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A B S T R A C T

Lateral acceleration impacts passenger comfort in automated vehicles (AVs). This study investi
gated the optimal lateral acceleration range for AVs negotiating curves, considering curve radii, 
engagement in non-driving related activities (NDRAs), and automation level (SAE L1 vs L4). An 
experiment was conducted on a test track with 28 participants. Participants, seated in the driver's 
seat, experienced three lateral acceleration levels (2, 3, 4 m/s2) across five different road curves. 
Evaluations, using a 7-point bipolar scale, were collected for both SAE Level 1 (assisted driving) 
and Level 4 (highly automated driving), with NDRA engagement considered under L4. Data were 
analysed using multilevel Bayesian multinomial logistic models.

Results suggest that no single universally “optimal” lateral acceleration was identified, as 
preferences were contextual. Generally, 2 m/s2 was often rated “too slow”, particularly without 
NDRAs in L4, or in L1 driving. Conversely, 4 m/s2 was frequently perceived as “too fast”. Within 
the tested range, the level of 3 m/s2 often appeared to be a more balanced option, provided that 
road geometry, passenger activity, and automation level are accounted for. However, its opti
mality depended on other factors. Larger curve radii (gentler curves) led to a preference for lower 
lateral accelerations. NDRA engagement in L4 driving made 2 m/s2 receive fewer “too slow” 
ratings and amplified the “too fast” perception for higher accelerations. L4 automation, compared 
to L1, also made 2 m/s2 receive fewer “too slow” ratings. The findings provide detailed guidelines 
for designing AV lateral control systems, suggesting that lateral acceleration should be dynami
cally adjusted based on contextual factors to ensure comfort throughout the journey.

1. Introduction

Passenger comfort is essential for user acceptance and the uptake of Automated Vehicles (AVs). In automated driving, comfort can 
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be defined as a subjective state of ease and pleasantness, with the elimination of discomfort; it is shaped by a range of physical and 
psychological factors and fluctuates in response to user interaction with the AV and the surrounding driving environments (Peng, 
2024).

Passenger comfort is found to be affected by the driving styles of AVs (Hartwich et al., 2018; Ossig et al., 2023; Peng et al., 2022; 
Yusof et al., 2016). An AV's driving style is affected by its kinematic behaviours - such as speed, acceleration, and deceleration – as well 
as its proximal behaviours - including spatial and temporal distance to other vehicles, and the negotiation of road geometries 
(Hajiseyedjavadi et al., 2022; Hartwich et al., 2018; Peng et al., 2024). Among these factors, acceleration (i.e., rate of change of speed) 
and jerk (i.e., rate of change of acceleration) have been highlighted as particularly important for passenger comfort in both traditional 
modes of passenger transport, such as buses and trains (Eboli et al., 2016; P. Eriksson & Friberg, 2000; Martin & Litwhiler, 2008) and 
AVs (Bae et al., 2019; de Winkel et al., 2023; Peng et al., 2025; Wang et al., 2020).

Vehicle motion occurs in six degrees of freedom: three translational (longitudinal, lateral, and vertical) and three rotational (roll, 
pitch, and yaw) (Turner & Griffin, 1999), and acceleration and jerk occur in all translational directions. While vertical motion is largely 
controlled through the suspension system and seat design, longitudinal and lateral motions directly relate to driving manoeuvres, such 
as braking, lane changing, and cornering. Notably, lateral acceleration, particularly during curves or roundabouts, has been identified 
as the primary cause of motion sickness for passengers in traditional vehicles (Turner & Griffin, 1999). Peng et al. (2025) also identified 
lateral acceleration as the most influential kinematic factor affecting passenger comfort during AV navigation through curved roads.

1.1. Standards and thresholds for lateral acceleration

Despite the importance of lateral acceleration, the optimal range of lateral acceleration for automated driving remains unclear in 
the literature. Bosetti et al. (2013) observed that active drivers rarely exceed lateral acceleration of 4 m/s2, even for sharp turns and 
roundabouts (Bosetti et al., 2013). Eriksson and Svensson (2015) proposed that both longitudinal and lateral acceleration should be 
below 2 m/s2 for comfort in AVs. However, such a threshold was conjectured based on research for buses and trains, and it was used to 
inform simulation and control system design, rather than being derived from passenger input. While there are no specific standards 
regarding the lateral acceleration of AVs negotiating curves, some ISO standards briefly address related aspects. The ISO 11270 
standard for lane-keeping assistance system (LKAS) recommends that lateral acceleration resulting from lane-keeping actions should 
not exceed 3 m/s2 (ISO, 2018), which may differ from appropriate values for curve negotiation. While the ISO 15622 standard for 
adaptive cruise control (ACC) systems focuses on detailed operational limits for longitudinal acceleration and deceleration, it briefly 
notes that average drivers tend to keep lateral acceleration within 2 m/s2 when following vehicles on curves (ISO, 2018). Regardless, 
with this limited information, it is insufficient to inform the design of comfortable lateral acceleration for automated driving in a range 
of scenarios.

A recent study by de Winkel et al. (2023) investigated passenger discomfort in response to different acceleration and jerk profiles in 
automated driving, comparing their amplitude and direction. This study focused on discrete motion, and participants were asked to 
close their eyes to experience the motion without distraction. Sinusoidal and triangular pulses were used to simulate acceleration (peak 
value range 0.4–2 m/s2) and jerk (peak value range 0.5–15 m/s3); the former are smooth and continuous sine waves, simulating more 
gradual changes in acceleration, while the latter are linear waves, representing more rapid and abrupt changes in acceleration. Par
ticipants rated their discomfort after each motion pulse, expressing how uncomfortable they felt by scaling their ratings relative to a 
baseline with a value of 100. For example, if a motion felt twice as uncomfortable, it should be rated as 200. The numerical ratings were 
then mapped by participants to seven-point verbal ‘quantifiers’, including excellent, very good, good, so-so, bad, very bad, and terrible. 
For lateral acceleration, the authors found that the average ‘so-so’ point was 0.98 m/s2, which was considered a threshold for 
acceptable acceleration. However, this threshold appears to be much lower than those observed during active driving or driving with 
assistance systems, which warrants further investigation. More importantly, driving on real roads is always about responding to other 
road users, objects, and road geometries, which highlights the need for research going beyond solely experiencing the discrete motion 
under eye-closed conditions.

1.2. Contextual influences on passenger preference

A comfortable driving style of AVs is expected to accommodate varied road environments, including curves and roadside elements 
(Carlowitz, Madigan, et al., 2024; Hajiseyedjavadi et al., 2022; Stayton & Stilgoe, 2020). As changes in vehicle dynamics result from 
responses to road environments, the effect of curve radii on lateral acceleration choices is noticeable. In general, passengers' comfort 
has been shown to decrease when AVs navigate sharp curves (i.e., curves with smaller curve radii) at high speeds (Hajiseyedjavadi 
et al., 2022; Peng et al., 2022). However, few studies have explicitly examined the impact of curve radii on passenger perception 
and preference of specific vehicle kinematics.

