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Abstract

This paper compared two different methodologies, used in two driving simulator studies, for real-time evaluation
of comfort imposed by the driving style of different Automated Vehicle (AV) controllers. The first method
provided participants with two options for assessing three different AV controllers. Participants rated each
controller in terms of whether or not it was comfortable/safe/natural, when it navigated a simulated road. The
evaluation was either positive (yes) or negative (no), indicated by pressing one of two buttons on a handset. In the
second study, an 11-point Likert-type scale (from -5 to +5) was used to evaluate the extent to which a controller’s
driving style was “comfortable” and/or “natural”, separately. Participants provided this evaluation for three
different AV controllers. Here, they were instructed to utter a number from the scale, at designated points during
the drive. To understand which method is better for such evaluations, we compared the data collected from the
two studies, and investigated the patterns of data obtained for the two methodologies. Results showed that, despite
the multiple response options provided by the 11-point scale, a similar pattern was seen to that of the binary
method, with more positive responses provided for all controllers. The Likert scale is useful for identifying
differences because of the multiple levels of responses. However, allowing people to present their ratings as often
as they want, also makes the binary technique useful for such evaluations.

Introduction

One of the factors that contributes to the broad acceptance of Automated Vehicles (AVs), is users’ evaluation of
comfort of the automated driving style [1], [2]. For automated driving, comfort is more than ensuring acceptable
levels of noise, vibrations and temperature etc. of the vehicle, which are aspects also applied to traditional,
manually driven, vehicles[3], [4]. For higher levels of automation (SAE Levels 4 and 5) [5], the role of the on-
board occupant shifts from an active operator, to a passive user of the vehicle. Here, the user will have less control
of the vehicle, and less ability to predict the vehicle’s behaviours, which might lead to an uncomfortable ride [6],
[7]. How a controller negotiates the road, and whether or not this is the same as how the user handles the vehicles,
is also thought to affect comfort [8][9]. Studies in this field have used a range of concepts to describe comfort,
including familiar/natural manoeuvres that are likely to fulfil the rider’s expectations of AV manoeuvres, and
perceived safety, induced by the suitable distance kept with other on-road obstacles [2], [10]. In a number of
studies, the description of comfort is very much based on the emphasising the users’ subjective state and feelings.
For example, comfort in AVs is described as “a subjective, pleasant state of relaxation given by confidence and
an apparently safe vehicle operation, which is achieved by the removal or absence of uneasiness and distress” (p.
1019) [1], or “the subjective feeling of pleasantness of driving/riding in a vehicle in the absence of both
physiological and psychological stress” (p. 12) [11]. However, currently, there is no commonly agreed definition
of comfort, and there are no widely employed behavioural techniques for measuring this concept.

An AV’s controllers can navigate the road in different ways. For example, in terms of lateral control, it can
precisely follow the lane centre [8], deviate from the lane centre within an acceptable boundary [8], or adjust its
position, based on road-based objects and surrounding features (e.g. high hedges and parked cars) [12]. To
understand how the user wants to be driven by an AV, it is important to measure their perceived comfort in different
automated driving conditions. Several measurements have been adopted for such studies. The majority of these
studies have conducted evaluations after participants complete the whole experimental drive. For example, [13]
asked participants to rate their perceived comfort and enjoyment after each drive using a questionnaire composed
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of 32 items. [6] provided a one-item rating scale after each trial for participants to evaluate if the deceleration and
lane-changing manoeuvres of automated vehicles were comfortable. Similarly, [14] instructed participants to
evaluate driving behaviours of different driving styles (simulated by a human driver using the Wizard-of-Oz
technique) regarding comfort, pleasantness, and safety, separately, after each driving session. These post-hoc
ratings provide some insights about comfortable automated driving. However, they are based on the participant’s
memory of the finished drive, and only depict the experience of the entire session. As several elements influence
ride comfort, including the AV’s speed, and how it negotiates different road geometries, and road-based obstacles
[8], [9], real-time assessments are more informative than post-session evaluations, for capturing users’ feedback
in this context. Previous studies in this context have used a range of methods for real-time subjective feedback.
Examples include a handset control for reporting discomfort [1], vehicle pedals for expressing satisfaction with
the AV’s speed [15], a rotary knob for measuring perceived vehicle motion, and a slider for assessing perceived
pressure from passing through tunnels for train passengers [16]. These tools allow participants to give feedback
about more specific manoeuvres, or situations, when the vehicle is operating, rather than after the whole trip. The
use of real-time feedback provides knowledge on how the AV should drive in response to more dynamic changes
in the road, such as changes in speed for different road geometries. However, a comparison of different methods
and scales that assess real-time feedback in AVs, especially regarding driving comfort, is currently lacking.

