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A B S T R A C T   

The goal of this on the road driving study was to investigate how drivers adapt their behavior when driving with 
conditional vehicle automation (SAE L3) on different occasions. Specifically, we focused on changes in how fast 
drivers took over control from automation and how their gaze off the road changed over time. On each of three 
consecutive days, 21 participants drove for 50 min, in a conditionally automated vehicle (Wizard of Oz meth
odology), on a typical German commuting highway. Over these rides the take-over behavior and gaze behavior 
were analyzed. The data show that drivers’ reactions to non-critical, system initiated, take-overs took about 5.62 
s and did not change within individual rides, but on average became 0.72 s faster over the three rides. After these 
self-paced take-over requests a final urgent take-over request was issued at the end of the third ride. In this 
scenario participants took over rapidly with an average of 5.28 s. This urgent take-over time was not found to be 
different from the self-paced take-over requests in the same ride. Regarding gaze behavior, participants’ overall 
longest glance off the road and the percentage of time looked off the road increased within each ride, but stayed 
stable over the three rides. Taken together, our results suggest that drivers regularly leave the loop by gazing off 
the road, but multiple exposures to take-over situations in automated driving allow drivers to come back into 
loop faster.   

1. Introduction 

The incremental introduction of automated driving is likely to stay 
relevant for the coming decades (Fagnant & Kockelman, 2015). Whereas 
advanced driving assistance systems currently share control with the 
driver (Level 2) a next step towards traded control is conditionally 
automated driving (Level 3, SAE International, 2018). This step has been 
regulated, enabling manufacturers to certify and introduce automated 
systems on the road (UNECE, 2020). At this level of automation the 
vehicle takes over the entire driving task but the driver but must be 
capable of taking back control rapidly and adequately if necessary (SAE 
International, 2018). However, research has shown that the quality of 
the drivers’ take-over reaction to hazard situations is lower if the driver 
had been driving with automation before the incident (De Waard et al., 
1999; Gold et al., 2013; Louw et al., 2017). Taking back control from 
automation can be adversely influenced if the driver is out of the loop 
(Merat et al., 2018). Recently, research has investigated being out of the 

loop from a perception–action theory perspective (Dillmann et al., 
2021a,b; Mole et al., 2019). From this perspective, drivers’ being in the 
loop is seen as being in an active cycle of perception and action (Fajen & 
Devaney, 2006). In braking behavior this loop would consist of (a) 
drivers attuning to perceptual cues such as optical looming, and subse
quently (b) calibrating their braking actions to the changing visual cues 
(Fajen, 2005). If drivers leave the loop during automated driving, they 
may need time to reattune to relevant visual information and re- 
calibrate their actions (Brand et al., 2017; Mole et al., 2019; Russell 
et al., 2016). Indeed, leaving the loop during automated driving has 
been associated with reduced glances at relevant sources of perceptual 
information (Dillmann et al., 2021a; Schnebelen et al., 2020), and 
deteriorating motor-perceptual calibration in driving actions when 
taking back control (Dillmann et al., 2021b). 

To date, over 200 simulator studies have investigated how drivers 
come back into the loop and take back control from the conditional 
vehicle (de Winter et al., 2021; for a review see Zhang et al., 2019). 
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However, de Winter and colleagues (2021) argue that such simulator 
studies have focused on conveniently measurable urgent take-overs, and 
have left self-paced interactions with automation in realistic driving 
situations underrepresented in the literature. Therefore, different 
research is necessary to gain a deeper understanding of driver behavior 
in self-paced take-overs in realistic driving studies. 

Recently, studies using the Wizard of Oz methodology (Bengler et al., 
2020) to study non-critical take-overs are starting to fill this gap: 
Rydström and colleagues (2022) found that participants’ take-over re
actions to non-critical take-overs on the road, became faster during the 
ride over approximately 45 min of automated driving, The authors argue 
that this change of behavior could be a learning effect similar to those 
that have been reported in repeated interaction with automation (For
ster et al., 2019; Winkler et al., 2018). However, changes in behavior 
when interacting with automation have been shown to develop over 
several rides (Beggiato et al., 2015; Large et al., 2018). For example, on- 
the-road research of fifteen drivers commuting with adaptive-cruise- 
control (Driver Assistance System, Level 1) showed that it took 185 
km or 3.5 h of driving for learning- or behavioral adaptation effects to 
flatten (Beggiato et al., 2015). Considering that behavioral changes 
occurred over several rides with driver assistance systems, the literature 
is lacking research with respect to whether and how behavioral changes 
occur over several rides in conditional vehicle automation in realistic 
driving conditions. This gap in the literature pertains to both self-paced 
take-overs which may occur frequently for standard situations such as 
leaving the highway (Eriksson & Stanton, 2017), as well as urgent take- 
overs which are likely to occur infrequently (SAE International, 2018). 
Therefore, new studies are needed to understand how drivers leave and 
come back into the perception–action loop over several rides. 

