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Abstract: This study investigated how driver discomfort was influenced by different types of
automated vehicle (AV) controllers, compared to manual driving, and whether this response changed
in different road environments, using heart-rate variability (HRV) and electrodermal activity (EDA).
A total of 24 drivers were subjected to manual driving and four AV controllers: two modelled to depict
“human-like” driving behaviour, one conventional lane-keeping assist controller, and a replay of their
own manual drive. Each drive lasted for ~15 min and consisted of rural and urban environments,
which differed in terms of average speed, road geometry and road-based furniture. Drivers showed
higher skin conductance response (SCR) and lower HRV during manual driving, compared to the
automated drives. There were no significant differences in discomfort between the AV controllers.
SCRs and subjective discomfort ratings showed significantly higher discomfort in the faster rural
environments, when compared to the urban environments. Our results suggest that SCR values are
more sensitive than HRV-based measures to continuously evolving situations that induce discomfort.
Further research may be warranted in investigating the value of this metric in assessing real-time
driver discomfort levels, which may help improve acceptance of AV controllers.

Keywords: driver state; discomfort; psychophysiology; heart-rate variability (HRV); skin conductance
response (SCR); highly automated driving (HAD)

1. Introduction

In the recent past, there has been an increasing interest in implementing vehicles with a range
of advanced driver assistant systems (ADAS), fuelled by manufacturers’” desire to introduce higher
levels of vehicle automation capability [1]. The primary motivation for these implementations is
their hypothesised provision of increased road safety, and enhanced mobility, accessibility, efficiency
and comfort [2]. According to Carsten and Mertens [3], manufacturers have been using comfort as
one of the main selling points for ADAS. Additionally, the comfort of the driver is considered to
be a determining factor for the broader acceptance of the automated system [4]. Therefore, it can
be argued that, if an automated system can measure driver comfort in real-time, it can adapt its
driving style/behaviour to match the drivers” expectations accordingly, and thereby potentially increase
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acceptance. This could have the additional benefit of reducing unnecessary driver initiated takeovers,
which can otherwise jeopardise the safety of the vehicle and its occupants [5]. This study, conducted as
part of the HumanDrive project, considered the effect of a number of road and vehicle-based factors
on driver comfort, investigating whether physiological metrics can be used to provide an objective
measure of comfort, to help inform the design process when investigating the acceptance of future
automated vehicles.

Currently, there is no unanimously agreed on definition of comfort. In a general context, Slater [6]
(p. 158) described comfort as “a pleasant state of physiological, psychological and physical harmony
between human being and the environment”. In the context of driving, and especially highly automated
driving (HAD), Beggiato et al. [7] (p. 446), defined comfort as “a subjective, pleasant state of relaxation
resulting from confidence in safe vehicle operation which is achieved by the absence of uneasiness and
distress”. Beggiato et al. [7] further suggested this is still a rather broad definition of comfort, and is
associated with other concepts, such as stress, mental workload, fear, motion sickness or anger, with
stress and mental workload having the closest link to discomfort (i.e., lack of comfort). Siebert et al. [4]
argued that it is easier to measure discomfort rather than comfort, since signs of discomfort tend to be
more well-defined and pronounced, compared to the un-aroused relaxed state of comfort. Summala [8]
proposed four factors that need to be maintained above a certain threshold to keep drivers within their
“comfort zone” during manual driving. These are safety margins (to road edges, obstacles or other
vehicles), vehicle-road system (accelerations, road geometry), rule-following (obeying traffic laws,
maintaining speed limits) and good progress of the trip (meeting one’s expectations for the pace or
progress of the travel). However, assuming 100% performance of the automated system, Siebert et
al. [4] noted that the rule-following factor for comfort is redundant in HAD, as the automated vehicle
(AV) will almost certainly follow the rules, and that good progress of the trip is dependent on traffic
conditions, rather than automation state in itself, assuming the route selected by the AV is similar to
that in manual driving, where the navigation system decides/recommends the optimal route to be
followed. Therefore, in this paper, we focus specifically on how factors that affect the safety margins,
and vehicle-road system, affect driver discomfort, for manual and automated driving.

