of change in NHR
after the takeover warning on the TOPI. However, none of the other physiological indicators show
significant impacts on takeover performance. The study findings provide valuable insights to auto
manufacturers for designing integrated in-vehicle driver monitoring and warning systems that enhance road
safety and user experience.

Keywords: Automated vehicle, Takeover performance, Eye-tracking, Electrocardiography, Driving
simulator
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1. Introduction

SAE Level 2 or partially automated vehicles have been on public roads for some time. These vehicles
assist drivers with certain dynamic driving tasks such as lane-keeping and headway maintenance to reduce
their driving effort. Unlike partially automated vehicles that expect continuous supervision by drivers, SAE
Level 3 or conditionally automated vehicles can control all aspects of the dynamic driving task and allow
drivers to engage in non-driving related tasks (NDRTSs) (SAE J3016, 2018). Even though drivers are not
expected to monitor the vehicle under conditional automation, they are required to immediately take over
vehicle control if it issues a takeover warning for venturing out of its operational bounds or for experiencing
a system failure. This leads to several concerns regarding the driver’s ability to safely resume vehicle
control due to NDRT-induced distraction and the resulting loss in situational awareness (SA) (de Winter et
al., 2014). Further, like in partially automated vehicles, drivers may also exhibit mental underload, vigilance
decrement, and passive fatigue in conditionally automated vehicles after a sustained period of automated
driving, which can negatively impact their takeover performance (i.e., resuming manual control after a
takeover request) (Korber et al., 2015; Young and Stanton, 2002). Therefore, it is imperative to investigate
drivers’ mental state (hereafter referred to as “driver state”) using human factors constructs such as SA and
mental stress that may affect their takeover performance in conditionally automated vehicles. A
comprehensive understanding of the impacts of driver state on takeover performance can help auto
manufacturers to devise mechanisms (e.g., takeover warning system design) to manage driver state in
automated vehicles, and thereby mitigate its adverse effects on road safety and user experience.

Previous studies have evaluated driver state in automated vehicles using self-reported subjective
surveys (offline measures); for example, Situation Awareness Rating Technique and Situation Awareness
Global Assessment Technique to assess SA (Franz et al., 2015; Large et al., 2018), NASA Task Load Index
and Rating Scale Mental Effort to assess workload (Dogan et al., 2019; Yoon and Ji, 2019), and Dundee
Stress State Questionnaire to assess mental stress (Heikoop et al., 2018). The drawbacks of these methods,
however, are that they are either intrusive (if conducted during the experiment), impractical for real-world
applications, or subjected to several memory biases (Nguyen et al., 2019; Spector, 1994).

To avoid the aforementioned limitations of subjective measures, several studies have evaluated driver
state using objective physiological indicators. Physiological indicators used to assess SA mainly consist of
eye-tracking measures such as horizontal gaze dispersion (Louw and Merat, 2017), blink frequency
(Radlmayr et al., 2018a), road attention ratio (Petersen et al., 2019), and on-road glance frequency and
duration (Zeeb et al., 2015). Workload and mental stress have been analyzed using a variety of physiological
data, including eye-tracking (e.qg., pupil diameter, percentage of time with eyes closed, and blink frequency)
(de Winter et al., 2014; Merat et al., 2012), cardiovascular activity (e.g., heart rate (HR) and its variability)
(Alrefaie et al., 2019; Heikoop et al., 2018), skin conductance (Choi et al., 2018), and
electroencephalography (Solis-Marcos and Kircher, 2018). Some studies have also used indirect and less
precise methods, including NDRT performance (Petersen et al., 2019) and verbal protocol analysis (where
drivers say out loud whatever they are thinking at the moment) (Heikoop et al., 2018), to assess SA in
automated driving. Recent advances in in-vehicle driver monitoring systems are providing opportunities to
utilize physiological data for estimating driver state in real-time. In this context, our study investigates the
efficacy of driver physiological indicators that can be obtained from in-vehicle driver monitoring systems
in estimating driver state, and analyzes their impacts on takeover performance under conditional
automation. Specifically, we use eye-tracking measures, including on-road glance rate (OGR; i.e., number
of eye glances at the road per time unit) and road attention ratio (RAR; i.e., percentage of time spent
glancing at the road), as physiological indicators of driver’s SA during the automated driving and before
the takeover warning. OGR is used because it measures how frequently the driver is monitoring the road
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and, thereby, how frequently they obtain updates on the dynamic road environment. Similarly, RAR is used
because it measures the ratio of the time duration the driver is monitoring the road compared to looking
away from the road and, hence, informs on the level (assuming it is proportional to time) at which they
monitor the road environment. Moore and Gugerty (2010) reported that the percentage of time fixating on
an area-of-interest (similar to RAR in our context) is a good predictor of SA measured using a questionnaire
in an air traffic control task, with a higher fixation time indicating a higher SA. However, it should be noted
that SA is a complex construct involving not only the perception of elements in the current situation, as
captured by eye-tracking indicators, but also the comprehension of elements and ability to project the future
situation (Endsley, 1988). We use pre-warning normalized HR (pre-NHR) and the change in normalized
HR (ANHR) after the takeover warning as indicators of mental stress immediately before and the change
in mental stress after the takeover warning, respectively. HR was normalized to alleviate the individual
differences in the base HR. In addition to the normalized HR measures, we also use pre-warning HR
variability (HRV) and the change in HRYV after the takeover warning to assess mental stress. Heart rate and
its variability are used as they have been shown to have a significant correlation with mental stress in the
literature, with higher HR and lower HRV associated with higher mental stress (Heikoop et al., 2018;
Taelman et al., 2008).

Most existing studies analyze the effects of driver state on takeover performance by manipulating
experimental conditions such as NDRT (Yoon and Ji, 2019), traffic density (Gold et al., 2016), and driver
impairment (e.g., fatigue and alcohol) (Kreuzmair et al., 2017; Wiedemann et al., 2018). However, these
studies do not explicitly analyze the effects of driver’s pre-warning state on takeover performance. In our
previous work (Agrawal and Peeta, 2020), we used brain electrical activity patterns recorded using an
electroencephalogram (EEG) to create a detailed profile of driver’s pre-warning cognitive state, which
cannot be done by using eye-tracking and HR measures, and analyzed its impacts on takeover performance.
However, this study focuses on eye-tracking and HR measures because, unlike EEG-based measures, they
can be collected via in-vehicle driving monitoring systems, and thereby, have real-world applications. Since
drivers’ physiological indicators (e.g., HR and its variability) have been reported to change over time in
automated vehicles (de Winter et al., 2014; Heikoop et al., 2018, 2017), we also investigate the differences
in driver’s SA and mental stress over time (i.e., successive takeover situation experiences) using their
corresponding physiological indicators. In addition, we analyze the correlations between these
physiological indicators to investigate the relationship between driver’s SA and mental stress.