The potential effect of the level of automation on passengers' perceived optimal lateral acceleration remains underexplored 
(Beggiato et al., 2015; Madigan et al., 2018). Specifically, when lower levels of driving assistance or automation are engaged (SAE 
Level 3 and below), users mostly act as active drivers and/or system supervisors, maintaining awareness of the changing vehicle 
dynamics in response to external environments. In contrast, at higher levels of automation (SAE Level 4 and above), users primarily 
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take on passive roles, without control over the vehicle and with limited ability to anticipate upcoming manoeuvres (Elbanhawi et al., 
2015; SAE, 2021). Active drivers and passive passengers are likely to have different preferences for driving styles (see evidence in 
Miller et al., 2014; Mühl et al., 2019; Peng et al., 2022; Price et al., 2016). For example, Price et al. (2016) found that precise lane 
centring increased drivers' trust when using lane-keeping assistance systems, while Peng et al. (2025) found that passengers in highly 
automated driving tended to prefer curve-cutting behaviours. However, research that directly compares user preferences for driving 
styles in different levels of automation is rare. Future AVs may dynamically switch between automation levels during a ride (Kyriakidis 
et al., 2019; Tinga et al., 2023), which necessitates reassessment of comfortable vehicle control strategies tailored to different levels of 
automated driving. Moreover, passengers are allowed to engage in non-driving-related activities (NDRAs) in highly automated driving, 
which can increase the possibility of motion sickness (Brietzke et al., 2021; Kato & Kitazaki, 2006; Metzulat et al., 2024). It adds more 
uncertainty to the understanding of the optimal range of lateral acceleration.

1.3. The present study

In the present study, we investigate passengers' evaluation of lateral acceleration as an AV negotiates curves on a test track, aiming 
to establish an optimal zone for lateral acceleration. The effect of engagement in NDRAs is considered for highly automated driving. 
Moreover, to understand the effect of the level of automation, we also compare passengers' evaluation for lateral acceleration across 
two automation levels: assisted (SAE Level 1) and high (SAE Level 4). Regarding the Level 4 system, the vehicle operated in fully 
autonomous mode within a specific area and the driver had no responsibility for the driving task. Thus, the aim was to investigate 
optimal lateral acceleration in contexts where the user was quite engaged in the driving task (L1), and where they had no responsibility 
for the driving task (L4).

We aim to address the following research question:
What are the optimal lateral acceleration values of AVs in curve driving?
Three levels of lateral acceleration were implemented for this study: 2, 3, and 4 m/s2 (see more details in section 2.3). The following 

sub-questions are also considered: 

1) What impact do different curve radii have on preferences for lateral acceleration?
2) What impact does the NDRA engagement have on preferences for lateral acceleration?
3) What impact does the automation level (SAE L4, SAE L1) have on preferences for lateral acceleration?

2. Method

The experiment used a within-participant design, where all participants experienced all combinations of lateral acceleration (3 
levels: 2, 3, and 4 m/s2), road curves (5 curves), and automation levels (2 levels: SAE Level 1 and Level 4) across two rides. The high 
automation level (SAE Level 4) also included an additional factor to compare riding with and without NDRAs. Participants were seated 
in the driver's seat in the test vehicle, with the safety driver sitting in the co-driver seat. Participants were asked to provide ratings for 
the cornering speed after the test vehicle finished each cornering manoeuvre. Statistical models were fitted to the data to determine the 

Table 1 
A summary of demographic characteristics of the sample.

Item All Female Male

Number of participants
Driving experience per year ​ ​ ​
​ 5.000 km - 15.000 km 10 6 4
​ 15.000 km - 30.000 km 14 6 8
​ More than 30.000 km 3 0 3
Preference for being driven at co-driver's seat ​ ​ ​
“Do you like to be driven in the co-driver's seat?”
​ No 8 1 7
​ Yes 19 11 8
​ Average sum across participants
Desired manual driving style ​ ​ ​
“How do your friends rate your manual driving style?” 0 – less dynamic to 100 – more dynamic
​ Mean (SD) 62.33 (25.78) 57.83 (26.90) 65.93 (25.18)
Desired automated driving style ​ ​ ​
“How would you like to be driven by an automated vehicle?” 0 – less dynamic to 100 – more dynamic
​ Mean (SD) 54.95 (24.04) 50.92 (28.30) 58.13 (20.48)
Affinity for cars ​ ​ ​
1 – “I find cars boring” to 7 – “cars excite me”
​ Mean (SD) 5.78 (1.55) 5.17 (1.59) 6.27 (1.39)
Affinity for technology ​ ​ ​
1 – “I find technology boring” to 7 – “Technology excite me”
​ Mean (SD) 5.63 (1.33) 4.75 (1.48) 6.33 (0.62)

* One participant's demographic data was missing. Content in italic represents the specific question asked, and the corresponding response scale.
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preference for different lateral accelerations in a range of conditions.

2.1. Participants

Twenty-eight participants (12 female, 15 male, 1 unspecified; mean age = 47.0, SD = 13.7) completed the experiment. Individuals 
susceptible to motion sickness were excluded from the recruitment process. Table 1 provides a summary of the sample's demographic 
characteristics and other information. Overall, participants reported having moderately dynamic manual driving styles and expected 
similar levels of dynamic features in automated driving styles. Their interest in technology and cars was also found to be moderate.

Participants were recruited by an independent external research institute and were compensated for their participation, as well as 
reimbursement for travel expenses to the test track. Ethical approval was obtained from an independent ethics committee of the 
RUMBA Project Consortium (protocol name “Bosch2023c”).

2.2. The vehicle and the test track

The vehicle used for this study was a VW Golf 7 Variant, equipped with an automated system capable of controlling both longi
tudinal and lateral driving operations, aiming to represent a Level 4 automation feature (SAE, 2021). To ensure consistent vehicle 
movements, a vehicle-in-the-loop system was employed, with which the vehicle's movements were based on a pre-recorded GPS route, 
rather than real-time road features (e.g., lane markings) (Fig. 1).

Participants were seated in the driver's seat, while a safety driver occupied the co-driver's seat to intervene if necessary. The 
experimenter sat in the back seat to collect immediate feedback from participants after each scenario. No other vehicles or vulnerable 
road users were present on the test track during the study.

The experiment took place on a closed test track in Bad Sobernheim, Germany, managed by TRIWO Automotive Testing GmbH. The 

Fig. 1. The vehicle (top), and the test track (bottom) used for the experiment, featuring a variety of curves. Note that the curve following Curve 5 
was excluded from the experimental design for both technical and practical reasons. The specific lengths of curves (C) and the connecting straight 
segments: C1: 65 m (Segment to C2: 75 m); C2: 75 m (Segment to C3: 231 m); C3: 231 m (Segment to C4: 44 m); C4: 407 m (Segment to C5: 186 m); 
C5: 51 m (Segment to C1: 189 m). The picture of the test track was captured from Google Maps, and additional annotations for curve radii 
were added.
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total length of the test track is approximately 1450 m. Each curved lap took around 1.5 min to complete, and the entire study lasted 
about one hour.

2.3. Lateral acceleration

In this experiment, the AV navigated various curves at different speeds, with the aim of controlling lateral acceleration (ay), which 
acts perpendicular to the vehicle's direction of travel. According to the Centripetal Acceleration formula, ay = v2/r, where v is vehicle 
speed and r is curve radius. By adjusting the vehicle's speed, the peak lateral acceleration could be controlled. Specifically, for a given 
curve radius, lateral acceleration increases with speed. Conversely, maintaining a constant lateral acceleration across curves with 
different radii requires higher speeds on curves with larger radii.