Summala [8], suggested that sufficient safety margins from potential hazards are required for a
driver to feel safe and comfortable. Factors influencing these safety margins, and likely to increase
driver discomfort, include situations which increase drivers’ stress levels, such as navigating in
crowded cities, interactions with other road users, or when passing another car/obstacle [9,10].

Comfort is affected by jerk and acceleration forces of the vehicle, with higher accelerations and
jerks (in terms of both magnitude and frequency) associated with an increase in discomfort [11-13],
and an increase in motion sickness [14]. Drivers tend to keep their lateral and longitudinal acceleration
under 2 m/s? for a comfortable driving experience [15-17]. However, it should be noted that drivers’
comfort threshold for lateral acceleration varies with respect to their velocity, with an increase in velocity
resulting in lower threshold values for lateral acceleration [17,18]. Within the public transport domain,
especially in railway systems, standard acceleration values are limited to under 1.47 m/s?, and jerk
values are kept under 0.6 m/s3, to ensure passenger comfort [13,16,19]. However, the acceleration
and jerk thresholds used in public transport systems consider both seated and standing passengers.
Therefore, it may be permissible to have slightly higher thresholds in HAD, where passengers are
typically seated. For instance, Eriksson and Svensson [20] suggested an acceleration and jerk threshold
of under 2 m/s? and 0.9 m/s® respectively, to ensure a comfortable ride in HAD.

Because AVs are still in the prototype and testing phase, most individuals have not had a real-world
experience of HAD. Therefore, our expectations of what constitutes a ‘comfortable” experience during
HAD can only be based on our current understanding of users’ comfort in either manual driving, or
in other surface transport modes. However, there are considerable differences between these modes,
in terms of Summala’s [8] proposed four factors, described above, making them difficult to compare to
HAD. Thus, to assist with the development of more acceptable AVs, and to ensure user uptake of these
systems in the future, it is of value to understand what particular features of an AV’s manoeuvres
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are likely to enhance or diminish user discomfort. For example, humans try to minimise the jerk
during manual driving, whereas most current ADAS features tend to have a relatively higher jerk, due
to their preference to stay closer to the lane centre and unwillingness to cut corners, unlike human
drivers. Thus, it is important to know if users would prefer, and feel more comfortable with, a more
“human-like” AV controller, which favours manoeuvres that result in lower acceleration and jerk, over
a more conventional AV controller, with very strict margins for optimal and accurate lane-keeping and
vehicle velocities.

Studies on comfort in manual driving have used subjective measures, such as comfort
questionnaires [21] and comfort scales [22]. Since comfort is highly subjective, it can be challenging to
measure it accurately and reliably on a moment-to-moment basis. In a real-world HAD scenario, the
driver may become annoyed if they are asked to rate their comfort levels time and again during the
drive, especially when they have the option to engage in more appealing non-driving related activities.
Thus, in HAD, there is a need for a non-intrusive, objective, discomfort detection system, which can
ultimately be used to adapt the automated system’s driving style, to ensure the driver is relaxed and at
ease [7]. Physiological techniques are one example of such objective methods, which have been used
in the past to assess driver state both in HAD [7] and manual driving [23,24]. Recent technological
advancements have led to the development of non-intrusive physiological devices that measure
heart rate variability (HRV) and electrodermal activity (EDA), such as wearable smart-band sensors
like Empatica E4 [25] or Microsoft band 2 [7], and non-contact methods, such as those listed in [26].
Previously, studies have shown strong correlations between stress and workload, and users” HRV,
and EDA. A general finding is that heart rate (HR) increases, and HRV (including the time-domain
based metric of root mean square of successive differences in R-R intervals (RMSSD)) decreases, during
periods of high stress or workload [10,27-29].

An EDA signal consists of the slow-changing tonic component called skin conductance level
(SCL) and the rapidly changing phasic component, known as skin conductance response (SCR) [30].
SCRs are generally used to understand short-term fluctuations in the EDA signal, due to a short-term
stimulus (for example, being startled or passing an obstacle), whereas SCL is used to understand
the overall change in a person’s skin conductance when the stimulus is spread over a longer period
(for example, fatigue induced by driving for a long time). SCRs have a much shorter decay time
than SCLs, and, hence, can more accurately capture differences in manipulations, without the need
for recovery/resting periods in between [30,31]. In the context of driving, both SCL and SCRs have
been shown to increase with an increase in stress and workload for a driver [10,23,32], and, thus,
are associated with increases in discomfort [7]. Based on these findings, we analysed RMSSD, HR
and SCR responses per minute (nSCR/min) in this study, as the objective physiological metrics of
drivers’ comfort.