Takeover performance is typically modeled using driver reaction time (e.g., takeover time) (Zhang et
al., 2019), driving performance indicators (e.g., minimum time-to-collision and maximum deceleration
rate) (Lu et al., 2019; Radlmayr et al., 2014), physical performance (e.g., hands-on-wheel time) (Yoon and
Ji, 2019), and visual performance (e.g., time-to-first-gaze) (Kim et al., 2018). However, these indicators are
often modeled independently, and therefore do not provide a comprehensive understanding of takeover
performance. A few recent efforts have been made to propose comprehensive takeover performance metrics
(Agrawal and Peeta, 2020; Radlmayr et al., 2018b). This study uses the Takeover Performance Index
(TOPI) proposed in our previous work (Agrawal and Peeta, 2020), as it provides a single metric to analyze
the effects of driver state on the overall takeover performance (see Section 2.5 for details).

Although several studies have evaluated driver state using physiological indicators measured using
electrocardiogram (ECG) and eye-tracking instruments as discussed before, few have analyzed their
impacts on takeover performance in conditionally automated vehicles. Zeeb et al. (2015) used on-road
glance frequency, on-road glance duration, and maximum eyes-off-road time to classify drivers into low-,
medium-, and high-risk groups, and analyzed the differences in takeover performance using brake reaction
times and percentage of collisions among these groups. Alrefaie et al. (2019) analyzed the impacts of
normalized HR and normalized pupil diameter on driver’s reaction time during the takeover event. They
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also correlated the physiological indicators with the mean percentage change in the vehicle’s speed and
heading angle before the takeover event to evaluate the driver’s preparedness to respond to the event. A
few other studies investigated the differences in physiological indicators under different experimental
conditions (e.g., type of takeover warning) in the context of takeover performance, but did not directly
analyze their impacts on takeover performance (Lu et al., 2019; Petersen et al., 2019). A key drawback of
the aforementioned studies is that they do not capture the impacts of physiological indicators on the overall
takeover performance, as they model multiple takeover performance measures independently. Our study
analyzes the impacts of ECG and eye-tracking-based measures on the overall takeover performance using
the TOPI.

This study designs driving simulator experiments to evaluate takeover performance in conditionally
automated vehicles. Using these experiments, it estimates driver state (i.e., SA and mental stress) from
physiological data (i.e., eye-tracking and HR measures) that in the real world can be measured using in-
vehicle driver monitoring systems. The study also analyzes the differences in driver state over time (i.e.,
successive takeover situation experiences through multiple experiment runs). Further, it explores the
correlations between the physiological indicators of SA and mental stress, and analyzes their overall
impacts on takeover performance. Hereafter, we use the term “physiological indicators” to refer to the six
eye-tracking and HR measures used in this study: OGR and RAR during the automated driving before the
takeover warning, pre-NHR and pre-HRV immediately before the takeover warning, and the ANHR and
AHRYV immediately before and after the takeover warning.

2. Methodology

2.1. Apparatus

2.1.1. Driving simulator

The study experiments were conducted using a driving simulator (AVSimulation, 2020), as shown in
Figure 1. The simulator features a full-scale driving cockpit and a steering wheel with force feedback. The
driving view was projected on three LCD screens with a 120 degrees field-of-view. Side-view mirrors, rear-
view mirror, and speedometer were presented on the screens. A four-lane divided highway with a medium
level of ambient traffic (about 6-7 vehicles in a 500-meter radius) and a speed limit of 105 kph (about 65
mph) was created using the SCANeRStudio® 1.7 software. Since a straight road could artificially reduce
the driver’s mental stress to monitor the driving environment and potentially enhance SA, the highway was
deliberately chosen to replicate the road curvatures of sections of the U.S. Interstate 65 between West
Lafayette, IN and Chicago, IL. Driving data such as the ego vehicle’s speed, acceleration, lateral position,
steering wheel angle, curvilinear (i.e., along the curved road) inter-vehicular distance from the immediate
downstream vehicle in the same lane (leader vehicle; if any), and the speed of the leader vehicle were
collected at 20 Hz frequency.
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Figure 1 Driving simulator and non-driving related task
2.1.2. Automated driving system

The automated driving system (ADS) implemented in this study mimicked a conditionally automated
vehicle that could perform both longitudinal and lateral control on the highway. It was set to observe the
speed limit and stay in the right-most lane unless it had to pass a slower-moving vehicle in the lane. Drivers
could activate the ADS by pulling the indicator stalk on the left of the steering wheel while driving in the
middle of a lane, and disengage it by either braking or steering at any time. A green icon with the alphabet
“A” on the rear-view mirror indicated that the ADS was active.

The ADS provided two types of takeover warnings: an uncertainty alert and a takeover request (TOR).
An uncertainty alert (presented as a single auditory chime) denoted that the system is unsure of its ability
to drive safely and prompted for driver’s attention to the road without the need for manual intervention
(non-mandatory takeover). In contrast, a TOR (presented as three auditory chimes in quick succession)
denoted a system failure and required immediate driver intervention (mandatory takeover). In this study, a
TOR was always preceded by an uncertainty alert. Thus, if active, the ADS was capable of maintaining
road safety even after an uncertainty alert unless a TOR was issued, at which point the ADS was
automatically deactivated. The warnings were delivered via two multimedia speakers positioned on each
side of the driving cockpit below the screens.

2.1.3. Non-driving related task (NDRT)

During the automated drive, participants were asked to engage in an NDRT that consisted of a repetitive
number transcription task. The NDRT was delivered on a touchscreen tablet that was positioned near the
center console (see Figure 1). The participants completed a single task by inputting two six-digit numbers
and a mathematical operator shown on the left side of the tablet screen into a calculator interface and
pressing “submit” when done. This simulated visual-motor distraction for the participants. Numeric
characters were chosen over alphanumeric characters to avoid potential language-specific biases.

2.1.4. Electrocardiogram (ECG)

Participants’ heart electrical activities were recorded during the simulated runs using the B-Alert X-24
EEG and ECG systems (Advanced Brain Monitoring, 2017). The ECG recorded electrical signals at a
sampling rate of 256 Hz using four electrodes: one at the right collar bone, one at the lowest left rib, and
two at the mastoids (reference for measuring the power of the signal). We used the B-Alert software to
extract heart rate (HR) using the electrical signals at 1-second intervals (B-Alert, 2009).
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2.1.5. Eye-tracking glasses

Wearable eye-tracking glasses, Dikablis Glasses 3 (Ergoneers, 2018), were used to collect participants’
eye gaze patterns. Its design allows it to be equipped on top of participants’ corrective glasses, if needed,
without affecting measurements. We defined a road area-of-interest (AQI) in the DLAB software
(Ergoneers, 2018) by attaching QR code tags on the corners of the three simulator screens to compute two
eye-tracking statistics related to the road monitoring behavior: on-road glance rate (OGR; the number of
glances at the road AQI per unit time) and road attention ratio (RAR; percentage of time spent glancing at
the road AOQI).

2.2. Experiment design

The study experiments were designed as a part of a larger study that investigates the effects of
introductory information on driver’s trust in automation and takeover performance. The study participants
were divided into two groups based on the content of the introduction video that they viewed. However,
our study disregards this grouping as no statistically significant differences were found in the takeover
performance between the two groups (see Souders et al., 2021 for details).

