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Figure 1: The test track which was used in the experiment.

ABSTRACT
Drivers’ role changes with increasing automation from the primary
driver to a system supervisor. This study investigates how super-
vising an SAE L2 and L3 automated vehicle (AV) affects drivers’
mental workload and sleepiness compared to manual driving. Using
an AV prototype on a test track, the oscillatory brain activity of 23
adult participants was recorded during L2, L3, and manual driving.
Results showed decreased mental workload and increased sleepi-
ness in L3 drives compared to L2 and manual drives, indicated by
self-report scales and changes in the frontal alpha and theta power
spectral density. These findings suggest that fatigue and mental un-
derload are significant issues in L3 driving and should be considered
when designing future AV interfaces.
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1 INTRODUCTION
With increasing vehicle automation, drivers’ role changes. While L0
SAE [32] vehicles are operated solely by the driver, SAE L2 vehicles

64

https://orcid.org/0000-0001-7618-4852
https://orcid.org/0000-0002-3291-2683
https://orcid.org/0000-0001-6139-5382
https://orcid.org/0000-0003-2844-0465
https://orcid.org/0000-0002-2668-2527
https://orcid.org/0000-0002-1975-5716
https://orcid.org/0000-0002-0512-565X
https://doi.org/10.1145/3581754.3584133
https://doi.org/10.1145/3581754.3584133
https://doi.org/10.1145/3581754.3584133
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3581754.3584133&domain=pdf&date_stamp=2023-03-27


IUI ’23 Companion, March 27–31, 2023, Sydney, NSW, Australia Figalová et al.

can take over the driving task when certain conditions are met.
Nevertheless, L2 vehicles must be constantly monitored. This is no
longer necessary on SAE L3 - drivers may engage in non-driving-
related activities while the vehicle operates in an automated mode.
This will likely result in a significant shift in the skills and abilities
drivers need to possess.

The success of the transition to automated vehicles (AVs) depends
on drivers’ ability to adapt to their new role as monitors rather than
primary operators. However, drivers may not be well prepared for
this change [2, 6, 27]. Automated driving systems can perform the
active tasks of steering and navigating complex traffic situations,
while drivers are expected to passively supervise the system. This
can lead to mental underload [26, 35]. The lack of stimulation makes
highly automated driving difficult to satisfy psychological fulfil-
ment and user experience [11], resulting in drivers being unable
to stay alert during extended periods of automated driving [3, 37].
Therefore, AV drivers experience more fatigue compared to those
driving manually [22, 28].

Fatigue significantly impairs the driver’s ability to operate a
vehicle safely [13, 21, 24, 25], hinders their attention [4], and sit-
uation awareness [5]. Moreover, drivers tend to misuse or abuse
the AV system, either intentionally or due to a lack of understand-
ing of their tasks as AV operators [30, 31]. These issues should be
addressed when designing an intelligent user interface (UI) that
monitors and supports drivers’ performance [10, 20, 36, 40] and
manages their attention [1, 41, 42].

Drivers fatigue can be detected using computer vision [9, 39, 43]
and artificial intelligence [17, 38] using measures such as eyelid
closure [7, 44], electrocardiogram [16], or electroencephalography
(EEG) [15, 29, 33]. Most EEG studies report an increase in frontal
alpha activity as an indicator of fatigue, while an increase in frontal
theta power indicates a higher mental workload (for an overview,
see Lohani et al. [23]). Detecting the driver’s state is crucial for
adaptive UIs. However, we should use a prophylactic approach to
design safe, desirable, and acceptable intelligent UIs. Therefore, we
must understand what drivers experience while monitoring the AV
to design UIs that meet their needs.

Most research on driver fatigue and mental underload has been
conducted using driving simulators [8], which have limitations that
may affect the relevance of findings in the real world [14]. Moreover,
most studies used scenarios that differ from what drivers would
encounter in actual AVs (e.g., critical situations are rather unusual
in natural traffic conditions [18], although they occur relatively
frequently in simulator experiments). We propose an experiment
using a test track and an AV prototype to address these issues.
Participants will experience a monotonous, non-stimulating task
similar to operating real L2 and L3 AV. We will measure sleepiness
and mental workload using self-report scales and EEG. The goal
is to compare drivers’ cognitive states when interacting with L2
and L3 automation in a realistic setting. Our results will serve as a
knowledgebase for the designers of future intelligent UIs for highly
automated vehicles.

2 METHOD
2.1 Apparatus and experimental conditions
We used an AV prototype (VW Golf 7) at a test track in Stuttgart,
Germany (Figure 1). The AV travelled in loops of 2000 m at a speed
of 50 km/h on straight sections and 20 km/h in curves. The EEG was
recorded using 32 channels placed according to the international
10-20 system. We used active electrodes and kept the impedance
below 25𝑘Ω. The data were recorded with a 1000 Hz sampling rate.
The perceived mental workload was assessed using the NASA-TLX
[12]. Sleepiness was measured using the Karolinska sleepiness scale
[34].

Participants experienced three counterbalanced conditions (17
minutes each): monitoring an SAE L3 vehicle; driving an SAE L2
vehicle; manual driving. Participants were primed about the differ-
ences in their tasks in each condition. In the L3 ride, participants
were told that the vehicle would request them to take control in
advance if necessary. In the L2 ride, participants were told to su-
pervise the automated system constantly and intervene in case of
failure. In the manual ride, participants were asked to drive at 50
km/h on straight portions and slow to 20 km/h in curves.