Current Study

This study was undertaken as part of a 10-member consortium of the HumanDrive project,
part-funded by the UK'’s Centre for Connected and Autonomous Vehicles (CCAV), via Innovate UK.
The main aim of the project was to develop an advanced vehicle controller, which allowed the vehicle
to perform a ‘natural’, human-like, driving style, using artificial intelligence (Al), and deep learning
techniques. As outlined above, developing a human-like controller could potentially help with the
broader acceptance of AVs, driven by a more natural driving style, which is familiar to the driver.
Using manual driving data collected from 44 drivers in an earlier HumanDrive study, an aggregated
model for human-like controllers, focusing on both vehicle safety and comfort, was developed for
the present study (see also [33], for more details of the controllers). An environment-specific risk
model was developed to guide the design of the experiments. The simulated drives were constructed
to include risk elements present in the drive, based on road width and curvature, as well as on the
presence of road-based furniture and obstacles, such as hedges of different heights, grass/asphalt
verges, pedestrian refuges and parked-cars or roadworks (see [34] for more details). The development
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of this risk model was based on satisficing risk corridors, proposed by Boer [35], where a set of
vehicle states are within acceptable bounds. The vehicle state includes velocity and lateral offset.
The trajectory of the vehicle is always within this risk corridor and adopts a comfortable smoothness
for the ride. The model holds that drivers’ perceived risk level is based on minimum time to lane
crossing, wherein the lateral position for the vehicle stays within the road boundaries [35]. Based on
this model, two human-like AV controllers (SLOW and FAST, with the FAST controller having higher
velocities than the SLOW controller) were developed, and compared to a conventional controller
(LKAS), and drivers’ replay of their own drive (see Section 2.3, for more details). To understand
how the different physical characteristics of a drive can affect drivers’ discomfort, our study exposed
participants to a range of accelerations, induced by the four different AV controllers and manual
driving. Participants experienced these controllers in two different road environments (rural and
urban), which included a variety of road geometries, such as roads of different curvatures/width/speed
limit, containing a range of road furniture/obstacles (parked cars, roadworks and pedestrian refuges).
Previous studies on driver discomfort during HAD, such as Beggiato et al. [7], have focused on discrete
situations causing discomfort, such as negotiating an intersection, exit ramp or an obstacle. In our
study, we considered the effects of longer, repeated exposure to different road environment, human-like
AV controllers and interactions with road furniture and obstacles, on drivers” discomfort. Drivers’ HR
and EDA data were compared to drivers’ self-reported level of perceived discomfort for each road
environment, which was measured in real-time, using a button pressing technique (see Section 3.2 for
more details). We addressed the following research questions:

i. How is driver discomfort, as measured by changes in physiological state (i.e., HRV and EDA),
affected by the various controllers, and manual driving?

ii. Do drivers’ discomfort levels change, based on the behaviour of the different controllers, in the
different road environments (rural and urban)?

iii. Does the change in drivers’ physiological state reflect their self-reported level of perceived
discomfort during HAD?

2. Materials and Methods

2.1. Participants

In total, 24 participants (10 Female), each with a valid UK driving licence, took part in this
driving simulator-based study. Their mean age was 43 + 17 years, with a mean driving experience of
23 + 18 years. All participants gave consent to take part in the study, in accordance with the rules and
regulations of the University of Leeds ethics committee (LTTRAN-086) and were compensated with
£50 for taking part in the study. Participants were pre-screened for physiological data collection and
those with pre-existing heart conditions were not included in the study (as per [30,36]). In addition,
participants were requested to avoid consuming food and beverages that had cardiac stimulants such
as caffeine or alcohol for 24 h before they took part in the study.