Three peak lateral acceleration values were implemented in this study: 2 m/s2, 3 m/s2, and 4 m/s2 (Fig. 2). These values were 
selected to represent a range of typical lateral acceleration levels that a vehicle might experience in real-world driving, according to 
thresholds suggested by previous studies (Bosetti et al., 2013; P. Eriksson & Friberg, 2000; see also details in section 1.1). Moreover, 
according to Bae et al. (2022), such values correspond to behaviours of ‘normal drivers’, avoiding both overly cautious and excessively 
aggressive driving styles. It is worth noting that the threshold of 0.98 m/s2 for discrete lateral motions proposed by de Winkel et al. 
(2023) was excluded, as pilot testing suggested it to be too slow for naturalistic driving conditions. Due to the fixed geometric 
layout of the test track, changes in lateral acceleration were inherently associated with variations in jerk (the rate of change of ac
celeration). While these factors are physically linked during curve negotiation, the experimental design focused on target lateral 
acceleration levels to establish comfort thresholds.

2.4. Subjective evaluation

During the Level 4 drives, participants were instructed to imagine that the AV could drive them autonomously along a familiar 
route – such as commuting to work - while they could engage in other activities. The AV could offer different driving profiles (e.g., 
Sport, Normal, Eco), each determining the maximum speed in curves. In the present study, participants were asked to focus on the 
“Normal” profile and evaluate the speeds in various curves, judging whether they were too fast, too slow, or appropriate for their 
personal interpretation of an optimal “Normal” driving profile. Participants were prompted to provide feedback for the curve speeds in 
the last third of each curve, signalled by an audible cue triggered automatically by GPS.

During the Level 1 drives, participants were asked to imagine that their vehicle was equipped with an automatic speed controller 

Fig. 2. Lateral acceleration (top) and vehicle speed (bottom) along the route.
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that adjusts the speed based on the road conditions. They were instructed to maintain the set speed while taking over the steering to 
control the vehicle's direction through the curves. As in the Level 4 drives, participants were prompted by an audible signal in the last 
third of each curve to provide feedback on the curve speed. In the NDRA condition, they were instructed by the experimenter to 
immediately return to the NDRA following their rating. While individual steering behaviour could cause minor deviations in the actual 
acceleration experienced, our analysis uses the pre-set target levels as predictors. This aligns with our research focus on understanding 
users' perception and evaluation of the vehicle's intended kinematic behaviours in different driving contexts.

For providing evaluation, participants were instructed to answer the question: “How would you rate the cornering speed you just 
experienced?” They were asked to quickly and intuitively choose a value on the provided scale (Fig. 3) and verbalise their response, 
which was then recorded by the experimenter. The question on cornering speed was used because a pre-study test showed participants 
understood it better than perceived lateral forces or acceleration levels.

This bipolar scale, sometimes called the Just-About-Right (JAR) scale, is regularly used in consumer research to evaluate if a 
product (e.g., yoghurt) is at its optimal level or at too-high or too-low level. It is often combined with another overall liking rating for 
analysis (Paries et al., 2022). For practical consideration, we did not include another overall liking rating. The rating scale used in this 
study includes both directional information (fast or slow) and its intensity (how fast or slow the AV is perceived to be), with the middle 
point indicating the optimal option. According to Rothman and Parker (2009), JAR scales typically range from three to nine points. 
While a three-point scale is the theoretical minimum, using a wider scale for data collection helps mitigate “end avoidance”, allowing 
participants to express more detailed opinions without feeling forced towards the centre.

2.5. Procedure

Prior to the experiment day, participants completed an online survey, in which they provided demographic information, reported 
personal characteristics (e.g., interest in cars and sensation seeking), and gave informed consent to participate in the study. As shown 
in Fig. 4, on the experiment day, participants received instructions and were introduced to the scale they would use for evaluation 
during the drives. Participants were driven to the test track by the safety driver, including one introductory round to demonstrate the 
track.

Depending on group assignment, participants started the experiment with either the SAE Level 0 (manual driving), Level 1 (L1), or 
Level 4 (L4) condition. For manual driving, participants drove the test track for three rounds. While the primary purpose of the L0 
condition was to characterise participants' manual driving styles for a baseline comparison, these data are not presented in the current 
paper as they fall outside of the scope. For L1 and L4, each condition was preceded by two additional drives, to allow participants to 
familiarise themselves with the respective automation system and understand the timing of evaluation prompts.

For the L1 trials, participants were responsible for steering the vehicle and completed six randomised laps with lateral acceleration 
values of 2, 3, and 4 m/s2 (each condition repeated twice). For the L4 trials, participants went through 12 randomised laps at the same 
lateral acceleration levels (2, 3, and 4 m/s2), both with and without an NDRA, with each condition repeated twice. The NDRA con
dition was alternated to reduce potential motion sickness. For the drives with an NDRA, participants were asked to play a smartphone- 
based game, in which they tapped the largest circle shown on the screen (https://apkpure.com/surt-mobile/de.lapoehn.surt). This 

Fig. 3. The scale used by participants for evaluation.
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Fig. 4. Procedure of the experiment.
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NDRA is adapted from the Surrogate Reference Task (SuRT; ISO 17488:2016), a standardised visual-manual task frequently used as 
non-driving related tasks in driving research (e.g., Guo et al., 2020; Young et al., 2013). The game application recorded their per
formance, awarding higher scores for faster and more accurate taps. Participants were encouraged to achieve the highest possible 
score. Each experimental condition was repeated twice to ensure the reliability of subjective evaluations and to mitigate potential 
order effects.

2.6. Statistical analysis

A multilevel multinomial logistic model under the Bayesian framework was adopted for the statistical analysis. The model predicts the 
probability of observing each of the rating categories as a function of the predictor variables.

Multilevel models (or mixed-effects models) are suitable for data with hierarchical or clustered structures; for example, repeated 
ratings from the same participant might be correlated with each other. Multilevel models include fixed effects (i.e., effects that remain 
constant across observations) and random effects (i.e., variability and differences between participants) (Goldstein, 2011).

To reduce the complexity resulting from the bipolar scale, we re-coded the 7-point scale to a 3-point scale, by combining all 
negative ratings (− 3,− 2,− 1) and all positive ratings (+1, +2, +3), respectively. The re-coded scale includes three levels: Too Slow, 
Optimal, and Too Fast. This recode is conducted for two reasons: a) combining ratings can increase the number of data points in each 
category, which enhances the model fit, and b) participants tended not to select extreme ratings, resulting in fewer data points for these 
categories. In addition, we tested the original 7-point data and an alternative way of combining categories. However, the 7-point model 
added too much complexity and had difficulty converging, while the alternative grouping tended to mask important differences be
tween categories. We decided to treat the scale as nominal and set the middle point as the reference category. In this way, we were able 
to understand whether the rating deviated towards the fast or the slow side (i.e., whether the rating tends to be above or below zero) 
compared with an optimal rating. For this purpose, the multinomial logistic model was chosen (Agresti, 2003; Hedeker, 2003).

Bayesian statistics is an approach to data analysis and parameter estimation based on Bayes' theorem, where prior knowledge about 
parameters is updated with the information obtained from observed data. The posterior distribution reflects the updated knowledge, 
combining prior knowledge with observed data (Bayes, 1763). Moreover, the Bayesian inference has flexibility in random effects 
modelling for multinomial models, the distribution of the data, and the sample size (van de Schoot et al., 2021). The 95% credible 
interval of posterior distributions indicates that the interval has a 0.95 probability of containing the value of the parameter.

For model performance comparisons, leave-one-out (LOO) cross-validation was used. LOO is a method for measuring the predictive 
accuracy of a fitted Bayesian model using the log-likelihood evaluated at the posterior simulations of the parameter values (Vehtari 
et al., 2017).