Table 1 Safety-critical event details

Run Time budget for takeover Safety-critical event description
warning
Uncertainty Takeover
alert request
1 6 seconds - Lateral automation late to change lane (2-second time budget),
resulting in a close pass of a slower-moving bus (35 kph)
2 8 seconds 4 seconds A broken-down vehicle (0 kph) occluded by a slower-moving bus (35
kph) blocking the lane
3 7 seconds - Longitudinal automation late to apply brakes (3-second time budget)

for a slower-moving bus (55 kph)

Participants completed three experiment runs (approximately 10, 10, and 7 minutes, respectively) with
moderate ambient traffic density. Each run culminated in a different safety-critical event that was preceded
by a takeover warning. The first and third runs presented a non-mandatory takeover event (i.e., driver
intervention is not required to maintain road safety), while the second run presented a mandatory takeover
event (i.e., driver intervention is required to avoid a crash). The safety-critical event in the first run starts
with the ego vehicle approaching a slower-moving bus in the right lane. The ADS, if activated, issues an
uncertainty alert with a 6-second time budget (i.e., the time-to-collision between the ego vehicle and the
bus) and shifts the ego vehicle to the left lane with a 2-second time budget if the driver does not intervene,
resulting in a close pass. In the second run, the safety-critical event starts with the ego vehicle following a
slower-moving bus in the right lane, which completely occludes the driver’s view of a broken-down vehicle
downstream. The ADS issues an uncertainty alert as the bus moves to the left lane revealing the broken-
down vehicle on the screen with an 8-second time budget. If the driver does not intervene until the 4-second
time budget mark, the ADS issues a TOR and disengages. This makes it mandatory for the driver to either
apply brakes (where applying the maximum deceleration of 12 m/s? within 2.78 seconds of the TOR would
just prevent a crash), switch to the left lane, or perform a combination of both to avoid crashing with the
broken-down vehicle. Similar to the first run, the safety-critical event in the third run starts with the ego
vehicle following a slower-moving bus in the right lane. The ADS issues an uncertainty warning with a 7-
second time budget and applies brakes to slow down if the driver does not intervene until the time budget
is 3 seconds. It then follows the bus until the end of the scenario or intervention from the driver. The safety-
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critical events are summarized in Table 1. Further, to avoid unwanted interactions of the ego vehicle with
ambient traffic (other than the event vehicles), the ambient traffic was smoothly dissipated by changing the
speeds of the ambient vehicles about 2000 meters before the takeover event. Since the larger study focuses
on driver’s trust in automation that can change with prior experiences, the order of the runs was not
randomized to control the order of the takeover experiences for the participants.

2.3. Procedure

Before arriving at the lab for the driving simulator experiments, participants completed an online survey
designed to check their participation eligibility (see Section 2.6 for the eligibility criteria) and to gather
their sociodemographic and other behavioral/attitudinal details (see Souders et al., 2021 for details).
Eligible participants were directed to a website for scheduling a driving simulator session. During the lab
visit, participants signed an informed consent form and were introduced to the complete experiment
procedure. Then, they completed a practice run in the simulator that involved manually driving the
simulated vehicle in an urban environment. This run was designed to acclimatize them with the simulator
and to serve as a screening procedure for participants with simulator sickness, based on verbal confirmation
from participants and the experimenter’s assessment of their physical condition. Next, participants viewed
the introductory video for their randomly assigned group. A double-blind manipulation, where neither the
experimenter nor the participant knew about the assigned group, was implemented. Then, participants were
equipped with the eye-tracker and the EEG and ECG instruments. This study does not analyze EEG data;
please see Agrawal and Peeta (2020) for the detailed EEG-related analysis. Next, participants completed
another practice run with the ADS and NDRT concurrently on a four-lane divided highway to get
acquainted with the ADS’s activation/deactivation procedures and takeover warnings. They were also
informed about the expected actions for the two takeover warnings (i.e., focusing attention on the road after
an uncertainty alert without the need for intervention, and immediate intervention required after a TOR).
There was no ambient traffic in the practice run, except for the three slower-moving vehicles that were used
initially to illustrate the capabilities of the ADS to pass them. Traffic cones were used as obstacles to
simulate potential takeover events that trigger the issuance of a takeover warning. In addition, each takeover
warning was immediately preceded by a voice message (i.e., “pay attention to the road” for an uncertainty
alert and “take over manual control” for a TOR) to prepare the participants for the event. Participants
experienced both types of takeover warnings multiple times (at least three times each) during the practice
run. They were asked to activate the ADS about 30 seconds before each warning during the practice. The
minimum duration of this practice run was about six minutes; about two minutes for introducing the NDRT
and ADS and its capabilities, and about four minutes of minimum takeover practice with the warnings.
However, the practice run continued until the participants verbally confirmed that they are comfortable with
handling the ADS. Note that the practice run was not designed to provide a realistic takeover experience to
participants (relaxed time budget, voice message, and use of traffic cones instead of vehicles), but rather to
make them feel comfortable with handling the ADS. Following the practice run, participants completed
three experiment runs. They were instructed to keep the ADS activated throughout the run unless they are
concerned about road safety. In conditionally automated driving, it is expected that drivers would disengage
from driving and engage in other NDRTSs. Thus, to promote such behavior, participants were informed that
their final compensation for participation would depend on the number of correct responses to the NDRT
as well as road safety across all three runs. Regardless, all participants received full compensation of $45
at the end of the experiment. Participants also completed a few surveys between runs and after the three
runs (see Souders et al., 2021 for details). Our study does not use data collected from these surveys. Finally,
they were debriefed and compensated for their participation. The experiment protocol was approved by the
Purdue University’s Institutional Review Board (protocol #1811021326).
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2.4. Data preprocessing

Since the base HR differs across individuals, HR was normalized for each participant to alleviate the
individual differences. The normalized heart rate (NHR) for each individual is computed using Eq. (1),
where HR; is the heart rate at time step t, and HR;, and HR,,, are the minimum and maximum heart
rates, respectively, over all three runs. Therefore, the value of NHR is between 0 and 1.

HR; — HR i,
NHR= ——M— 1
HRmax - HRmin ( )

Pre-warning NHR (pre-NHR) and post-warning NHR (post-NHR) are computed by averaging the NHR
for 15-second time windows before and after the issuance of the uncertainty alert, respectively. Similarly,
pre-warning heart rate variability (HRV) and post-warning HRV are computed by taking the standard
deviation of HR within their respective 15-second time windows. A 15-second time window was chosen to
match the time window for the driving data used to compute the TOPI (see Section 2.5). The change in
NHR (ANHR) and the change in HRV (AHRV) due to the takeover warning were calculated as the
difference between post- and pre-warning values of NHR and HRV, respectively. We use pre-NHR and
pre-HRYV to assess driver’s pre-warning mental stress, and ANHR and AHRYV to assess the change in mental
stress after the takeover warning.