A further behavioral change that could be expected to change over 
time is gaze behavior. In manual driving the length of gaze off the road 
has been shown to be a key predictor of accident involvement (Seppelt 
et al., 2017). In the following we will explore changes in gaze during 
automated driving from the perspective of perception–action theory. 
According to perception–action theory, perception is considered the 
attunement to visual information that is relevant for the current action, 
such as the driving task (Mathieu et al., 2017; Wilson, 2004). As tasks 
change, so does the visual information we search for (Sullivan et al., 
2012). Experimental research on conditionally automated driving has 
shown that once drivers delegate the driving task to automation, they 
change visual strategies in a manner that includes more glances off the 
road (Schnebelen et al., 2020). This has been confirmed in on the road 
studies showing that drivers may glance at the non-driving-related task 
for more than 80 % of the time (Klingegard et al., 2020). On the other 
hand it has been demonstrated that the extent to which they keep their 
gaze on the road is influenced by their continued involvement in the 
driving task, for instance by remaining responsible for manual lane- 
change maneuvers (Dillmann et al., 2021a,b). Although, these studies 
indicate how gaze behavior can change once control is delegated to the 
automated system, these studies did not explore how gaze behavior 
changes across several rides. This represents a gap in the literature as 
gaze behavior has been shown to change as a function of the duration of 
automated driving (Feldhütter et al., 2017). Specifically, Feldhütter and 
colleagues (2017) found that as the duration of conditionally automated 
driving increases, drivers’ gaze is increasingly directed off the road. 
However, although gaze behavior has been linked with driving safety, 
there is a gap in the literature as to how gaze behavior changes over time 
when gaining experience with driving an automated system (Mole et al., 
2019). Across several rides it could be expected that both the proportion 
of time participants look off the road (Schnebelen et al., 2020) and the 
length of the glances off the road (Seppelt et al., 2017) would increase. 

Taken together, previous research has suggested that take-over times 
and glance behavior change as control is delegated to a conditionally 
automated vehicle. However, it remains unknown how take-over and 
gaze behavior will develop as drivers leave the loop in on the road 
driving situations over several rides. In addition, it is not clear how 

drivers will react to urgent take-overs occurring after several rides. This 
knowledge is necessary to design systems that are safe when used on the 
road regularly. To fill this gap in the literature we used a Wizard of Oz 
Methodology to allow for L3 driving in real traffic, and measured par
ticipants on a commuting highway for three consecutive days. 

2. Method 

2.1. Participants 

Twenty-one participants (mean age = 43.4 years; SD = 10.0 years, 
min = 28 years, max = 65 years, eight female) with an average yearly 
driving experience of 39,500 km (SD = 28,000) took part in our study. A 
wide spread in age was included and selection criteria consisted of using 
a vehicle on most or all days per week and owning a smart-phone. They 
were recruited and compensated by a local recruiting agency and could 
stop their participation in the study at any time without financial dis
advantages. Upon arriving the participants filled out and informed 
consent and the study complied with the American Psychological As
sociation Code of Ethics. 