2.2 Participants
We recruited 23 participants (14 females; M = 41.24 years; SD =
14.71) with no prior AV experience. All participants had normal or
corrected-to-normal vision, no known neurological or psychiatric
disease, and a valid German driving license (on average for M =
18.12 years, SD = 12.63). All participants provided informed consent
and received 90 Euros.

2.3 EEG signal processing and analysis
The EEG data were preprocessed in Matlab version R2022a accord-
ing to the BeMoBil pipeline [19]. The cleaned data were bandpass-
filtered between 0.5 and 30 Hz. The relative spectral power density
was analyzed in the theta band (4-8 Hz) and the alpha band (8 to 12
Hz) on the Fz electrode.

3 RESULTS
3.1 Self-report mental workload and sleepiness
A repeated measures ANOVA with a Greenhouse-Geisser correc-
tion determined that the mean NASA-TLX score differed between
the rides (F (1.569, 34.514) = 7.313, p=.004, 𝜔2 = 0.070). Post-hoc
testing using the Bonferroni correction revealed that the mental
workload was lower in the L3 rides compared to the L2 rides (mean
difference=10.957, p=.020, d=.537), and in the L3 rides compared to
the manual rides (mean difference=14.043, p=.002, d=.688).

Figure 2a presents the mean score of the six dimensions of NASA-
TLX measured after the L2, L3, and manual rides. The scores sug-
gest higher mental, physical, and effort demands in the manual
rides compared to the L3 rides. Furthermore, we found a higher
performance demand for the L2 rides compared to the L3 rides.
Moreover, we compared the self-report sleepiness. A repeated mea-
sures ANOVA with a Greenhouse-Geisser correction determined
that the mean KSS score differed between the rides (F (1.961, 43.147)
= 3.386, p=.044, 𝜔2 = 0.019). Post-hoc testing using the Bonferroni
correction revealed that drivers experienced more sleepiness in
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Figure 2: (a) The mean scores of the six dimensions of mental
workload measured by NASA-TLX after each ride. (b) The
relative power spectral density measured on the Fz electrode
in the theta (4-8 Hz) and alpha (8-12 Hz) band. Significant
differences in the mean scores are marked with an asterisk.
The error bars represent the 95% confidence interval.

the L3 rides compared to the manual rides (mean difference=0.826,
p=.039, d=.407).

3.2 EEG measures
We assessed the power spectral density in the theta (4-8 Hz) and
alpha (8-12 Hz) bands. Results are visualised in 2b. A repeated mea-
sures ANOVA determined that the theta power differed between
the rides (F (2.000, 42.000) = 4.937, p=.012, 𝜔2 = 0.008). Post-hoc test-
ing using the Bonferroni correction revealed that the theta power
was higher in the manual rides compared to the L3 rides (mean
difference=0.013, p=.010, d=.246), which suggests that drivers expe-
rienced higher mental workload when driving manually.

Moreover, a repeated measures ANOVA determined that the
alpha power differed between the rides (F (2.000, 42.000) = 4.417,
p=.018,𝜔2 = 0.021). Post-hoc testing using the Bonferroni correction
revealed that the alpha power was higher in the L3 rides compared
to the manual rides (mean difference=0.028, p=.016, d=.405), which
suggests that drivers experienced more fatigue and drowsiness
during the L3 rides.

4 DISCUSSION
The present study reports preliminary findings on the perception
of L3 driving among drivers in a real AV. Our results suggest that
self-reported mental workload was lowest during L3 rides, with no
difference in mental workload between L2 and manual rides. The
decreased frontal theta brain activity during L3 rides supports the
idea that drivers experience a low mental workload while passively
monitoring L3 AVs. Moreover, we found no difference between
manual and L2 rides but a significant difference between manual
and L3 rides. The increased alpha activity during L3 rides supports
the argument that drivers become more fatigued and drowsy while
passively monitoring L3 AVs.

Our findings are consistent with previous research indicating
that vehicle automation reduces mental workload [3, 8, 22, 26, 35]
and increases drowsiness [22, 28, 37]. However, previous studies
primarily focused on L2 driving, and only scarce evidence has
been published about L3 AVs outside the driving simulator. Our
results suggest that the underload effect on mental workload may
be further pronounced in L3 driving, which can be potentially
dangerous given that L3 drivers are still partially responsible for
the driving task [32]. This study was conducted on a test track with
automation inexperienced drivers. Real traffic environment, as well
as the effect of long-term experience with automation, should be
addressed in future studies.

In conclusion, our experiment highlights the importance of de-
signing UIs for L3 vehicles with consideration for drowsy and inat-
tentive drivers. Dynamic UIs that manage drivers’ attention and
adapt to the current driving context are recommended. Issues such
as attention shifting and cue saliency must be addressed. A driving
monitoring system that detects inattention and engages with the
driver in a timely manner ahead of a control transition should be
included in the design of safe and desirable UIs for L3 vehicles.
Further research is necessary to provide more specific recommen-
dations addressing sleepiness and mental underload in the design
of intelligent UIs for L3 AVs.
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