The eye-tracking measures (OGR and RAR) for each run are computed from the beginning of each run
until 10 seconds before the issuance of the uncertainty alert. A 10-second time window is chosen to have
as little gap as possible before the safety-critical events’ vehicle(s) visibly respond to execute the event.
Time intervals during which the participant disengaged the ADS (i.e., manual driving) were excluded while
computing these measures. We use these measures to assess driver’s SA during the automated driving
before the takeover event.

2.5. Takeover performance metric

This study uses the comprehensive takeover performance metric, Takeover Performance Index (TOPI),
proposed in our previous work (Agrawal and Peeta, 2020). Unlike other takeover performance metrics (e.g.,
RadIlmayr et al., 2018Db), the TOPI captures the interdependencies between different driving indicators and
provides a single metric to evaluate the overall takeover performance; thereby enabling us to analyze the
effects of driver state (i.e., SA and mental stress) and other factors (i.e., novelty in takeover experience and
type of takeover warning) on takeover performance.

The TOPI (see Agrawal and Peeta, 2020 for more details) is calculated by combining multiple driving
performance indicators representing different aspects of takeover performance: risk of collision, intensity
of driver’s response, and trajectory quality. For each of the driving performance indicators, a takeover
performance sub-index is calculated on a unit interval (i.e., a value between 0 and 1) using a sigmoid (non-
linear) function, as illustrated in Eq. (2).

_ 1

(2)

In Eq. (2), T; denotes the takeover performance sub-index for the driving performance indicator i and
x; is the value of the indicator. W; and c; are the spreading and centering parameters of the sigmoid function
that are determined by using insights from the literature and/or by making appropriate assumptions for the
given takeover situation. W; is back-calculated by substituting x; in Eq. (2) with a reference value of driving
performance indicator X; (spreading parameter reference) at the 75" percentile of T; (i.e., T; equal to 0.75).

8
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The TOPI is calculated by taking a geometric mean of all sub-indices, which results in the TOPI value
ranging from O to 1. A lower value of the TOPI indicates a poor takeover performance. Unlike arithmetic
mean, geometric mean inherently assigns more weight to lower values, which results in poor sub-indices
(i.e., values closer to 0) having a larger effect on the TOPI value. This makes the TOPI particularly useful
to assess safety-critical situations.

Since the current study and our previous study (Agrawal and Peeta, 2020) use data from the same
experiments, we use the same four driving performance indicators (i.e., minimum time-to-collision,
maximum longitudinal deceleration rate, maximum steering wheel angle, and maximum lateral road
deviation) and their corresponding parameter values to compute the TOPI value. Table 2 shows the
parameter values used to calculate the TOPI in this study. We use driving data collected within a 15-second
time window after the issuance of the uncertainty alert to compute driving performance indicators for the
TOPI. Further, the TOPI is not calculated for runs in which participants took over vehicle control before an
uncertainty alert was issued.

Table 2 Parameter values used in this study for computing the TOPI

Driving performance indicator Centering parameter (c;) Spreading parameter
reference (X;)
Minimum time-to-collision 2.5 seconds 1 second
Maximum deceleration rate 4.5 m/s? -2 m/s?
Maximum steering wheel angle 40 degrees -10 degrees
Maximum lateral road deviation 0.915m -0.457 m

2.6. Participants

Participants were recruited from the Greater Lafayette community in Indiana, through advertisements
in the Purdue University’s weekly email newsletter, paper fliers at community events, and word of mouth.
Participant eligibility criteria included: (i) being 18 years of age or older, (ii) having a valid driver’s license,
(iii) having no predisposition to motion sickness, (iv) self-reporting the absence of any mental impairments
or physical impairments that would make it difficult for them to get in and out of the simulator unassisted,
and (v) passing an over-the-phone memory impairment test (Wechsler Logical Memory Scale; Wechsler,
1997) if over the age of 64 years. In addition, participants were asked to avoid consuming any medication
or caffeine for at least 8 hours prior to the driving simulator experiment session (see Agrawal and Peeta,
2020 for details).

Overall, 134 drivers participated in this study, yielding a total of 402 experiment runs. Of these,
participants took manual control of the vehicle after a takeover warning was issued in 340 runs. Nineteen
runs were excluded from the analysis due to an unexpected error (a rogue vehicle appearing in front of the
ego vehicle) during the takeover event, resulting in a total of 321 runs for 131 participants with valid TOPI
values. Figure 2 shows the age (28.9 £ 13.8 years) and gender (68 females and 63 males) distribution of the
participants for these runs. Further, data was filtered to exclude runs with invalid eye-tracking and HR
measures from their corresponding analysis (see Section 4). The invalid physiological data was due to two
possible reasons: (i) eye-tracker or ECG equipment malfunctioned, resulting in their corresponding missing
or poor-quality data, and (ii) problems in synchronizing the physiological data with the driving data due to
missing timestamps. Thus, we partly or fully lost physiological data for some experiment runs, including
data loss for all three runs for some participants. Table 3 presents the valid data counts for the TOPI,
physiological indicators, and their combinations. Thus, the driving data used in this study and a previous
study (Agrawal and Peeta, 2020) are drawn from the same overall sample, but use different, non-exclusive



1  subsamples based on the data exclusion due to physiological data quality issues. The two studies use
2  different physiological data; this study uses eye-tracking and ECG data while the previous study used EEG
3 data
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6
7 Table 3 Valid data counts for the TOPI and physiological indicators
Measures Valid counts
TOPI pre-NHR & pre-HRV ANHR & AHRV OGR & RAR Runs Participants
v 321 131
v 250 103
v 227 100
v v 216 102
v v v 193 99
v 219 79
v v 194 79
4 4 4 128 62
v v v v 114 60

Note: v denotes valid data for the corresponding measures

8 3. Statistical analyses

9 As stated earlier, the study investigates the differences in driver’s SA and mental stress over time (i.e.,
10  successive experiment runs) and their impacts on takeover performance in conditionally automated
11  wvehicles. To do so, we use the following physiological measures as indicators of driver state: OGR and
12 RAR for SA during the automated driving, pre-NHR and pre-HRV for pre-warning mental stress, and
13 ANHR and AHRV for change in mental stress after the takeover warning. We use the TOPI to analyze the
14  effects of driver state on the overall takeover performance. In addition, we analyze the impacts of other
15  factors, including novelty in takeover experience (i.e., an indicator variable for the first run) and type of
16  takeover warning (uncertainty alert and TOR), on takeover performance using the TOPI. We also analyze
17  the correlations between these physiological indicators to investigate the relationship between SA and
18  mental stress in conditionally automated vehicles.
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We estimate linear mixed models (LMMs) to analyze the differences in physiological indicators over
successive experiment runs. LMM is used for two key reasons: (i) it accounts for the correlated errors that
arise due to panel data (multiple runs from the same participant) by modeling them as random effects, and
(ii) it provides unbiased results without the need to exclude the entire data (all three runs) for a participant
if a single data point (single run) is missing or invalid. Therefore, it enables us to use data for participants
who did not take over manual control of the vehicle (i.e., TOPI is not calculated) or did not have valid
physiological data in all three runs (see Table 3).