2.2. Apparatus 

2.2.1. The conditionally automated driving Wizard of Oz vehicle 
In order to maximize safety, the study was conducted in a BMW X5 

xDrive50i in which conditionally automated driving was emulated with 
Wizard-of-Oz methodology (Dahlbäck et al., 1993, Fig. 1). The safety 
concept had been approved for road testing by the local authorities 
(Gold et al., 2017) and the study complied with the tenets of the 
Declaration of Helsinki. The experimental rides were completed on the 
German highway A92 on a return ride between the Exit Airport Munich 
and Exit Essenbach, with approximately 94 km and 54 min per ride. In 
accordance with the highway traffic flow, the sessions for each partici
pant were recurrently scheduled during off-peak hours (8:00, 11:00, 
14:00), for the initial travel direction on the highway to ensure consis
tent low traffic density. Both vehicle Controller-Area-Network data and 
video recordings of the driver were recorded on a Vigem recorder and 
handled in accordance with the European General Data Protection 
Regulation. When automation was activated, the vehicle drove a 
maximum of 130 km/h with a passive driving style focused on main
taining distance to other vehicles and a conservative lane change 
strategy. The driver in the back (wizard driver) could take over control 
over the vehicle and emulate automated driving. The participant was 
only told that the vehicle was driving automatically and was not aware 
of the presence of the wizard driver. 

2.2.2. Human Machine interface (HMI) and activation of automation 
The vehicle generally offered a standard conditionally automated 

driving vehicle interface (Forster et al., 2016; Manca et al., 2015) with 
an indication of automation availability, active automation, and driver 
or vehicle-initiated take-over requests. Specific to the Wizard of Oz set- 
up, drivers’ turning on and off the automation corresponded to vehicle 
control being traded with the invisible wizard driver. For the transfer of 
vehicle control, drivers needed to perform two distinct actions (1) 
having both hands on the steering wheel and (2) pressing a button on the 
left hand side of the steering wheel. Whereas activation of automation 
was available when indicated on the display, deactivation was possible 
at all times. The HMI was developed specifically for research in the 
Wizard of Oz setup and also contained two 5 cm LED strips, on both sides 
of the steering wheel. These LED Strips shone in blue light when auto
mation was active to increase participants’ mode awareness (Kurpiers 
et al., 2020). Together with an auditory warning sound, a spoken audio 
message, and a display in the speedometer, these blinking LED strips 
ensured the salience of the take-over requests (see Fig. 2). Specifically, 
the takeover cascade started with (1) blue illumination on LED Strips 
near the steering wheel and mild acoustic warning signal and the text 
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“Highway Assistant is ending, please drive yourself” both spoken and 
displayed in the speedometer in German (see Fig. 2 Blue). At this stage, 
both acoustic signals were repeated every 10 s. In the speedometer a 
countdown timer starting at 45 s was visible. After 30 s this level esca
lated to the next level where a yellow illumination was accompanied by 
the text “Drive yourself now” both spoken and displayed in the speed
ometer in German (see Fig. 2 Yellow). At this level of escalation, a 
countdown with 15 s was shown. If unanswered this moved to a final 
level with red illumination accompanied by a sharp audio signal and the 
text “immediately drive yourself”. A countdown timer with 5 s was 
shown at this stage. If they were to have not reclaimed control after this 
stage the test leader would ask them to take over. This did not occur in 
the current experiment. 

Once participants had taken over the standard driving HMI 
appeared, the LED Strips turned off and participants heard the message 
“Highway Assistant deactivated. You have taken back vehicle control”. 
The take-over starting at 45 s will be referred to as self-paced take-over 
whereas the take-over starting at 15 s will be referred to as urgent take- 
over (cf. Fig. 2). 

2.2.3. Non-driving-related-task 
In order to allow for non-driving related tasks (NDRT) that were 

natural and yet standardized we allowed participants to bring their own 
smartphone. We required that the smartphone was placed in smart
phone holder near the center console (see . 4a). This allowed 

participants to engage in a natural NDRT (Naujoks et al., 2018) while the 
device would not interfere during the take-over (Wintersberger et al., 
2021), which could have been a safety issue on the road. Participants 
were instructed that once the automated system took control, they were 
free to use their smartphone as they wished. The only constraint was that 
the phone had to remain mounted at the middle console. 

2.3. Procedure and design 

Upon their arrival participants’ driver’s licenses were inspected, they 
filled in a questionnaire with regard to demographic data, and read in
formation we had compiled on conditionally automated driving. In the 
first vehicle contact only, participants performed the activation and 
deactivation of automation while standing still. They were then exposed 
to the self-paced and urgent take-over cascades and asked to take-over 
control. Afterwards a practice session was conducted on a secondary 
road with the vehicle moving at a walking pace (see Fig. 1). Participants 
then drove up to the A92 where they drove three segments of automated 
driving for a total duration of approximately 52 Minutes (see Fig. 3). The 
route was in total 132 km long with 18 km of manual driving, followed 
by 4 km of automated driving, 4 km of driving through a road works 
area, 40 km of automated driving, 40 km of automated driving, 26 km of 
manual driving. Depending on unforeseen circumstances (e.g., con
struction work) participants could be asked to take back control inter
mittently during sequences of automated driving. 