Taking real-time and post-experiment assessments together, the range of scales used for these evaluations have
varied between binary and multi-scale (e.g., 5, 7, 11, 100) levels. A recent between-subject study compared
differences in the number of response options (incl. 3, 5, 7 and 11) of the Usability Metric for User Experience
(UMUX-LITE) questionnaire, that is used to assess perceived usability of an auto insurance Web site [17]. The
same questionnaire items were used for this online survey, while the number of response options varied for
different groups of participants. Results suggested that there were no differences between the 5, 7, and 11 response
options, whereas weak reliability and correlation was observed between the scales, with the 3-point option.
However, this study was used to assess perceived usability of a web page, based on an elaborate standardized
questionnaire. To our knowledge, there is currently a distinct lack of studies about the optimal number of response
options, and methods, used to evaluate the comfort of an AV controller.

In the present work, we compared two different methodologies, used in two driving simulator studies, conducted
as part of the UK-funded HumanDrive project, measuring real-time subjective experience of different highly
automated driving styles [8], [9]. For each study, different AV controllers negotiated a range of UK roads, which
differed in terms of their geometry, speed limit, and presence of road-based features. Participants were required to
rate their ride experience when being driven by each AV controller, using one of two different methods. The two
methodologies differed in terms of assessment tools (handset-based versus verbal) and the number of response
options (binary versus 11-point).

Method

For study one [8], participants rated three automated driving styles. These were two model-based human-like
controllers, at either slow or fast speeds, and a playback of the participant’s own manual drive, named Slow, Fast,
and Replay, respectively. During the drive, participants used two buttons of an X-box handset, to indicate if they
found the controllers comfortable/safe/natural, pressing the right button for Yes, and the left button for No (see
Figure 12). Therefore, only one of two buttons was used for evaluating the overall pleasant or unpleasant affect
experienced of the three concepts (i.e., comfort, safety and naturalness). This method was used based on the
assumption that these three concepts did not differ in terms of reflecting a pleasant drive, as a number of studies
have used these concepts interchangeably (e.g., [10], [18], [19]). Participants were asked to provide their response
immediately after hearing an auditory beep, which was presented at different road segments, throughout the drives.
In addition, they were encouraged to press the two buttons anytime along the drive.
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Figure 12. The handset used in Study 1 for rating AV controllers [8]

For study two [9], three automated controllers were evaluated. These included two recorded and replayed from
human drivers, and one based on a machine learning (ML) algorithm, named Defensive, Aggressive, and Turner,
respectively. Using an 11-point Likert scale (see Figure 13), users provided a verbal response to rate the “comfort”
and “naturalness” of the controllers, separately: very comfortable/natural (+5) to very uncomfortable/unnatural (-
5). Participants were provided with definitions of the two concepts at the beginning of the study, via an information
sheet. They were taught how to use the scale and were able to practice it in a practice drive. A comfortable drive
was defined as “a driving style that does not cause any feeling of uneasiness or discomfort”, and a natural drive
was defined as “a driving style that is closest to your own driving”. Due to a lack of clear description of each
concept, these definitions were created following an expert group meeting [9]. Participants evaluated each
controller in terms of comfort or naturalness by speaking out a value from the 11-point scale, after hearing an
auditory beep, which coincided with different road sections (a total of 24 sections), during the drive. They also
provided an overall rating for the controller after completing the entire drive, which is not included in the present
study.

Comfort scale Naturalness scale
5 —T— Extremely Comfortable 5 T Extremely Natural
4 =T 4 -
3 —T Comfortable 3~ Natural
2 T 2 T
1 1 Slightly Comfortable 1 =71 Slightly Natural
0 Neutral 0 Neutral
-1 =71 Slightly Uncomfortable -1 =T Slightly Unnatural
2 =T R
-3 =T Uncomfortable -3~ Unnatural
4 =T 4 =T
-5 T Extremely Uncomfortable -5 T Extremely Unnatural

Figure 13. The scale used in Study 2 for AV controller evaluation [9]

It is notable that, as a follow-up of study one, the two concepts were defined and evaluated separately in study
two. The aim here was to establish differences in preference between human-like and machine-like AV controllers,
and especially whether or not natural manoeuvres are comfortable, as suggested by [2]. Therefore, an 11-point
scale was used, to provide more options for the participants on both the positive and negative side, than that used
in study one. A summary of the two methods is provided in Table 6.