2.2. Aparatus

The experiment was conducted in the full motion-based University of Leeds Driving Simulator
(UoLDS), which consists of a Jaguar S-type cab housed in a 4 m diameter spherical projection dome with
a 300-degree field-of-view projection system. The simulator also incorporates an 8 degree-of-freedom
electrical motion system. This 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. Additionally, the platform is mounted on a railed
gantry that allows a further 5 m of effective travel in surge and sway. Drivers’ physiological data were
collected using a Biopac MP35 data acquisition system at 1000 Hz, which consisted of ECG electrodes
and an EDA sensor.
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2.3. Study Design

The study used a within-participant design and included a short familiarisation drive for ~10 min.
Each participant experienced five drives: a MANUAL drive, two with human-like AV controllers
(SLOW and FAST), a replay of their manual drive (REPLAY) and one conventional lane-keeping
assist-based AV controller (LKAS) which did not adapt its behaviour to road furniture, such as kerbs
or hedges. Each drive consisted of two different road environments (rural and urban). The design of
the drives and the road environments are discussed below.

2.3.1. Road Design

Each drive was 15.8 km long, and incorporated several situations that demanded greater attention
and a shift in lateral position and speed, which could be deemed uncomfortable by the driver based
on how it was negotiated, presented across two different road environments (rural and urban, see
Figure 1). The speed limits, geometries, and obstacle locations, for each road are listed in Table 1 and
Figure 2. The road design was similar across all drives except for LKAS, which did not include any
obstacles, which were partly within the lane, such as roadworks or parked cars.

Figure 1. (a) Rural environment with roadworks; (b) urban environment.

Table 1. Road geometry and furniture across different segments (in the order they were experienced).

Segment Obstacles Environment Spif:p]}“:)mlt Road Width (m) Rai;gs;r;?oN;?;e;O;S%l:;ves
Segment 1 - rural 60 7.3 - 2 3 -
Segment 2 4 rural 60 5.8 1 4 - -
Segment 3 4 urban 40 7.3 - - - 5
Segment 4 - rural 60 58 1 4 - -
Segment 5 6 urban 40 7.3 - - - 5

Roads in the rural environments were narrower than those in the urban environments, except
in the first segment, which was wider than the other two rural segments (see Table 1). We did this
to assess whether a decrease in road-width increased discomfort within the same road environment.
Overall, rural environments were designed to have narrower roads, tighter curves, and higher speed
limits (and therefore, higher resultant acceleration), along with the presence of obstacles (parked-cars
and roadworks, see Figure 1). These factors were designed to increase the attentional demand of
the driver at varying degrees, which could possibly induce discomfort depending on how they were
negotiated by the controllers, or drivers’ individual manual driving style. There were more obstacles
(parked-cars, roadworks, or pedestrian refuge, see Figure 2) in the urban environments (10), when
compared to the rural environments (4), to investigate whether participants” discomfort increased with
the number of obstacles.
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Figure 2. Resultant acceleration of the different controllers and manual driving, along with the location
of obstacles across all drives, except LKAS.