Fig. 1. Schematic presentation of the BMW Wizard of Oz X5 adapted from Gold et al. (2017). The driver in the back (wizard driver) could take over control over the 
vehicle and emulate automated driving. The participant was only told that the vehicle was driving automatically. 

Fig. 2. Schematic presentation of the take-over human–machine interface. TOR = Take Over Request.  
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At the end of the final automated driving interval in ride three, the 
wizard safety driver was instructed to issue an urgent take-over. In order 
to increase comparability of these urgent take-overs across participants 
the take-overs were issued when the vehicle was approaching a truck or 
large vehicle on the ego lane. For this scenario, the professional safety 
driver was instructed to maintain a safe distance that did not entail more 
risk than everyday driving situations. 

2.4. Measures 

2.4.1. Take-over times 
For the self-paced take-over, we analyzed the time from the start of 

the blue take-over cascade take-over signal to the hands on the wheel 
and button press combination necessary to deactivate the automated 
system. This occurred at the end of each automated driving interval and 
therefore three times in rides one and two and two times in ride three 
(see Fig. 3). 

For the urgent take-over, we analyzed the time from the yellow take- 
over signal to the hands on the wheel and button press combination 
necessary to deactivate the automated system. This occurred at the end 
of ride three (see Fig. 3). 

2.4.2. Percentage of gaze and maximum duration of gaze at the NDRT 
In order to unobtrusively measure gaze behavior, we recorded the 

participants’ gaze on video (see Fig. 4). Through postprocessing with a 
neural network (Dari et al., 2020) we were able to calculate a classifi
cation of gaze into 8 categories: left shoulder, left mirror, road ahead, 
NDRT, right mirror, and right shoulder, speedometer, and rear view 
mirror. 

We excerpted the intervals in which automation was activated, and 
calculated the percentage of time participants gaze was oriented at the 
non-driving related task. Next, we calculated the longest continuous 
duration that participants looked off the road at the NDRT. 

2.5. Statistical analysis 

According to the experimental design 168 self-paced take-overs and 
21 urgent take-overs took place. Over all 63 rides, traffic circumstances 
such as lawn mowing crews or special transport trucks required 30 
additional take-overs to be issued. In order to gain an understanding of 
the 168 comparable take-overs, these unsystematically occurring take- 
overs were disregarded. Furthermore, two participants were excluded 
as they did not engage in normal driving behavior but intentionally 
experimented with the automated system. This led to the exclusion of 16 
self-paced and two urgent take-overs. Additionally technical measure
ment issues occurred in three further self-paced take-overs and one ur
gent take-over leading to their exclusion. Therefore 149 self-paced take- 
overs and 19 urgent take-overs were included. 

Given these missing data and repeated measures design we analyzed 
our data with linear mixed model with the lme4 (V. 1.1–27) package in R 
Statistics (V 3.5.1). This analysis is similar to a repeated measures 
ANOVA but is suitable for datasets with missing data (Cohen, 1988). In 
addition to statistical significance tests we calculated partial eta-squared 
effect sizes to convey the practical significance (Cohen, 1988; Sullivan & 
Feinn, 2012). Theses analysis were followed up with planned compari
sons (Cohen et al., 2014), comparing the first with second and third 
interval, and the first with the second and third ride. 

3. Results 

3.1. Take-Over Behavior: Self-Paced Take-Overs 

Table 1 displays the descriptive results of take-overs within and over 
rides. Regarding the time to take-over within rides, a linear mixed model 
controlling for participant and ride did not did not reveal clear differ
ences F(2,90) = 0.24, p = 0.78, ηp

2 < 0.01. A linear mixed model with 
participant as random factor showed that take-over time decreased over 
the first ride one (M = 5.97, SD = 1.37), to ride two (M = 5.53, SD =
1.70), and ride three with a medium-to-large effect size (M = 5.26, SD =

Fig. 3. Schematic of the driving actions per ride.  