In this study, we estimate 12 LMMs, six to analyze the differences in each physiological indicator over
successive runs and another six to analyze the effect of each physiological indicator on the TOPI. The
reason for analyzing the impacts of physiological indicators on the TOPI separately is the loss of data for
combinations of physiological indicators (see Table 3). The basic form of the estimated LMMs to analyze
the differences in physiological indicators is given by Eq. (3) and to analyze their impacts on the TOPI is
given by Eq. (4).

Pl= o+ fruntVv+e 3)

(TOPD)? ~ By + Bpr + Prov + Pror +v + € €))

In Eqg. (3), PI denotes the physiological indicator and is the dependent variable for the corresponding
analysis. We analyze the differences in the physiological indicators over time by using a discrete variable
for experiment runs represented by B..,. We treat S.,, as a discrete variable instead of a continuous
variable to avoid assuming that the differences in physiological indicators over time are linear. In Eq. (4),
(TOPI)? denotes the square of the TOPI value and is the dependent variable. We transform (squared) TOPI
to meet the model assumption of normality of residuals. Bp;, Bnov, and Bror denote the effect of the
physiological indicator PI, novelty in takeover experience (indicator variable for the first run), and the
presence of TOR, respectively. In both equations, S, y, and & denote the model intercept, random effects
coefficient for the panel data, and normally distributed error term, respectively.

In our previous study (Agrawal and Peeta, 2020), we found a strong positive stepwise trend in driver’s
takeover performance due to learning effects after their first experience with a takeover situation (i.e.,
novelty effects). We also reported a strong negative effect of the presence of TOR on takeover performance
in the same study. Thus, we model these effects as covariates in the current study to accurately analyze the
effects of physiological indicators on takeover performance.

A likelihood-ratio test (LRT) is used to assess the goodness-of-fit of two or more nested models (i.e.,
one model has all the parameters of the other) (Bollen, 1989). In this study, we assess each LMM with its
corresponding null model (i.e., linear model without the random effects) using the LRT. If the LRT does
not indicate a better goodness-of-fit of the LMM compared to its null model, the linear model is used to
analyze the corresponding effects. The models were estimated using the “Ime4 v1.1.17” package in R 4.0.0
(Bates et al., 2015; R Core Team, 2020). The model assumption of normality of residuals is tested using
visual inspection of a quantile-quantile (QQ) plot. Further, the statistical significance of differences in the
physiological indicators over experiment runs is tested using ANOVA (analysis of variance) for the
estimated LMMs. Satterthwaite’s formula is used to approximate the effective degrees-of-freedom to
account for different sample variances in ANOVA. Post-hoc multiple comparison Tukey’s test with Holm-
Bonferroni correction for family-wise error rate is also performed to pairwise compare these differences
between runs. The correlations between the physiological indicators are estimated using repeated measures
correlation analysis to account for the panel data (Bakdash and Marusich, 2017).
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4. Results

4.1. Descriptive results

In this experiment, though participants were informed that an uncertainty alert does not entail manual
intervention (see Section 2.1.2), most of them (119 out of 131 participants with a valid TOPI) took over
manual control of the ADS after an uncertainty alert but before a TOR in at least one of the three runs. We
observed crashes in 3 out of 321 runs, one in each of the three runs and by three different participants. The
mean and standard deviation of takeover time (i.e., the time elapsed after the issuance of an uncertainty
alert before the participant intervened) in this experiment were 3.92 seconds and 1.34 seconds, respectively.

Uncertainty alert issued

0.65 an

—o— All Run 2
0.60  —« Run1 —4— Run 3

0.55

Normalized heart rate
o
o

-20 -15 -10 -5 0 5 10 15 20
Time (sec)
Figure 3 Normalized heart rates before and after the uncertainty alert with 95% confidence
interval bands for each run

Figure 3 shows the average NHRs before and after the uncertainty alert for all participants with valid
HR data for all three runs and their average. It illustrates that the NHR after the warning increases for about
6 to 8 seconds, which is similar to the time budget for the uncertainty alert used in this experiment (see
Table 1), and then returns to normal in about 15 seconds from the uncertainty alert. This is most likely due
to the increase in mental stress as participants approach the blocking vehicle, which starts reducing (for
most participants) after they have successfully maneuvered around the blocking vehicle. Further, the figure
shows that the NHR after the warning is higher in Run 1 compared to the other two runs. This suggests that
the participants experienced higher mental stress in the first run that decreased in the later runs, most likely
because they became more comfortable with the driving simulator and the overall experiment setup as the
experiment progressed.

4.2. Physiological indicators

This section discusses the results of the estimated LMMs and post-hoc analyses to evaluate the
differences in driver’s SA and mental stress over successive experiment runs using physiological indicators.
A visual inspection of the QQ plots suggests that the residuals of all the estimated models are normally
distributed. It also analyzes the correlations between these physiological indicators. Figure 4 illustrates the
mean and standard deviation of the six physiological indicators across experiment runs.

12
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Figure 4 Mean and standard deviation of the six physiological indicators, by run
4.2.1. On-road glance rate (OGR)

The model estimation results for differences in OGR over runs are presented in Table 4. A likelihood-
ratio test (y2(1) = 84.41, p < 0.001) illustrates a significantly better goodness-of-fit of the LMM (N =
219, groups = 79) compared to its corresponding null model. Model results show significant differences
in OGR for different runs (F(2,142.7) = 16.241, p < 0.001). A multiple comparison Tukey’s test
indicates that OGR is significantly higher in Run 1 compared to Run 2 and Run 3. This suggests that the
drivers monitored the road more frequently in the first run, which could be attributed to their first real
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experience with the ADS in the driving simulator. In this context, while they practiced driving with the
ADS in the practice run, it was in a simplified driving environment with no traffic (see details in Section
2.3). However, no significant differences in OGR were found between Run 2 and Run 3. These results
suggest that drivers were quick to adjust the frequency of on-road glances that they believe is sufficient to
maintain their desired levels of SA after their first run.

Table 4 Model results for on-road glance rate (OGR)

Parameter Estimate/Value Std. Error DF Sig.
Data N (runs) 219
Groups 79
(participants)
Fixed Effects Intercept 0.101 0.010 130.6 <0.001
Run 1 0.050 0.009 142.2 <0.001
Run 2 0.013 0.009 142.3 0.167
Random Effects Group variance 0.005
LRT (x?) 84.41 1 <0.001
ANOVA Run (F) 16.241 (2,142.7) <0.001
Multiple Run2-Run1 -0.038 0.009 <0.001
Comparison Run3-Runl -0.050 0.009 <0.001
Tukey’s test Run 3—-Run 2 -0.013 0.009 0.165

4.2.2. Road attention ratio (RAR)

The model estimation results for differences in RAR over runs are presented in Table 5. A likelihood-
ratio test (y2(1) = 123.18, p < 0.001) illustrates a significantly better goodness-of-fit of the LMM (N =
219, groups = 79) compared to its corresponding null model. LMM results show significant differences
in RAR for different runs (F(2,141.5) = 24.111, p < 0.001). A multiple comparison Tukey’s test
indicates that RAR is significantly higher in Run 1 compared to Run 2 and Run 3. No significant differences
in RAR were found between Run 2 and Run 3. Similar to OGR, this suggests that drivers monitored the
road for longer duration, on average, in the first run, but were quick to adapt their road monitoring behavior
to maintain their desired levels of SA.