The R package brms was used for the analysis (Bürkner, 2017, 2017; Heiss, 2023). The scripts can be found at https://github.com/ 
pchencecilia/comfort_acc.

2.6.1. Model description
Let Yki and μk,i be the choice of ratings and the probability of rating Optimal (k = 0), Too Slow (k = 1), Too Fast (k = 2), for 

participant i. We assume that Yki follows a multinomial distribution: Yki ∼ Multinomial(1, μi), where μi =
(
μ0,i, μ1,i, μ2,i

)
is the vector of 

probabilities.
The probability of selecting rating category k relative to the reference category k = 0 (optimal) is determined by the linear pre

dictor, ηk,i: 

μk,i =
exp
(
ηk,i
)

1 +
∑2

l=1exp
(
ηl,i
) , k = 1, 2 

To identify the model, the linear predictor for the reference category is set to zero, which is η0,i = 0. Then, the probability for 
selecting the reference category k = 0 (is) 

μ0,i =
1

1 +
∑2

l=1exp
(
ηl,i
)

The log-odds of rating category k relative to the reference category are modelled as: 

ln

(
μk,i

μ0,i

)

= ηk,i = βkXi + uki, k = 1,2,

where Xi is the row vector of independent variables for participant i, and βkis the vector of regression coefficients corresponding to the 
independent variables for the log-odds of rating category k versus rating category 0. uki ∼ N

(
0, σ2

k
)

represents the random intercept for 
participant i.
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The linear predictor βkXi can be written explicitly as: 

βkXi = βk0 + βk1X1i + βk2X2i +…+ βkpXpi 

where βk0is the intercept, Xpi is the value of the p-th independent variable for participant i, and βkpi is the corresponding coefficient.
We used weakly informative priors βk ∼ N(0, 1) for fixed effect parameters and σk ∼ HalfNormal(0, 1) for between-participant 

variability.
For model result interpretation, we used the odds ratio rather than the direct output in logit to explain the influence of the variables 

on ratings. The odds ratio is the exponential transformation of the estimates (OR = eestimate): a value of 1 means no effect, while values 
greater than 1 suggest that a one-unit increase in the studied variable increases the odds of the rating by 
( (

eestimate − 1
)
× 100%

)
.Conversely, a value less than 1 means the odds decrease by 

( (
1 − eestimate)× 100%

)
. A variable is considered 

significant or meaningful if its credible interval (CI) in odds ratio excludes 1 (see examples using the odds ratio for interpretations: 
(Chen et al., 2016; Delbiso et al., 2016; Gudmestad & Metzger, 2025).

2.6.2. Consistency of repeated ratings
To assess the consistency of subjective evaluation across the two repetitions, ratings from the first and second exposures to the same 

condition were compared per participant, across lateral acceleration levels, curve radii, and SAE automation levels. A Spearman 
correlation (Rho = 0.84, p < .001) indicated significant correlation between the two ratings. Moreover, the Intraclass Correlation 
Coefficient (ICC3 = 0.85) confirmed high test-retest reliability of the subjective evaluations.

3. Results

3.1. Evaluation of lateral acceleration in L4 automated driving

A mixed effects model was fitted to examine the effects of lateral acceleration levels, engagement in NDRAs, curve radii, and the 
ride order on participants' perception and evaluation of lateral acceleration, as measured on the recoded 3-point scale (see Formula 
(1)). 

Table 2 
Posterior estimation results based on the multilevel Bayesian logistic model (Rating ~ ay + NDRA + Curve + Order + ay:NDRA + ay:Curve + ay:Order 
+ NDRA:Curve + NDRA:Order + Curve:Order + (1 | participant)).

Parameter Est. SE Est (OR) CI.low CI.high Est. SE Est (OR) CI.low CI.high

Fixed effects ​
Too slow (vs optimal) Too fast (vs optimal)
(Intercept) 1.30 0.36 3.66 1.81 7.33 − 4.41 0.55 0.01 0.00 0.03
ay (reference: ay[2]) ​ ​ ​ ​ ​ ​ ​ ​ ​ ​
ay[3] − 2.89 0.31 0.06 0.03 0.10 1.31 0.42 3.71 1.67 8.63
ay[4] − 5.05 0.48 0.01 0.00 0.02 4.97 0.44 143.44 61.80 347.14
NDRA (reference: NDRA[0])
NDRA[1] − 2.31 0.27 0.10 0.06 0.17 − 0.13 0.42 0.88 0.39 2.00
Curve radius − 2.45 0.34 0.09 0.04 0.17 1.12 0.48 3.08 1.21 7.76
Order (reference: Order[1])
Order[2] 0.65 0.27 1.91 1.10 3.24 − 0.73 0.42 0.48 0.21 1.09
ay × NDRA (reference: ay[2] × NDRA[0]) a

ay[3] × NDRA[1] 0.30 0.38 1.35 0.63 2.84 0.99 0.46 2.70 1.08 6.71
ay[4] × NDRA[1] 0.40 0.61 1.48 0.44 4.61 0.71 0.43 2.04 0.88 4.71
ay × Curve radius (reference: ay[2] × Curve radius) a

ay[3] × Curve radius − 0.89 0.41 0.41 0.19 0.89 1.13 0.50 3.11 1.15 8.27
ay[4] × Curve radius 0.16 0.60 1.18 0.35 3.70 1.25 0.47 3.50 1.37 8.65
ay × Order (reference: ay[2] × Order[1]) a

ay[3] × Order[2] − 1.58 0.39 0.21 0.09 0.44 0.07 0.46 1.07 0.43 2.60
ay[4] × Order[2] − 1.17 0.53 0.31 0.11 0.87 0.34 0.43 1.41 0.61 3.26
NDRA[1] × Curve radius 0.77 0.36 2.17 1.03 4.37 − 0.79 0.35 0.46 0.23 0.91
NDRA[1] × Order[2] 0.33 0.33 1.39 0.73 2.59 0.54 0.33 1.71 0.89 3.33
Curve radius × Order[2] − 0.34 0.35 0.71 0.35 1.41 0.62 0.35 1.87 0.94 3.76
Random effects ​ ​ ​ ​ ​ ​ ​ ​
sd(u1) 1.54 0.23 ​ ​ ​ ​ ​ ​ ​ ​
sd(u2) 1.93 0.27 ​ ​ ​ ​ ​ ​ ​ ​
cor(u12) − 0.70 0.11 ​ ​ ​ ​ ​ ​ ​ ​

Note. Estimate and SE are in log-odds, while Est (OR) and Credible intervals (CI) are in odds ratio. Bold values indicate significance. Curve radius in 
the model was standardised. For random effects, sd(u1) and sd(u2) represent the standard deviation of the random intercepts for “Too Slow (vs 
Optimal)” outcome category and “Too fast (vs Optimal)” category across individuals (the grouping variable), respectively. The term cor(u12) rep
resents the correlation between the two random intercepts across participants. a Interaction terms represent the change in predictor effects at ay = 3 
m/s2 or ay = 4 m/s2 relative to the baseline combination of ay = 2 m/s2 and the respective reference level (e.g., Order = 1, NDRA = 0).
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Rating ∼ ay+NDRA+Curve+Order+ ay : NDRA+ ay : Curve+ ay : Order+NDRA : Curve+NDRA : Order+Curve

: Order+(1 | participant)) (1) 

This section only includes conditions under SAE Level 4 driving. The distribution of the data and a comparison of alternative model 
specifications are provided in Appendix 1.