Fig. 4. Schematic presentation of (a.) vehicle interior and (b.) a frame of the eye-tracking analysis. Note. In the lower box in picture a. the mobile phone holder for 
the non-driving-related-task is visible. In the upper part of picture a. the camera used for gaze observation can be seen. The resulting picture and camera output and 
gaze analysis is displayed in figure b. 
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1.49, F(2,93) = 4.07, p = 0.019 ηp
2 = 0.06, see Fig. 5). To further 

investigate when these changes occurred, the planned contrasts showed 
a small effect between ride one and ride two b = -0.44, t(128) = − 1.92, 
p = 0.055, ηp

2 = 0.03. However the data showed that participants took 
over significantly faster in ride three than in ride one with a medium 
effect size, b = − 0.70, t(− 2.75) = 2.75, p = 0.006, ηp

2 = 0.06. 

3.2. Take-Over Behavior: Final urgent take-over requests in ride 3 

To understand the impact of the final urgent take-over on partici
pants take-over behavior, we calculated a linear mixed model with 
participant as random factor, comparing two self-paced take-overs with 
the final urgent takeover within ride 3. The test revealed very marginal 
differences in the time to take over between the first M = 5.11, SD =
1.21, second M = 5.31, SD = 1.77 and the third take-over M = 5.28, SD 
= 2.62, F(2,34) = 0.07, p = 0.928, ηp

2 < 0.01. 

3.3. Gaze Behavior: Maximum duration and percentage of time with 
glances off the road 

To understand how the maximum duration and percentage of time 
with glances off the road changed, we first excerpted comparable time 
samples at the beginning of each interval, which excluded the take-over 
situations. Regarding the maximum duration of glances off the road, a 

linear mixed model with participant and ride as random factors showed 
a clear medium-to-large effect of the interval F(2,110) = 5.14, p = 0.007, 
ηp

2 = 0.08 (see Fig. 6a). Planned contrasts showed that the first interval 
M = 14.82, SD = 21.11, differed significantly to the second interval M =
22.15, SD = 25.70, b = 7.32, t(110) = 2.98, p = 0.003, ηp

2 = 0.08, and the 
third interval, M = 19.25, SD = 23.64, b = 6.22, t(110) = 2.50, p =
0.013, ηp

2 = 0.05. 
Regarding the percentage of time with glances off the road, a linear 

mixed model with interval as fixed and participant and ride as random 
factors showed a significant difference between the intervals with a 
medium-to-large effect size F(2,110) = 5.64, p = 0.004, ηp

2 = 0.09 (see 
Fig. 6b). Planned contrast showed a medium-to-large difference be
tween the first, M = 37.58, SD = 35.79, and the second interval, M =
53.03, SD = 38.10, b = 15.45, t(110) = 3.35, p = 0.001, ηp

2 = 0.09, 
whereas the difference between the first and the third interval, M =
44.68, SD = 38.74 showed a small-to-medium effect, b = 8.23, t(110) =
2.073, p = 0.042, ηp

2 = 0.04. When we tested for differences in gaze 
behavior over rides (see Table 2 for descriptive statistics) a mixed linear 
model with ride as fixed and participant as random factor found no 
significant effect of ride on the maximum duration F(2,36) = 1.57, p =
0.22, ηp

2 = 0.08 and percentage of time with glances at the NDRT 
duration F(2,36) = 1.22, p = 0.30, ηp

2 = 0.06. However, both showed 
medium to large effect sizes suggesting practical relevance (Sullivan & 
Feinn, 2012). 

4. Discussion 

The goal of the current study was to investigate how take-over and 
gaze behavior change over the course of three conditionally automated 
rides on the road. In line with research showing that changes occur when 
driving with ACC up to 3.5 h (Beggiato et al., 2015), the data showed 
that over three rides, self-paced take-overs became 0.72 s faster. It has 
been shown that learning processes take place as drivers interact with 
automation repeatedly (Forster et al., 2019). With regard to percep
tion–action loop in driving research suggests that a variety of learning 
situations are necessary to improve motor-perceptual calibration in the 
loop (Fajen & Devaney, 2006). The real driving environment in the 
current study may have facilitated learning by offering both repeated 
and diverse learning opportunities to coming back into the motor- 
perceptual loop in take-over situations. 