Table 5 Model results for road attention ratio (RAR)

Parameter Estimate/Value Std. Error DF Sig.
Data N (runs) 219
Groups (participants) 79
Fixed Effects Intercept 0.113 0.011 113.8 <0.001
Run 1 0.054 0.008 1411  <0.001
Run 2 0.012 0.008 141.2 0.140
Random Effects Group variance 0.007
LRT (x?) 123.18 1 <0.001
ANOVA Run (F) 24.111 (2,141.5) <0.001
Multiple Run2-Runl -0.042 0.008 <0.001
Comparison Run3-Run1l -0.054 0.008 <0.001
Tukey’s test Run 3 - Run 2 -0.012 0.008 0.138

14



coNOoO ol h~wWwNh -

el ol
A WNRFR OO

-
ol

16

17
18
19
20
21
22

23

4.2.3. Pre-warning normalized heart rate (pre-NHR)

The model estimation results for differences in pre-NHR over runs are presented in Table 6. A
likelihood-ratio test (y2(1) = 76.09, p < 0.001) illustrates a significantly better goodness-of-fit of the
LMM (N = 250, groups = 103) compared to its corresponding null model. Model results show
marginally significant differences in pre-NHR for different runs (F(2,155.1) = 2.928, p = 0.056). A
multiple comparison Tukey’s test indicates that pre-NHR is marginally higher in Run 1 compared to Run
2. These results suggest that drivers experienced marginally higher mental stress before the takeover
warning in the first run compared to the second run. This is consistent with other driving simulator studies
that have reported a decrease in HR due to driving stress as the experiment progresses (time-on-task effects)
(de Winter et al., 2014). It happens because the participants become more comfortable with the experiment
setup over time. However, no significant differences in the pre-NHR were observed between Run 3 and
other runs. This could be due to the presence of two counteracting factors: (i) expected reduction in stress
with an increase in time-on-task, and (ii) an increase in the level of stress after experiencing a mandatory
takeover situation in the second run (fixed order of runs).

Table 6 Model results for pre-warning normalized heart rate (pre-NHR)

Parameter Estimate/Value Std. Error DF Sig.
Data N (runs) 250
Groups (participants) 103
Fixed Effects Intercept 0.453 0.015 175.5 <0.001
Run 1 0.023 0.014 156.2 0.099
Run 2 -0.010 0.014 153.7 0.472
Random Effects Group variance 0.012
LRT (x?) 76.09 1 <0.001
ANOVA Run (F) 2.928 (2,155.1) 0.056
Multiple Run2-Runl -0.033 0.014 0.053
Comparison Run3-Run1l -0.023 0.014 0.194
Tukey’s test Run 3-Run 2 0.010 0.014 0.471

4.2.4. Pre-warning heart rate variability (pre-HRV)

The model estimation results for differences in pre-HRV over runs are presented in Table 7. A
likelihood-ratio test (y2(1) = 37.78, p < 0.001) illustrates a significantly better goodness-of-fit of the
LMM (N = 250, groups = 103) compared to its corresponding null model. ANOVA did not show any
statistically significant differences in pre-HRV across runs (F(2,145.8) = 1.677, p = 0.191). Hence, a
post-hoc multiple comparison Tukey’s test is not performed. This indicates that the pre-HRV did not
significantly differ across three runs.

Table 7 Model results for pre-warning heart rate variability (pre-HRV)

Parameter Estimate/Value  Std. Error DF Sig.
Data N (runs) 250
Groups 103
(participants)
Fixed Effects Intercept 3.289 0.184 186.3 <0.001
Run 1 0.357 0.196 147.3 0.070
Run 2 0.193 0.191 143.97 0.315
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Random Effects Group variance 1.580
LRT (x?) 37.78 1 <0.001
ANOVA Run (F) 1.677 (2, 145.8) 0.191

4.2.5. Change in normalized heart rate (ANHR)

The model estimation results for differences in ANHR over runs are presented in Table 8. A likelihood-
ratio test (y2(1) = 42.57, p < 0.001) illustrates a significantly better goodness-of-fit of the LMM (N =
227, groups = 100) compared to its corresponding null model. ANOVA did not show any statistically
significant differences in ANHR across runs (F(2,147.0) = 1.147, p = 0.320); thus, a post-hoc multiple
comparison Tukey’s test is not performed. The results indicate that ANHR during the takeover event did
not significantly differ for drivers between the three runs. This suggests that drivers’ prior experiences With
takeover events may not have a significant impact on the increase in stress levels, which could have negative
implications for road safety and drivers’ trust in the ADS. However, these results may be valid only in the
short-term as we only used three experiment runs, and therefore, further research is needed to examine the
long-term effects.

Table 8 Model results for change in normalized heart rate (ANHR)

Parameter Estimate/Value Std. Error DF Sig.
Data N (runs) 227
Groups (participants) 100
Fixed Effects Intercept 0.035 0.015 189.6 0.019
Run 1 0.024 0.017 146.9 0.157
Run 2 0.003 0.016 146.2 0.837
Random Effects Group variance 0.009
LRT (x?) 42.57 1 <0.001
ANOVA Run (F) 1.147 (2,147.0) 0.320

4.2.6. Change in heart rate variability (AHRV)

The model estimation results for differences in AHRV over runs are presented in Table 9. A likelihood-
ratio test (y2(1) = 5.94, p = 0.015) suggests that the LMM (N = 227, groups = 100) has a significantly
better goodness-of-fit compared to its corresponding null model. We did not observe any statistically
significant differences in AHRV across runs (F (2, 146.6) = 0.940, p = 0.393). Hence, a post-hoc multiple
comparison Tukey’s test is not performed. Similar to the ANHR results, these results indicate statistically
non-significant differences in the increase in mental stress during the takeover event across all three runs.

Table 9 Model results for change in heart rate variability (AHRV)

Parameter Estimate/Value  Std. Error DF Sig.