3.1.1. Model result
Table 2 presents the posterior estimation results from the random intercept Bayesian multilevel multinomial logistic regression 

model, which compares participants' ratings for conditions experienced under L4 automated driving. In this model, coefficients 
represent the relationship between each predictor variable and the log-odds of relative rating selection, while odds ratios (ORs) 
quantify the relative odds of that rating selection. As the “Optimal” rating category was set as the reference level, the effect estimates 
are interpreted in relation to the odds of receiving an “Optimal” rating (i.e., Too Slow vs Optimal, or Too Fast vs Optimal) (Agresti, 
2003; Gudmestad & Metzger, 2025).

Fig. 5 complements these results by showing the predicted probabilities, as percentages, for each rating category across different 
conditions. These probabilities were derived using the softmax transformation of the model's linear predictors.

Fixed effects.
Evaluation of lateral acceleration levels.
Before examining changes due to higher lateral accelerations or other factors, the baseline condition is considered: at a lateral 

acceleration of 2 m/s2, without NDRA engagement, for an average standardised curve radius, and during the first ride. The odds of rating the 
condition as Too Slow (vs Optimal) were 3.66 times higher (OR = 3.66, CI: 1.81–7.33), and the odds of rating the condition as Too Fast 
(vs Optimal) were very low (OR = 0.01, CI: 0.00–0.03). This indicates that this baseline condition of 2 m/s2 had a tendency to be 
considered as Too Slow rather than Optimal and had a very low tendency to be considered as Too Fast.

Compared to the lateral acceleration of 2 m/s2, 3 m/s2 was associated with 94% lower odds of being rated as Too Slow (vs Optimal; 
OR = 0.06, CI: 0.03–0.10). Conversely, the odds of being rated as Too Fast (vs Optimal) at 3 m/s2 were 271% higher than at 2 m/s2 (OR 
= 3.71, CI: 1.67–8.63).

At a lateral acceleration of 4 m/s2 compared to 2 m/s2, the odds of Too Slow ratings (vs Optimal) were substantially lower (OR =
0.01, CI: 0.00–0.02). The odds of Too Fast ratings (vs Optimal) at 4 m/s2 were markedly higher (OR = 143.44, CI: 61.80–347.14).

Visual inspection of the predicted probabilities (Fig. 5) suggests that the lateral acceleration of 3 m/s2 frequently resulted in the 
highest probability of Optimal ratings across various conditions; however, this optimal choice could shift based on other interacting 
factors.

The effect of NDRA engagement.
At a lateral acceleration of 2 m/s2, engagement in the visual NDRA (compared to no engagement) significantly reduced the odds of 

Too Slow ratings (vs Optimal) by 90% (OR = 0.10, CI: 0.06–0.17). Also at 2 m/s2, the main effect of NDRA engagement on the odds of 
Too Fast ratings (vs Optimal) was not statistically significant (OR = 0.88, CI: 0.39–2.00).

Regarding the interaction effect, the effect of NDRA engagement (vs no engagement) on the odds of Too Fast ratings (vs Optimal) 
was significantly stronger at lateral accelerations of 3 m/s2 (OR = 2.70, CI: 1.08–6.71), compared to its effect at 2 m/s2. This indicates 
that NDRA engagement amplified the tendency to rate lateral acceleration of 3 m/s2 as Too Fast. While the same trend was observed for 
lateral acceleration of 4 m/s2, the effect was non-significant (OR = 2.04, CI: 0.88–4.71). This might reflect a ceiling effect as 4 m/s2 was 
already frequently rated as Too Fast regardless of NDRA engagement.

The effect of curve radii.
At a lateral acceleration of 2 m/s2, a one standard deviation increase in curve radius (i.e., gentler curves) significantly decreased the 

odds of Too Slow ratings (vs Optimal) by 91% (OR = 0.09, CI: 0.04–0.17). Conversely, it increased the odds of Too Fast ratings (vs 
Optimal) by 208% (OR = 3.08, CI: 1.21–7.76).

Regarding interaction effects, at a lateral acceleration of 3 m/s2, a one standard deviation increase in curve radius further reduced 
the odds of Too Slow ratings (vs Optimal) by 59% (OR = 0.41, CI: 0.19–0.89), compared to the effect of curve radius at 2 m/s2. The 
positive effect of larger curve radii on the odds of Too Fast ratings (vs Optimal) was significantly stronger at 3 m/s2 (OR = 3.11, CI: 
1.15–8.27) and 4 m/s2 (OR = 3.50, CI: 1.37–8.65), compared to its effect at 2 m/s2.

There was a significant interaction between NDRA engagement and curve radius. Results showed that as curve radius increases 
(and correspondingly vehicle speed increases), the probability of Too Slow ratings decreases in both NDRA engagement and non- 
engagement conditions. However, the reduction is less pronounced when passengers are engaged in NDRAs (OR = 2.17, CI: 
1.03–4.37), suggesting NDRA engagement weakens the moderating effect of curve radius on Too Slow ratings. Similarly, the reduction 
in Too Fast ratings with increasing curve radius is also weakened under NDRA engagement (OR = 0.46, CI: 0.23–0.91).

The effect of order.
At a lateral acceleration of 2 m/s2, compared with the first ride, the odds of providing Too Slow ratings (vs Optimal) in the second 

ride significantly increased by 91% (OR = 1.91, CI: 1.10–3.24).
Regarding interaction effects, the tendency to rate higher lateral accelerations as Too Slow (vs Optimal) during the second ride 

(compared to the first ride) was reduced relative to this effect at 2 m/s2. Specifically, the odds ratio for the second ride was 0.21 times 
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Fig. 5. Predicted probability of each rating category. (a) Predicted probabilities conditioned by lateral acceleration, NDRA engagement, curve 
radius, and ride order (b) Predicted probabilities by lateral acceleration. (c) Predicted probabilities by lateral acceleration and NDRA engagement. 
(d) Predicted probabilities by NDRA engagement and curve radius. (e) Predicted probabilities by lateral acceleration and curve radius. (f) Predicted 
probabilities by lateral acceleration and ride order. For plots (b)-(f), predictions were generated holding unplotted categorical predictors at their 
reference level and continuous predictors at their mean. For all plots, the probabilities for the three rating categories sum to 1. Error bars represent 
95% CI.
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smaller at 3 m/s2 (OR = 0.21, CI: 0.09–0.44) and 0.31 times smaller at 4 m/s2 (OR = 0.31, CI: 0.11–0.87), when predicting Too Slow 
ratings, compared to its effect at 2 m/s2. The interaction effects of ride order with NDRA engagement and with curve radius were both 
found to be non-significant.

Radom effects.
As shown in Table 2, the random effects estimates indicate substantial between-participant variability in rating tendencies. The 

strong negative correlation (− 0.70) between these random intercepts suggests that participants who are more likely to rate a condition 
Too slow (vs Optimal) are substantially less likely to rate it Too fast (vs Optimal), and vice-versa, independent of the fixed predictors.

3.2. Evaluation of lateral acceleration across automation levels

A mixed effects model was fitted to examine the effects of lateral acceleration levels, automation level, and curve radii on par
ticipants' evaluation of lateral acceleration, measured using the recoded 3-point rating scale (see Formula (2)). 