All participants (24 in study one, and 24 in study two) were recruited, using the University of Leeds Driving
Simulator database. All participants provided informed consent to take part in each study. These two studies were
approved by the University of Leeds Ethics Committee (LTTRAN-086).
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Table 6. Summary of the two methods used in the two simulator studies

Study 1 Study 2

Questions “I found the behaviour of the controller safe/ Rate the driving style in terms of comfort. OR
natural/ comfortable” Rate the driving style in terms of naturalness.

Options Yes or No -5,-4,-3,-2,-1,0,1,2,3,4,5

Tools Press one of two buttons on an X-box handset Speak out the number

Frequency Rate after an auditory beep; Rate after an auditory beep during the drive;
Free to press buttons throughout the drive. Rate after the entire drive.

Results

We compared the two methaods, by examining the pattern of responses obtained from the two studies.

In study 1, the average number of positive and negative button presses were calculated for each controller [8], as
a function shown below. This was calculated for positive and negative assessments, respectively.

Average button presses
The total number of button presses of a participant in an experimental condition

- The number of exposures to this experimental condition

In study 2, as described above, evaluations were provided based on an 11-point scale. To compare with study 1,
we allocated “positive” for ratings larger than 0, and “negative” for ratings equal to or smaller than 0. For each
participant, the number of positive and negative ratings obtained from a total of 24 driving segments were
computed. For example, participant 1 gave 23 positive ratings and one negative rating to the the Defensive
controller, for the 24 driving segments. This value was then divided by the number of evaluations for each
controller, which was 24, for comparable reasons. After that, the means and standard errors of positive and negative
ratings across participants were calculated, as illustrated in .

The common pattern

It is worth mentioning that the AV controllers evaluated in the two different studies varied in modelling algorithms.
Moreover, as the simulated road geometries were different between the two studies, the way that each controller
negotiated the road was different. However, as shown in Figure 3, a common trend in responses was seen for both
methods, whereby participants provided more positive evaluations for all controllers, regardless of whether their
evaluation was based on a combination of comfort/safety/naturalness (study 1), or “comfort” and “naturalness”
separately (study 2).
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Figure 14. Average negative and positive ratings for controllers, in study 1 (A), and study 2 (B, C). Error bars represent standard
error. *p < 0.05.

The Likert scale

With respect to the responses collected from study 2, as shown in Figure 15, the wide range of options provided,
based on the Likert scale, seemed not to result in a wider range of responses, with responses densely clustered
around the same value for each controller.
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Figure 15. Comfort (left) and naturalness (right) ratings for the three controllers in study 2. The width of the violin plot
represents the frequency of a value occurring in the data set. The y-axis shows each level out of the 11-point Likert scale.

Discussion and Conclusion

The results showed that, for both methods, regardless of the number of response options, a similar trend was found,
with participants providing more positive, than negative, evaluation for all controllers, in both studies. This finding
is in line with that of [13]. Compared to the wide range of response options provided by the Likert scale, a binary
method only provides two options for participants to express their evaluation. However, in this study, the results
from our binary evaluation technique was more similar to that of the Likert scale, and able to identify some small
differences between the three controllers. This similarity between the binary and Likert scales in our study might
be due to the number of times that participants were allowed to provide a response, and that this response was
allowed during the drive. For example, as a comparison, [17] administered a questionnaire to measure the
perceived usability of a website, which was evaluated using a Likert-type scale with a range of response options
(3,5, 7 and 11). Evaluation was provided once, after participants had finished interacting with the website. These
authors found that their 3-point scale lacked reliability, compared to those allowing more response options, and
suggest a wider range of scales to be used (i.e. minimum of 5). They found no difference between the 5, 7 and 11
response options. Put together, these results suggest that for such subjective evaluations, enabling repeated
responses by a binary technique, in real time, might enhance its capabilities for identifying subtle differences
between different measures, in a manner similar to that of a Likert scale with more response options. Regarding
the Likert scale, our results showed that, for the positive responses, the mode of responses used were the numbers
3 and 4. This is in line with results from many other such studies (e.g., [20]), which show that responses using the
Likert-type scale typically cluster at the lower or the upper end [21].

In conclusion, both the handset-based (with binary options) and oral report (with 11 options) methods used in these
studies were found to be useful for evaluation of AV controllers during an automated drive. The Likert scale was
found to be better than the binary method, in terms of providing more response options. However, if the users of
the binary technique are allowed to present their evaluation as often as possible, in real time, the binary method is
also found to be useful in this context. To provide more knowledge, future studies may also compare the use of
both techniques for measuring exactly the same concept, which was not done in this study.
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