2.3.2. Experimental Design

The five drives were counterbalanced, with the exception of the MANUAL drive, which was
always the first drive for every participant, so that data could be collected for their REPLAY drive,
although participants were not explicitly informed about this. As discussed in the Introduction,
the SLOW and FAST controllers were modelled, based on data collected during manual driving across
similar road segments in a previous HumanDrive study (see [34]). They were designed to mimic
human-like driving, based on a risk model, which defined a range of acceptable vehicle states, such as
velocity and lateral offset, depending on drivers’ perceived risk levels in response to different road
furnitures and features present in the drive, such as parked-cars or sharp curves. The FAST controller
had higher velocities, compared to the SLOW controller, with a maximum difference of 4 m/s, and a
minimum difference of 0.15 m/s. The driving data used to create the models (see [33]) showed that
when driving at higher velocities, drivers’ time to lane crossing (TLC) decreased, and, in order to
maintain their preferred safety boundary, they moved further away from the road edge. Taking this
knowledge into account, we increased the lateral offset of the FAST controller from the left edge of the
road, at a rate of 5 cm for every 1 m/s increase in relative speed, compared to the SLOW controller.
The LKAS controller was a simple lane-keeping assist controller, which had a constant velocity for
most parts of the drive (at the speed limit for that section), except for when the vehicle had to negotiate
a curve, or when it moved from an urban to rural environment (or vice-versa). The LKAS controller
mostly kept to the lane centre (even when on curves). The objective of the design of the different
drives with these controllers was to understand how discomfort was affected by factors such as manual
and automated driving, the behaviour of the human-like AV controllers, a conventional lane-keeping
controller and the controller based on one’s own driving style. The different drives and their properties
are shown in Figure 2, Tables 2 and 3, which show that the LKAS controller had the highest resultant
acceleration (combined lateral and longitudinal accelerations) in rural environments, whereas the
SLOW controller had the lowest resultant acceleration in rural environments. The 95th percentile of
resultant acceleration and lateral jerk values across all the drives in rural environments was higher
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than the suggested comfort threshold value for acceleration and jerk (2 m/s? and 0.9 m/s?, respectively,
according to [20]), whereas it was well below this threshold across all drives in the urban environments.
The resultant acceleration values were mainly governed by the lateral accelerations, as the longitudinal
accelerations were minimal, and within the suggested comfort threshold for longitudinal acceleration,
across both environments, for all controllers.

Table 2. The 95th percentile of resultant acceleration (in m/s?) for different drives across different
road environments.

MANUAL SLOW LKAS FAST REPLAY
Rural 3.42 2.34 3.48 3.20 3.42
Urban 0.74 0.47 0.45 0.57 0.74

Table 3. The 95th percentile of absolute values of lateral jerk (m/s?) for different drives across different
road environments.

MANUAL SLOW LKAS FAST REPLAY
Rural 2.27 1.38 1.71 2.13 2.27
Urban 0.66 0.83 0.19 0.83 0.66

2.4. Subjective Discomfort Rating (Button Presses)

For each of the automated drives, the participants heard 41 auditory beep triggers. These beeps
were played immediately after the participants were exposed to any obstacles, changes in road furniture,
changes in road curvature or changes in road environment. In response to these triggers, they were
required to press one of two buttons on an Xbox handset, to state: “Yes, I found the behaviour to be
safe/natural/comfortable” (right button) or “No, I did not find the behaviour to be safe/natural/comfortable”
(left button). This response explicitly pertained to the behaviour of the car within a couple of seconds
around the moment of the beep’s occurrence. Additionally, participants were encouraged to give this
binary input whenever they felt necessary, across each drive.

2.5. Procedure

Upon arrival, the participants were briefed with the description of the study, after which they
were invited to sign a consent form, with an opportunity to ask questions. Three ECG electrodes
were then attached to the participant’s chest, and 2 EDA electrode bands were attached on the index
and middle finger of their non-dominant hand. They then performed a manual familiarisation drive,
where they could become accustomed to the simulator environment and vehicle controls. Participants
were instructed to adhere to the posted speed limit and to obey the normal rules of the road. After
each drive, the participants were given a 10-min break, during which they were asked to complete a
set of subjective questionnaires relating to that drive and the controllers. The results of the subjective
questionnaires are not within the scope of this paper and will not be reported here.

2.6. Data Analysis Tools

The ECG data was processed on Kubios HRV premium software [37]. EDA signals were
pre-processed, and artefacts were removed using custom algorithms based on recommendations in [30]
and [38], on MATLAB R2016a. The data were analysed using Ledalab v3.9 [39], a MATLAB-based
software package.

2.7. Statistical Analysis

Statistical analysis was conducted on IBM SPSS Statistics 26. Shapiro Wilk’s test, which showed
that not all estimates across the independent variables were normally distributed, but, in general, the
majority of the estimates (>75%) were normally distributed for each of the dependent variables used.
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We judged the repeated measures ANOVA to be sufficiently robust to these issues, with only a small
effect on Type I error rate [40]. For statistical significance, an «-value of 0.05 was used, and partial
eta-squared was computed as an effect size statistic. Degrees of freedom were Greenhouse-Geisser
corrected when Mauchly’s test showed a violation of sphericity. Pair-wise comparisons with Bonferroni
corrections were used to determine the differences in different drives and road segments. Pearson’s
correlation coefficient was used for any correlation analyses. Data from participants 24 and 14 were
classified as outliers, and the data recorded from participants 10 and 15 were of poor quality, and, hence,
these were discarded for RMSSD and HR analysis. Participant 12 did not respond to the instructions
given for button presses, and participant 13 had an abnormally high rate of button presses. Therefore,
these participants were not considered in the subjective button press analysis.