Rating ∼ ay+ Level+Curve+ ay : Level+ ay : Curve+(1 | participant)) (2) 

To ensure comparability across automation levels, this analysis specifically excluded NDRA engagement conditions under Level 4 
driving. The distribution of the data and a comparison of alternative model specifications are provided in Appendix 2. In particular, the 
interaction effect of automation level and curve radius was examined in sensitivity analysis; it was found to be non-significant and did 
not affect other effects. LOO test showed no significant improvement (see Appendix 2). Therefore, this interaction effect was not 
included in the model.

3.2.1. Model result
Table 3 details the posterior estimation results from the random intercept Bayesian multilevel multinomial logistic regression 

model, which compares participants' ratings of conditions experienced under L1 and L4 automated driving. To further illustrate these 
findings, Fig. 6 visualises the predicted probabilities (as percentages) for each rating category across different conditions.

Fixed effects.
Evaluation of lateral acceleration.
The evaluation of lateral acceleration aligns with the trend reported in section 3.1. Inferring from the baseline condition (intercept 

– representing the lateral acceleration of 2 m/s2, L1 automation, and mean standardised curve radius), the odds of 2 m/s2 being rate as 
Too Slow (vs Optimal) were 13.28 times higher (OR = 13.28, CI: 6.57–27.51), while the odds of it being rated as Too Fast (vs Optimal) 
were significantly low (OR = 0.00, CI: 0.00–0.01).

Compared to 2 m/s2, the odds of Too Slow rating (vs Optimal) at 3 m/s2 (OR = 0.03, CI: 0.02–0.06) and 4 m/s2 (OR = 0.00, CI: 
0.00–0.00) were much lower. In terms of Too Fast ratings (vs Optimal), 3 m/s2 was associated with 4.65 times higher odds compared to 
2 m/s2. The odds of Too Fast ratings (vs Optimal) at 4 m/s2 were significantly higher than at 2 m/s2 (OR = 117.61, CI: 48.56–294.08).

The effect of automation levels.
At a lateral acceleration of 2 m/s2, Level 4 driving (compared to L1 automation) significantly reduced the odds of Too Slow ratings 

Table 3 
Posterior estimation results based on multilevel Bayesian logistic model (Rating ~ ay + Level + Curve + ay:Level + ay:Curve + (1 | participant)).

Parameter Est. SE Est (OR) CI.low CI.high Est. SE Est (OR) CI.low CI.high

Fixed effects
Too slow (vs optimal) Too fast (vs optimal)
(Intercept) 2.59 0.37 13.28 6.57 27.51 − 5.37 0.62 0.00 0.00 0.01
ay (reference: ay[2]) ​ ​ ​ ​ ​ ​ ​ ​ ​ ​
ay[3] − 3.38 0.28 0.03 0.02 0.06 1.54 0.43 4.65 2.03 10.97
ay[4] − 6.21 0.40 0.00 0.00 0.00 4.77 0.45 117.61 48.56 294.08
Level (reference: Level[1])
Level[4] − 0.62 0.25 0.54 0.33 0.87 − 0.30 0.43 0.74 0.31 1.68
Curve radius − 2.82 0.31 0.06 0.03 0.11 1.41 0.52 4.12 1.48 11.61
ay × Level (reference: ay[2] × Level[1]) a

ay[3]:Level[4] − 0.80 0.35 0.45 0.22 0.89 0.21 0.49 1.23 0.48 3.30
ay[4]:Level[4] − 0.39 0.44 0.67 0.28 1.60 1.41 0.47 4.10 1.66 10.33
ay × Curve radius (reference: ay[2] × Curve radii) a

ay[3]:Curve radius − 0.92 0.40 0.40 0.18 0.86 1.23 0.60 3.41 1.05 11.40
ay[4]:Curve radius 0.09 0.56 1.10 0.35 3.24 1.94 0.56 6.99 2.39 21.44
Random effects ​ ​ ​ ​ ​ ​ ​ ​ ​ ​
sd(u1) 1.54 0.22 ​ ​ ​ ​ ​ ​ ​ ​
sd(u2) 2.34 0.31 ​ ​ ​ ​ ​ ​ ​ ​
cor(u12) − 0.66 0.11 ​ ​ ​ ​ ​ ​ ​ ​

Note. Estimate and SE are in log-odds, while Est (OR) and Credible intervals (CI) are in odds ratio. Bold values indicate significance. Curve radii in the 
model were standardised. For random effects, sd(u1) and sd(u2) represent the standard deviation of the random intercepts for “Too Slow (vs 
Optimal)” outcome category and “Too fast (vs Optimal)” category across individuals (the grouping variable), respectively. The term cor(u12) rep
resents the correlation between the two random intercepts across participants. a Interaction terms represent the change in predictor effects at ay = 3 
m/s2 or ay = 4 m/s2 relative to the baseline combination of ay = 2 m/s2 and the respective reference level (e.g., Level = 1).
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Fig. 6. Predicted probability of each rating category. (a) Predicted probabilities conditioned by lateral acceleration, automation level, and curve radius. (b) Predicted probabilities by lateral accel
eration. (c) Predicted probabilities by lateral acceleration and curve radius. (d) Predicted probabilities by lateral acceleration and automation level. For plots (b)-(d), predictions were generated holding 
unplotted categorical predictors at their reference level and continuous predictors at their mean. For all plots, the probabilities for the three rating categories sum to 1. Error bars represent 95% CI.
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(vs Optimal) by 46% (OR = 0.54, CI: 0.33–0.87). The main effect of automated level on the odds of Too Fast rating (vs Optimal) was not 
statistically significant (OR = 0.74, CI: 0.31–1.68).

Regarding the interaction effect, L4 automation (vs L1 automation) further reduced the odds of Too Slow ratings (vs Optimal) by 
55% for 3 m/s2, compared to its effect at 2 m/s2 (OR = 0.45, CI: 0.22–0.89). This indicates the reduction in Too Slow odds due to L4 (vs 
L1) was more pronounced at 3 m/s2 than it was at 2 m/s2. The odds for L4 automation (vs L1) on Too Fast ratings (vs Optimal) were 4.1 
times higher at 4 m/s2 compared to its effect at 2 m/s2 (OR = 4.10, CI: 1.66–10.33).

The effect of curve radius.
At a lateral acceleration of 2 m/s2, a one standard deviation increase in curve radius (i.e., gentler curves) significantly reduced the 

odds of Too Slow ratings (vs Optimal) by 94% (OR = 0.06, CI: 0.03–0.11). In contrast, it increased the odds of Too Fast ratings (vs 
Optimal) 4.12 times (OR = 4.12, CI: 1.48–11.61).

Regarding interaction effects, at a lateral acceleration of 3 m/s2, a unit increase in curve radius further reduced the odds of Too 
Slow (vs Optimal) ratings by 60% (OR = 0.40, CI: 0.18–0.86), compared to its effect at 2 m/s2. Larger curve radius increased the odds 
of being rated as Too Fast (vs Optimal) for 3 m/s2 (OR = 3.41, CI: 1.05–11.40) and 4 m/s2 (OR = 6.99, CI: 2.39–21.44), compared to its 
effect at 2 m/s2.

Random effects.
Similarly to the results reported in section 3.1, the random effects estimates indicate substantial between-participant variability in 

rating tendencies. The strong negative correlation (− 0.66) between these random intercepts suggests that participants who are more 
likely to rate a condition Too slow (vs Optimal) are substantially less likely to rate it Too fast (vs Optimal), and vice-versa, independent 
of the fixed predictors.