Data N (runs) 227

Groups 100

(participants)

Fixed Effects Intercept 0.541 0.217 218.5 0.013
Run 1 -0.213 0.294 147.1 0.469
Run 2 -0.384 0.281 1441 0.174

Random Effects Group variance 0.806
LRT (x?) 5.94 1 0.015
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ANOVA Run (F) 0.940 (2, 146.6) 0.393

4.2.7. Correlation analysis

The estimated repeated measures correlations between the physiological indicators are presented in
Table 10. We found a strong positive correlation between OGR and RAR, which is expected as both of
them are indicators of driver’s SA from monitoring of the road. We also found a strong negative correlation
between pre-NHR and ANHR and between pre-HRV and AHRV, which can be attributed to their functional
relationship. We found that RAR has a significant positive correlation with pre-HRV, indicating that drivers
with higher SA during automated driving may have lower pre-warning mental stress. However, no
statistically significant correlations were found between eye-tracking measures (OGR and RAR) and NHR
measures (pre-NHR and ANHR). Overall, these results suggest that driver’s SA during automated driving
may or may not affect their mental stress significantly in conditionally automated vehicles. Moreover,
although both NHR and HRV measures are associated with mental stress, they did not have a strong
correlation.

Table 10 Repeated measures correlation matrix for physiological indicators

Indicators OGR RAR pre-NHR pre-HRV ANHR AHRV
OGR -
RAR 0.498 -
(139, < 0.001)
pre-NHR 0.023 0.079 -
(84, 0.831) (84, 0.468)
pre-HRV  0.143 (84, 0.249 (84, 0.141 (1486, -
0.188) 0.021) 0.088)
ANHR -0.125 -0.010 -0.487 -0.107 (126, -
(72,0.288) (72,0.936) (126, < 0.001) 0.227)
AHRV -0.214 (72, -0.118 (72, -0.063 (126, -0.725 (126, 0.151 (126, -
0.067) 0.317) 0.478) <0.001) 0.089)

Note: Degrees of freedom and p-value are shown in parentheses

4.3. Takeover performance

The effect of ANHR (F(1,160.8) = 5.964, p = 0.016) on the TOPI was found to be statistically
significant. However, a likelihood-ratio test (y%(1) = 1.659, p = 0.198) shows that the LMM (N =
193, groups = 99) did not have a better goodness-of-fit compared to its corresponding null model. Thus,
takeover performance is evaluated using a linear model with no random effects. A visual inspection of the
QQ plot suggests that the residuals are normally distributed. The model results of the estimated linear model
are presented in Table 11. An adjusted R-squared value of 0.281 indicates a good model fit. Model results
show significant negative effects of the novelty in takeover experience (F(1,189) = 70.320, p < 0.001)
and the presence of TOR (F(1,189) = 21.950, p < 0.001) on the TOPI. These results are consistent with
the findings of our previous work that discussed their effects in detail (Agrawal and Peeta, 2020). The
results also indicate a significant negative effect of ANHR on the TOPI (F(1,189) = 3.946, p = 0.048).
This suggests that the change in driver’s heart rate after the takeover warning significantly affects their
takeover performance. Previous studies have linked an increase in heart rate with the surprise emotion in
unexpected events (Jang et al., 2015) and with an increase in task-induced mental stress (Alrefaie et al.,
2019). In our context, the unexpected event is the takeover situation, and the task is taking over vehicle
control. Past studies have also shown that the effects of mental stress on decision-making and performance
are task-specific (Starcke and Brand, 2012). This suggests that the increase in stress (i.e., higher ANHR)
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during a takeover event may have led to poor instantaneous decision-making by drivers resulting in in poor
takeover performance. However, it should be noted that the increase in stress after the takeover warning
may have a bi-directional relationship with takeover performance, as inadequate or improper driving
responses during a rapidly evolving takeover situation could cause more stress to the driver. Note that the
dependent variable is the square of the TOPI; hence, the estimated results represent a quadratic relationship
between the independent variables and the TOPI instead of a linear relationship. This may affect the size
of the (marginal) effect size, but since the TOPI value lies between 0 and 1, the sign of the effect remains
unaffected.

The effects of OGR (F(1,122.9) = 0.052, p = 0.820), RAR (F(1,122.1) = 0.354, p = 0.553), pre-
NHR (F(1,179.1) = 0.172, p = 0.679), and pre-HRV (F(1,200.6) = 0.003, p = 0.954) on the TOPI
were not found to be statistically significant. These results suggest that the driver’s SA during automated
driving and their level of stress before the takeover warning do not have a significant impact on takeover
performance. This is interesting as previous studies have suggested that increasing driver’s SA could
improve their takeover performance (Olaverri-Monreal et al., 2018; Petersen et al., 2019). There are two
possible explanations for this. First, those studies do not use a comprehensive takeover performance metric
and, thereby, observed improvements in only some aspects of the takeover performance (e.g., reaction
times) but not the overall takeover performance. Second, our study participants maintained a sufficient level
of SA, and hence it did not significantly affect their takeover performance. Unlike ANHR, the effects of
AHRV (F(1,191.2) = 0.936, p = 0.335) on the TOPI were found to be statistically non-significant.

Table 11 Model results for the effects of ANHR on the TOPI

Parameter Estimate/Value  Std. Error DF Sig.
Data N (runs) 193

Fixed Effects Intercept 0.393 0.016 <0.001
Novelty -0.214 0.025 <0.001
TOR -0.119 0.025 <0.001

ANHR -0.150 0.075 0.048
Model Model fit (F) 26.030 (3,189) <0.001

Adjusted R-squared 0.281

Novelty: Novelty in takeover experience
TOR: Presence of TOR

5. Discussion

The study results show a significantly higher SA in the first run compared to the later runs, measured
by eye-tracking indicators (i.e., OGR and RAR), as illustrated in Table 4 and Table 5. However, it was not
found to be significantly different among the later runs. This suggests that drivers initially expended more
visual resources to scan the road environment, most likely due to the novelty in the automated driving
experience, but they were quick to adjust their road monitoring behavior to maintain a level of SA during
automated driving that they deemed to be sufficient (i.e., lower level of SA in runs 2 and 3 compared to run
1). Note that the two practice runs were designed to acclimatize drivers with the driving simulator (first
practice run) and make them feel comfortable interacting with the ADS and NDRT (second practice run).
However, the practice runs had oversimplified traffic conditions, and hence did not provide drivers with a
realistic automated driving experience. This enables us to assess driver state during automated driving in
realistic traffic environments over time, including their first experience (i.e., Run 1). A key advantage of
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driver monitoring systems is that they can track driver state in real-time, which the vehicle can use to alert
the driver or take certain maneuvering actions.

Previous studies have reported that the driver’s HR reduces and HRV increases over time in partially
automated vehicles (Heikoop et al., 2018, 2017). These trends in HR measures are attributed to a decrease
in mental stress, and an increase in passive fatigue and mental underload during automated driving.
However, our results show only a marginal decrease in pre-NHR across different runs, as illustrated in
Table 6. This suggests that the HR and, thereby, mental stress may not reduce significantly over time under
conditional automation. However, since we did not compare between driving in partially automated
vehicles and conditionally automated vehicles, it is possible that the heart rate is initially lower (i.e., lower
mental stress) under conditional automation. In addition, we did not find significant differences in ANHR
and AHRV between runs (see Table 8 and Table 9). This suggests that the time spent in automated driving,
as well as the number of takeover experiences, may not affect the change in the driver’s mental stress during
an unexpected takeover situation. Further, the lack of significant correlations between NHR and HRV
measures (see Table 10) illustrates the challenges of estimating driver state accurately using such
physiological indicators. This suggests the need to consider multiple sources of physiological data in in-
vehicle driver monitoring systems to better estimate the driver state under conditional automation.