3. Results

Initially, the data were analysed for five separate segments (three in rural and two in urban
environments) for each of the five drives, but results for physiological metrics, and the button presses,
were not statistically different between the different segments, within the same environment. Therefore,
the physiological and button press data across the three rural and 2 urban segments were aggregated
for analysis, with the two independent variables being drive (MANUAL, SLOW, LKAS, FAST, REPLAY)
and environment (rural and urban). The dependent variables were RMSSD, mean HR and nSCR/min.

3.1. Physiological Metrics

To understand how the behaviour of the AV controllers and manual driving affected drivers’
physiological response, and discomfort, across the different road environments, we conducted a 5 (Drive:
SLOW, LKAS, FAST, MANUAL and REPLAY) x 2 (Environment: rural, urban) repeated-measures
ANOVA on all three physiological metrics (RMSSD, mean HR, nSCR/min). As discussed in the
Introduction, previous research has shown that RMSSD values tend to decrease with an increase in
discomfort, whereas mean HR and nSCR/min values tend to increase with an increase in discomfort [7,32].

There was a main effect of drive on RMSSD values, F(2.4, 45.2) = 5.27, p = 0.006, r]p2 =0.22,
(Figure 3), with post-hoc tests showing significantly lower RMSSD values in the MANUAL drive,
compared to the LKAS (p = 0.007) and FAST (p = 0.008) drives. No other significant differences were
found between the drives. There was no effect of environment on RMSSD, or any interactions between
drive and environment.

There was a main effect of drive on drivers” mean HR, F(4, 76) = 6.81, p < 0.001, r[pz = 0.23,
(Figure 3), with post-hoc tests showing that drivers had significantly higher mean HR values in the
MANUAL drive, compared with the FAST drive (p = 0.001). There were no significant differences
between the other drives. There was no main effect of environment and no interactions between drive
and environment.
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Figure 3. (a) Root mean square of successive differences (RMSSD) and (b) heart rate (HR) plots for
drive. ** p <0.01, *** p < 0.001. Error bars denote s.e.

There was a main effect of drive on nSCR/min, F(4, 92) = 4.70, p = 0.002, r)pz = 0.17, (Figure 4a),
with post-hoc tests showing that there were significantly higher nSCRs/min in the MANUAL drive,
compared to the SLOW (p = 0.006) and REPLAY drives (p = 0.005). There were no other significant
differences. There was also a main effect of environment on drivers’ nSCR/min, F(1, 23) = 40.54,
p <0.001, npz = 0.64, (Figure 4b), with higher values seen in the rural environments, than the urban
environments (p < 0.001). An interaction between drive and environment, F (4, 92) = 3.37, p = 0.013,
17,,2 = 0.13, (Figure 4c) was also observed. Pairwise comparisons with Bonferroni corrections (a = 0.002)
revealed that, in the MANUAL drive, drivers had a significantly higher nSCR/min while driving in
rural environments, compared to the urban environments (p < 0.001). Additionally, within the rural
environments, drivers showed significantly higher nSCR/min values in the MANUAL drive, when
compared to the SLOW (p < 0.001), FAST (p < 0.001) and REPLAY (p = 0.001) drives. Amongst the
AV controllers, LKAS showed the largest reduction in nSCR/min values between rural and urban
environments (20.3% reduction in mean nSCR/min from rural to urban).
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Figure 4. Number of skin conductance responses (SCRs) per minute (nSCR/min) for: (a) each drive;
(b) across different environments; (c) and interaction effects. ** p < 0.01, *** p < 0.001. Error bars
denote s.e.