4. Discussion

To inform the design of automated vehicles (AVs) capable of navigating varied road geometries, understanding optimal lateral 
acceleration settings during curve negotiation is essential. This study investigated user perception and evaluation of three specific 
lateral acceleration levels: 2, 3, and 4 m/s2. These lateral accelerations, suggested by previous research to be the threshold for user 
comfort (Bosetti et al., 2013; J. Eriksson & Svensson, 2015; ISO 11270, 2014), were assessed across a range of conditions, including 
automation levels, curve radii, NDRA engagement under L4 driving, and order of rides.

4.1. Optimal lateral accelerations

Overall, the results indicate that there is no single universally “optimal” lateral acceleration for AVs in curve driving. Instead, 
passenger preference is contextual, affected by curve radii, engagement in NDRAs, their experience with automated driving, and the 
level of automation. However, some clear patterns have emerged which can provide design guidelines for lateral acceleration settings.

The lateral acceleration of 2 m/s2 was frequently perceived as “too slow”, especially under the baseline conditions (no NDRA 
engagement under L4 driving, or under L1 driving). In these conditions, participants were able to look around and be aware of changes 
in the surrounding environment. This suggests that while safety was ensured, 2 m/s2 may not meet passenger expectations for effi
ciency. In comparison, 4 m/s2 consistently tended to be rated as “too fast”, as its odds of being rated as “too fast” were dramatically 
higher than 2 m/s2 in both L1 and L4 (no NDRA engagement) conditions. It indicates that 4 m/s2 appears to frequently exceed users' 
comfort or preference thresholds. The lateral acceleration of 3 m/s2 often emerged as a more balanced option, although its ratings were 
dependent on other factors. Compared to 2 m/s2, it significantly reduced the occurrence of “too slow” ratings. While it increased “too 
fast” ratings compared to 2 m/s2, these increases were mostly less extreme than those seen with 4 m/s2. Compared with literature, even 
the “too slow” 2 m/s2 is much higher than the threshold of 0.98 m/s2 proposed by de Winkel et al. (2023), which focused on par
ticipants' discomfort with discrete motion pulses when closing their eyes. It is possible that our participants mixed their evaluation for 
both lateral forces and vehicle speed, while the study by de Winkel focused entirely on short-period forces. Moreover, vehicle jerk 
might have played a role in such evaluation. Regardless, our results highlight the importance of considering vehicles' driving styles as 
continuous and dynamic, changing in response to external environments, to provide a full image of the scenario for participants to 
evaluate.

Regarding the effect of curve radii, larger curve radii (gentler curves) generally led to lower accelerations receiving fewer “too slow” 
ratings and more “too fast” ratings. Specifically, larger, gentler curves decreased “too slow” ratings and increased “too fast” ratings for 
2 m/s2, compared to smaller, sharper curves. This applied to both L1 and L4 driving. The effect on “too fast” ratings was amplified at 
higher accelerations, suggesting that on wider, gentler curves, passengers became more sensitive to higher lateral accelerations, 
perceiving them as “too fast”. This result suggests a preference for lower lateral accelerations (or lower cornering speed) on wider 
curves, and a preference for higher lateral accelerations (or higher cornering speed) on tighter, sharper curves. As Fig. 2 shows, at the 
same lateral acceleration level, the vehicle speed was higher for larger curves (e.g., Curve 2, r = 74 m) than for smaller and sharper 
curves (e.g., Curve 1, r = 30 m). The duration of the lateral acceleration and forces acting on the participant's body might play a role. 
Regardless, our results provide more detailed insights for this underexplored area about curve negotiation, where a limited number of 
previous studies have only inspected general trends without investigation into detailed curve radii (Hajiseyedjavadi et al., 2022; Peng 
et al., 2022).

Regarding NDRA engagement in L4 driving, visual tasks engagement led to fewer “too slow” ratings for low lateral acceleration (2 m/ 
s2). It suggests shifting attention from driving to NDRAs could make slow curve driving more comfortable. The significant interaction 
effect between NDRA engagement and curve radius indicates that engaging in visual NDRAs attenuated the effect of curve radius on 
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both Too Slow and Too Fast ratings. Specifically, as curve radius increased, the reduction in Too Slow ratings was less pronounced 
under NDRA engagement compared to the No NDRA condition. This is likely because participants engaged in NDRAs were less aware 
of the higher vehicle speed associated with maintaining the same lateral acceleration on gentler curves. Taken together, the effect of 
NDRA engagement can be explained by the Multiple Resource Theory (Wickens, 2002), which suggests that human information 
processing relies on multiple and distinct pools of resources (e.g., visual, auditory). When a participant's visual and cognitive resources 
were occupied by the NDRA, their capability to process the external environment and the vehicle's motion became limited. In this case, 
a slower cornering speed would provide the passenger with sufficient time to perceive and evaluate the vehicle's manoeuvres. 
Conversely, NDRA engagement made higher lateral accelerations more likely to be rated as “too fast”. It indicates that engaging in 
NDRAs appears to reduce passenger comfort for higher lateral forces, possibly due to their reduced ability to monitor the vehicle's 
behaviour. In comparison, NDRA engagement was found not to affect preferences for longitudinal deceleration in a previous study 
(Carlowitz, Rossner, et al., 2024). This contrast highlights the unique influence of lateral motion on passenger perception and eval
uation, and it indicates that the effect of different kinematic factors of driving styles on user evaluation warrants more in-depth 
research.

Regarding the effect of automation levels, the high automation level (L4) made low lateral acceleration (2 m/s2) receive less “too 
slow” ratings compared to the lower automation level (L1). This suggests that passengers might perceive the lower lateral acceleration 
as more appropriate for a highly automated vehicle than for an assisted automated driving system, where they are still fundamentally 
the driver. L4 automation also reduced “too slow” ratings for 3 m/s2, while it increased “too fast” ratings for 4 m/s2. This indicates 
lower tolerance for high lateral acceleration in L4 driving, where the user is not in control. Taken together, our results can be explained 
by the user's role in different levels of automation, and their passive role in L4 driving could have contributed to the preference for 
lower lateral accelerations. While the experiment was not intended to induce motion sickness, the Sensory Conflict Theory suggests 
that discomfort arises when the brain receives conflicting signals from visual, vestibular, and proprioceptive systems (Reason, 1978). 
Participants' role as passengers in L4 driving limited their ability to anticipate the vehicle's upcoming movement and forces. Conse
quently, participants tended to prefer slower lateral acceleration to allow these multiple sensory cues to match more effectively. 
Moreover, the finding aligns with the general preference for defensive driving styles in highly automated driving suggested by previous 
research (Basu et al., 2017; Ekman et al., 2019; Peng et al., 2022).

Regarding the effect of ride order in L4 driving, compared with the first ride, the second ride increased “too slow” ratings for 2 m/s2. 
The tendency to rate higher lateral accelerations (3 m/s2 and 4 m/s2) as too slow during the second ride was attenuated. While users' 
preferences for vehicle kinematics are likely to evolve with repeated exposure or long-term experience with highly automated driving 
(Metz et al., 2021), the extent to which the preferences can change still needs further investigation. Moreover, it was also possible that 
participants' ability to compare and evaluate across scenarios improved with practice.

4.2. Limitations and future work

While the present study offers valuable insights, certain limitations should be acknowledged, which in turn suggest avenues for 
future research.

First, only three discrete levels of lateral acceleration were tested in the experiment. While the choice was based on previous 
research and practical considerations, such as preventing participant fatigue by limiting the number of trials, it remains a limitation 
that intermediate values were not explored. Future research could use more granular increments to further refine the optimal zone 
identified in the present study and subjective preferences across different contexts.