The lack of correlations between eye-tracking measures and post-warning change in HR measures
(ANHR and AHRYV) indicates that the level of SA during automated driving has a non-significant impact
on the change in mental stress after the takeover warning. However, the significant and non-significant
correlations of RAR with pre-NHR and pre-HRV, respectively, do not provide conclusive evidence of
correlation between SA during automated driving and pre-warning mental stress. The characteristics of
NDRT in this study (requires visual attention but low mental effort) may also have affected the relationship
between them. These insights suggest that driver monitoring system designers should consider using
different sources of physiological data to assess the driver state as a single source may not be sufficient to
estimate different aspects of the driver state.

The results also illustrate a significant negative effect of ANHR on the TOPI. This suggests that
unexpected takeover events that require immediate safety-critical responses from drivers increase their
mental stress, which could further lead to poor instantaneous decision-making while taking control of the
vehicle from the ADS. In addition, a bi-directional relationship is possible whereby improper driving
responses lead to a more dangerous situation that increases driver’s mental stress. Future studies can
investigate this potential bi-directional relationship between the increase in stress and takeover
performance. Further, as discussed earlier, we did not find any significant differences in ANHR over time
(successive experiment runs). This indicates that prior experiences with takeover situations may not affect
the change in driver’s mental stress during an unexpected takeover situation over time, suggesting that
learning from prior takeover experiences may be overshadowed by the surprise factor with the unexpected
event. Previous studies have reported that absence of crashes during automated driving help increase user’s
trust in the system (Gold et al., 2015), and that higher trust promotes the adoption of automated vehicles
(Choi and Ji, 2015). In this context, the study insights can aid policymakers to develop operator training
programs that focus on mental stress management during takeover situations so as to enhance driver’s trust
in conditionally automated vehicles and promote their adoption. They also suggest that it may be useful for
auto manufacturers to monitor the changes in driver’s mental stress during takeover situations through
driver monitoring systems, and adjust the ADS and takeover warning system parameters to reduce mental
stress increase to enhance user experience and road safety.

Most drivers intervened directly after an uncertainty alert (i.e., before a TOR) in this study. This
takeover behavior could result from a combination of the tendency to intervene when provided with a
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sufficient time budget (Epple et al., 2018) or with a lower level of trust in the ADS (Korber et al., 2018). In
line with our previous work (Agrawal and Peeta, 2020), the results illustrate significant negative impacts
of novelty in takeover experience and the presence of TOR on takeover performance. Note that since the
experiment runs were not randomized, the impacts of novelty in takeover experience on the TOPI could
also be due to scenario-specific factors (i.e., time budget or the difficulty of the takeover situation).
Nevertheless, these findings have key implications for policymakers to develop operator training and driver
licensing strategies as well as for auto manufacturers to design fallback procedures, as discussed in our
previous work. We did not find significant impacts of driver’s SA during the automated driving (OGR and
RAR) and pre-warning mental stress (pre-NHR and pre-HRV) on their takeover performance. This suggests
that the driver’s SA did not significantly impact their takeover performance under conditional automation
in this study. However, we did not manipulate SA in this study, and hence the lack of significant effects of
SA may be because the drivers maintained a sufficient level of SA that is needed in conditionally automated
vehicles. The lack of significant effects of pre-warning mental stress on the TOPI is consistent with the
findings in our previous work that analyzed the effects of driver’s pre-warning cognitive state on the TOPI
using EEG indicators (Agrawal and Peeta, 2020). However, in our previous study, we did find the effects
of certain pre-warning cognitive states like fatigue, drowsiness, passive attention, and low alertness on the
TOPI. Although eye-tracking and heart rate measures do not provide a very detailed profile of the driver
state that EEG-based measures would, unlike EEG they can be measured using in-vehicle driver monitoring
systems and have real-world applications.

6. Concluding Comments

This study analyzes the differences in driver state (in terms of SA and mental stress) over time and their
impacts on takeover performance using driving simulator experiments. Driver’s SA and mental stress are
estimated using physiological indicators that can be measured by in-vehicle driver monitoring systems in
the real world. Estimating driver state using eye-tracking and heart rate measures have certain limitations.
For example, certain eye-tracking indicators are correlated with SA, but these measures only capture the
perception element of SA and not the comprehension and projection of future state elements, as described
by Endsley (1988). However, although these indicators do not provide a detailed profile of driver state, they
can be used by auto manufacturers to adjust the ADS and takeover warning system parameters based on
the driver state to enhance road safety and user experience.

The study results show that drivers quickly adjust their road monitoring behavior and consequently
their SA after the first automated driving experience. They also show that drivers experience a similar
increase in mental stress during a takeover event over time, which becomes a critical issue from the road
safety perspective as a higher increase in mental stress results in reduced takeover performance. Thus, the
results illustrate the importance of considering driver state characteristics such as mental stress in
conditionally automated vehicles to evaluate driver’s takeover performance and take appropriate actions in
real-time to enhance road safety by leveraging in-vehicle driver monitoring systems. The study findings
provide valuable insights to auto manufacturers and policymakers to design integrated in-vehicle driver
monitoring and warning systems, operator training programs, and driver licensing strategies for
conditionally automated vehicles, as discussed in the previous section.

The study has the following limitations that can be addressed in future research. First, the study sample
is skewed towards younger adults (less than 35 years of age). Further experimentation with a more
representative sample of the general population can improve the generalizability of the results. Second,
there was a significant data loss due to invalid physiological data, which could also affect the
generalizability of the data and results. Future efforts can focus on designing data collection protocols more
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carefully. Third, the order effects of experiment runs were not considered in the analysis. Future studies
can randomize the experiment runs to control these studies, which may provide better insights regarding
the impacts of time-on-task and type of takeover situation on the driver state and takeover performance.
Fourth, the characteristics of the takeover situation (e.g., time budget) affects takeover performance in
automated vehicles (Gold et al., 2013). Thus, the study findings are, to some extent, contingent on the tested
takeover scenarios. The generalizability of the study findings can be increased by collecting more data
under different takeover situations.

Some potential future directions are as follows. First, other data that can be collected using in-vehicle
driver monitoring systems such as skin conductance and facial expressions can be used to augment the eye-
tracking and heart rate measures for evaluating takeover performance. Second, future research can identify
optimal size of time windows for computing HR variables to gauge their impacts on takeover performance.
Third, the effects of NDRT on physiological indicators, especially eye-tracking measures, and their impacts
on takeover performance can be explored. Fourth, future studies can focus on developing integrated in-
vehicle driver monitoring and takeover warning systems for conditionally automated vehicles that use the
real-time estimation of driver state to predict driver’s response in a takeover situation and provide timely
and appropriate warnings to prepare them for the approaching road safety hazards.
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