3.2. Subjective Discomfort Ratings (Button Presses)

In the previous section, we reported a comparison of drivers” physiological state during each
drive. However, physiological signals are sensitive to a wide range of stimuli, and are prone to
individual differences. Therefore, care must be taken when interpreting a psychological construct, such
as discomfort, using physiological measures only [7]. Hence, we used data from the button presses (see
Section 2.4, in the Methods section) to establish whether the changes in physiological state correlated
with the participants’ overall subjective discomfort rating. Correlation analysis showed that button
presses and nSCR/min were significantly positively correlated (#(20) = 0.46, p = 0.04).

To normalise the button press data across all participants, the percentage of NO presses was
calculated in relation to the total number of presses, for each road environment, in each drive. A 4 X 2
repeated measures ANOVA was performed on the percentage of NO presses to assess discomfort,
comparing the values across the four drives (SLOW, LKAS, FAST, and REPLAY) at two different road
environments (rural and urban).

ANOVA results showed no main effect of drive on participants’ button presses, but there was a
main effect of environment, where drivers reported a significantly higher percentage of discomfort
ratings in the rural, compared to the urban environment, F(1, 21) = 9.83, p = 0.005, npz = 0.32 (Figure 5a).
This pattern is similar to that observed for drivers’ nSCR/min values, above.
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Figure 5. Percentage of NO presses: (a) across the two environments; (b) the interaction between these
two factors is shown in the right graph. ** p < 0.01. Error bars denote s.e.

There was also an interaction effect, F(3, 63) = 3.16, p = 0.031, r]pz = 0.13 (Figure 5b). Pair-wise
comparisons with Bonferroni corrections (« = 0.003125) did not show any significant differences
between any of the drives, in each environment. Discomfort ratings were similar across all the drives
in the rural environment. However, there was a 43.8% and 52.3% reduction in mean discomfort ratings
for LKAS and REPLAY drives, respectively, in the urban environment, compared to their respective
values in the rural environment.

4. Discussion and Conclusions

This study investigated driver discomfort, from a physiological perspective, and sought to
establish whether drivers’ physiological state changes in line with the behaviour of different automated
vehicle controllers. Drivers’ response in manual driving was compared to four automated drives,
with each navigating through a range of road geometries and speeds, associated with urban and rural
road environments.

Physiological signals can be highly subjective, and therefore individuals may respond slightly
differently to a particular stimulus. Additional care must be given whilst interpreting a physiological
change to a psychological construct, as a range of constructs could initiate similar psychological
responses [7]. In this study, participants were pre-screened for any physiological anomalies that could
occur from usage of cardiac stimulants, exercise, or any medication that they were taking. Furthermore,
for EDA analysis, we used nSCR/min instead of amplitude sum of each SCRs, and the former is less
susceptible to individual differences such as thickness of skin, as each event related SCR is generally
initiated as a response to a particular stimuli. This, and, given the fact that our study incorporated a
within-subject design, additional standardisation techniques were not applied for processing RMSSD,
mean HR and nSCR/min metrics.

Results showed lower RMSSD values, and higher mean HR and nSCR/min values, in the MANUAL
drive, compared to at least one of the AV controllers. However, since drivers were not required to
evaluate their own driving, by button presses in the MANUAL drive, it is not possible to conclude
whether this difference in physiological metric between the MANUAL and automated drives reflects
driver discomfort only, or rather, whether it is due to an increased physical and mental demand
associated with the manual driving task, or both.

There were no significant main effects in either the physiological metrics, or button press data,
between the four automated drives. This may be because overall, the drives had similar resultant
acceleration profiles across the whole drive (see Figure 2.). We analysed physiological metrics and
subjective button press data for each segment/environment, which were at least 2 min long. Hence,
some of the instantaneous variations in controller behaviour may have produced opposing effects,
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which cancelled each other out when averaged across a larger time window. These findings are
in agreement with [7], where the authors did not find any significant differences in physiological
responses between their three automated drives (defensive, aggressive and replay of manual drive).
Those authors attributed the lack of difference in physiological responses to high confidence interval
bands in their analysis, where missing or opposite effects would have increased the confidence
bands dramatically.