Second, the effect of seating location within the cabin was not considered in this study, as it focused on users in the driver's seat, 
who could act as both drivers (in L1 driving) and passengers (in L4 driving). Passengers in other locations, particularly the backseat, 
are anticipated to experience greater lateral motion, due to differences in physical and ergonomic seat design. For example, front seat 
cushions and headrests could mitigate lateral movements more effectively than those in the back (Beard & Griffin, 2013; Reed, 2000). 
Moreover, backseat passengers typically have a more restricted view of the external road environment, which is considered a factor 
affecting comfort (Rolnick & Bles, 1989). Although future AVs may allow users to occupy the driver's seat (Koppel & Lopez-Valdes, 
2019), current on-road AV models (e.g., Waymo) predominantly place users in the backseat. Therefore, the effect of seating loca
tion on user evaluations of lateral acceleration needs further investigation.

Third, the workload associated with NDRAs (the SuRT task) was consistent across conditions in this study, while the visual 
workload and difficulty level of the SuRT task can be varied (Guo et al., 2020). Our results suggest that NDRA engagement influenced 
passengers' preference for lateral acceleration, and the observed preference for lower lateral acceleration is potentially linked to 
perception of reduced control or situation awareness. However, research in motion sickness indicates that demanding NDRAs can 
reduce motion sickness, presumably by directing attention away from vehicle movements towards external stimuli (Bos, 2015). It is 
also important to note that the NDRA implemented in this study was a visual-manual task, requiring active, screen-based engagement. 
Consequently, the findings related to NDRA engagement should be interpreted as specific to this type of task, and may not generalise to 
NDRAs of a different modality (e.g., auditory tasks). To comprehensively understand the effect of varying cognitive workloads and 
NDRA modality on passengers' preferences for lateral acceleration, further research is needed.

Fourth, our primary aim was to establish the optimal range of lateral acceleration and how contextual factors shift the perception of 
that specific variable. Consequently, we intentionally limited our interaction effects to those involving lateral acceleration. However, 
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future research with larger sample sizes could explore three-way interactions to further refine the understanding of comfortable lateral 
acceleration.

Lastly, our finding that participants preferred higher lateral acceleration for sharper curves might be explained by the study design 
and the scenario. Specifically, maintaining target lateral accelerations on sharper curves necessitated relatively lower vehicle speeds, 
while the test track was a racing track type. This speed constraint was also to ensure the safety of the ride due to the winter conditions 
during the experiment. Future studies could explore this relationship by varying road types (e.g., urban vs motorway) and adjusting 
vehicle speed for different road types, to better disentangle the relationship between preferred lateral acceleration, vehicle speed, and 
curve radii. Moreover, the presence of a safety driver and the absence of surrounding traffic in the test track necessitate more 
investigations.

5. Conclusion

This study investigated how passengers perceive and evaluate lateral acceleration in automated vehicles negotiating curves, across 
varying curve radii, NDRA engagement, and automation levels. Within the tested lateral acceleration levels of 2, 3 and 4 m/s2, 
preferred lateral acceleration depended on contextual factors including curve geometry, NDRA engagement, and automation level. 
Within the tested range, while 3 m/s2 frequently emerged as the most balanced of the tested acceleration levels, its acceptability 
depended on curve geometry, NDRA engagement, and automation level. Ratings of both 2 m/s2 and 4 m/s2 generally showed greater 
deviations from the optimal category. These findings have implications for the design of AV lateral control systems. First, regarding 
curve geometry, passengers preferred lower lateral accelerations on gentler curves with larger curve radii, where the vehicle travelled 
at higher speeds, while they were more tolerant of higher accelerations on sharper curves This pattern reflects the relationship between 
speed, curve radius, and lateral acceleration, suggesting that AV controllers should adapt lateral acceleration targets to curve geometry 
rather than applying a fixed value across all curves. Second, regarding NDRA engagement, engaging in visual tasks attenuated the 
moderating effect of curve radius on motion perception, suggesting that passengers doing NDRAs are less sensitive to the higher speed 
associated with gentler curves. AV systems that can detect passenger engagement in NDRAs could therefore adopt less conservative 
lateral acceleration levels on gentler curves when passengers are engaged in NDRAs, although this warrants further investigation into 
the balance between safety, comfort and trust. Third, regarding automation level, passengers under L4 automation were more 
accepting of lower accelerations and less tolerant of higher accelerations compared to L1, consistent with their passive role and 
reduced ability to anticipate vehicle manoeuvres. This suggests that lateral acceleration profiles should be calibrated differently 
depending on the active automation level.

Taken together, these findings suggest a context-aware system that dynamically adjust lateral acceleration based on road geometry, 
passenger activity, and automation level may be better able to maintain consistent passenger comfort across a wide range of real-world 
driving conditions.
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Appendix 1

As the data distribution shows (Fig. 7), while the trend of ratings for lateral acceleration levels remains similar, the engagement in 
NDRAs and different curves have a certain impact on subjective ratings. Four mixed-effects models were fitted: Model 1 only included 
lateral acceleration; Model 2 included lateral acceleration, NDRA engagement and ride order; Model 3 included curves in addition to 
predictors in Model 2; and Model 4 included further two-way interaction terms. Based on the comparison of model performance 
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(Table 4), we report details for Model 4). 

Fig. 7. Data distribution of ratings for lateral acceleration levels in L4 automated driving, in terms of combining all conditions (a), considering 
NDRA engagement (b), and considering both NDRA engagement and curve radii (c).

Table 4 
Comparison of model performance.

Model ELPD diff SE diff

Model 4: Rating ~ ay + NDRA + Curve + order + ay:NDRA + ay:Curve + ay:order + NDRA:Curve + NDRA:order + Curve:order + (1 | 
participant) 0 0

Model 3: Rating ~ ay + NDRA + Curve + order + ay:NDRA + ay:Curve + ay:order + (1 | participant) − 8.1 3.7
Model 2: Rating ~ ay + NDRA + ay:NDRA + order + ay:order + (1 | participant) − 204.2 16.7
Model 1: Rating ~ ay + (1 | participant) − 277.5 19.4

Note. A higher value of expected log predictive density (ELPD) means better predictive accuracy. SE represents the standard error of the difference in 
ELPD between each pair of models.

Appendix 2

To compare the evaluation of lateral acceleration between L1 and L4 automation, the condition where participants engaged in 
NDRA in L4 automated driving was excluded. Fig. 8 shows the distribution of the data. Four models were tested (Table 5), and Model 3, 
including lateral acceleration, automation level, and curve radii, was selected and reported in detail. The factor of the ride order did 
not improve model fit and thus was not included. 
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Fig. 8. Data distribution of ratings for lateral acceleration levels in different levels of automated driving, in terms of combining all conditions (a), 
considering automation level (b), and considering both automation level and curve radii (c).

Table 5 
Comparison of model performance.

Model ELPD diff SE diff

Model 3: Rating ~ ay + level + curve + ay:level + ay:curve + (1 | participant) 0 0
Model 4: Rating ~ ay + level + curve + ay:level + ay:curve + level:curve + (1 | participant) − 1.4 1.3
Model 2: Rating ~ ay + level + ay:level + (1 | participant) − 319.3 19.4
Model 1: Rating ~ ay + (1 | participant) − 334.3 19.9

Note. A higher value of expected log predictive density (ELPD) means better predictive accuracy. SE represents the standard error of the 
difference in ELPD between each pair of models.

Data availability

The data that has been used is confidential.
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