In contrast, there were some observable differences, both in terms of physiological metrics
nSCR/min), and subjective button presses, for the two road environments, with the rural roads
being significantly more uncomfortable than the urban environments. This increase in discomfort is
likely attributed to the significantly higher resultant acceleration and jerk experienced in the rural
environments, for all drives, which often crossed the 2 m/s? and 0.9 m/s® threshold for acceleration and
jerk, respectively, for a comfortable driving experience, as suggested by [20]. In other words, the higher
speed limits, narrower roads and tighter curves associated with the rural environments, seem to be the
main cause of increased driver discomfort in this environment. Although more obstacles were present
in the urban sections (10 vs. 4), it seems that the way these were negotiated by the vehicle in the rural
sections (i.e., passed at a much higher velocity and on narrower roads), was a significant source of
driver discomfort during rural environment. These findings are in line with those of [41], where the
authors found higher levels of simulator sickness in high-velocity rural environments, when compared
to city environments. These results also suggest that those developing automated vehicle controllers
should focus on improving comfort, and thereby minimising jerk, when the vehicle is negotiating
higher speed, higher acceleration, road geometries.

While the mean discomfort ratings and nSCR/min seemed to be quite similar across all AV
controllers in the rural environments, these were particularly low for the urban section of the LKAS (as
seen in both discomfort ratings and nSCR/min) and REPLAY (as seen in the discomfort ratings) drives.
This is likely due to the absence of any obstacles in the LKAS drive, resulting in very little variations in
velocity and lateral offset (and thus, resultant acceleration). With respect to the REPLAY drive, it is
likely that participants visibly recognised their own driving style and preferred this familiar behaviour
during the lower speed urban environment, where their comfort threshold for acceleration forces was
not breached. This was also reflected in their subjective ratings. This recognition was indeed noted
by some participants, after their REPLAY drive, although not formally recorded. There seems to be
incongruence in participants’ physiological indicator of discomfort and perceived level of discomfort
during the REPLAY drive in urban environments, indicating a bias in rating one’s own driving
behaviour. These findings suggest that when the resultant acceleration and jerk experienced by the
driver remains well below the comfort threshold, other factors that affect discomfort, such as familiarity
of the drive or presence of obstacles, become more prominent and noticeable. In contrast, when the
resultant acceleration and jerk values moves above the comfort threshold, it seemingly overshadows
other determinants of driver discomfort. This warrants further research into understanding drivers’
comfort threshold in terms of jerk and acceleration forces, and its impact on other factors that induce
discomfort to the driver.

This study was conducted on a dynamic driving simulator (see Section 2.2 for more details),
and the acceleration and jerk forces experienced by the participants would be similar to that in a
real-world scenario. Since acceleration and jerk were two main factors affecting discomfort, we believe
a drivers’ feeling of discomfort due to these forces is quite similar in a simulator and real-world
environment. Johnson et al. [42] conducted a study on effect of physiological responses in fixed-based
simulator vs. real-world driving and concluded that while level of immersion is at an acceptable level
to elicit presence and the trends observed in physiological data during simulated driving relative to
real-world driving were quite similar, the absolute physiological responses for virtual and real-world
environments were significantly different. There is also the possibility of different behavioural responses
by drivers in simulator, when compared to a real-world driving situation [43]. This study incorporated
conventional techniques and sensors to measure drivers’ physiological data, which were intrusive
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in nature. However, recent technological advancements have led to non-intrusive [7,25] and even
non-contact physiological sensor technologies [26], which need to be validated with on-road studies.

To conclude, there is a need to measure discomfort objectively, and in real-time, so that future AVs
can adapt their driving behaviour and provide a more comfortable and pleasant driving experience for
human occupants. The novelty of this study is in understanding and measuring the long-term effects
of discomfort, across various road environments and a range of AV controllers, using physiological
measures. This study suggests that, compared to HR variability measures, EDA-based SCR values are
more sensitive to continuous changes in discomfort inducing stimuli, such as those experienced when
a vehicle navigates through different geometric and speed-based scenarios. We observed a moderately
positive correlation between participants’ nSCR/min and their subjective rating of discomfort. Further
research may, therefore, be warranted to investigate the value of this metric for assessing real-time
driver discomfort levels, which may be useful when developing more acceptable controllers for future
automated vehicles.
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