Overall, the non-critical average take-over time of 5.62 s we found, is 
between an on the road driving study reporting 2.70 and 5.50 s (Naujoks 
et al., 2019) and a similar study reporting an average of 8.70 s 
(Rydström et al., 2022). These results align well with the typical 6 s 
drivers needed to take back control from automation when engaged with 
a non-driving related task in a simulator study (Eriksson & Stanton, 
2017). At the end of the third and final ride an urgent take-over request 
was issued. In this scenario participants took over within 5.28 s, on 
average. We did not find a significant difference in take-over time with 
previous self-paced take-overs in that ride. In other words, in spite of an 

Table 1 
Descriptive Statistics on the time to take-over in seconds.   

All self-Paced Interval 1 Interval 2 Interval 3 Ride 1 Ride 2 Ride 3 Urgent Final 

N 
Mean 
SD 
Minimum 
Maximum 
5th percentile 
25th percentile 
Median 
75th percentile 
95th percentile 

149 
5.62 
1.55 
2.21 
9.88 
2.78 
3.84 
5.62 
6.46 
8.29 

57 
5.65 
1.44 
2.21 
9.88 
3.39 
4.78 
5.62 
6.46 
8.01 

57 
5.58 
1.58 
2.39 
9.88 
2.79 
4.45 
5.44 
6.46 
8.14 

35 
5.60 
1.66 
2.48 
9.88 
2.76 
4.52 
5.65 
6.39 
8.15 

55 
5.97 
1.37 
2.76 
9.88 
4.06 
5.18 
5.92 
6.70 
8.44 

56 
5.53 
1.70 
2.21 
9.88 
2.74 
4.53 
5.35 
6.49 
8.20 

38 
5.26 
1.49 
2.27 
9.88 
2.49 
4.46 
5.26 
6.15 
7.34 

18 
5.28 
2.62 
2.50 
13.11 
2.86 
3.55 
4.72 
5.86 
9.49 

Note. Interval = the conditionally automated driving (CAD) interval across all rides, Ride = the CAD ride overall all intervals within the ride, Urgent Final = final 
takeover in Ride 3. 

Fig. 5. Self-paced take-over times with 95% confidence intervals.  
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immediate escalation of the take-over, participants were not signifi
cantly faster in taking back control from the automated vehicle. A 
possible explanation from a perception–action perspective could be that 
visual information in the environment, such as braking vehicles looming 
before the automated vehicle (Markkula et al., 2016), may influence 
take-over time beyond what human–machine-interface design of the 
take-over request is showing. However, it should be noted that for safety 
reasons, the current study only deployed an urgent and a not a critical 
take-over. Thus, the results pertain only to the experimental HMI used in 
this study, and the take-over times found in the urgent scenario are in 
line with other on the road take-over times. 

Regarding gaze behavior we were interested in whether participants 
showed signs of out-of-the-loop gaze behavior and how this develops 
over the three rides. In line with previous research the extent of gaze off 
the road increased within the duration of each ride (Feldhütter et al., 
2017). The data suggest that within each ride, drivers both (a) look off 
the road for a higher percentage of the time and (b) look off the road for 
long continued time-periods. However, this effect was only found within 
the intervals of automated rides and not over the three rides. It should be 
noted that this was the case in the idealized automated system which 
drove 130 km/h and performed lane changes on a human driver level. 
As the automated system proficiently takes over full control, the visual 
information relevant for the driving task becomes entirely irrelevant to 
the drivers and they appear to focus their visual attention off the road 
(Sullivan et al., 2012). 

The extent to which gaze is allocated off the road may be reduced if 
drivers remain somewhat involved in the driving task. If drivers remain 
responsible for lane changes, for instance, they maintain more gaze on 
the road during conditionally automated driving (Dillmann et al., 
2021b). It is therefore unclear if the current results extend to more 

restricted automated systems, for example without automated lane 
changes and with restricted velocity (UN-ECE, 2020), as these systems 
may keep drivers more in the loop regarding gaze behavior. 

Given the strong 0.72 s decrease of take-over times over the three 
rides and increased gaze off the road per ride, the data suggest that 
drivers leave the loop but become faster at coming back into the loop. 
The practical relevance of this 0.72 s faster reaction can be pointed out 
with a small calculation: with a vehicle speed of 130 km/h, the vehicle 
moves 36 m per second. A 0.72 s faster reaction time translates to the 
begin of a response 26 m before. In the case of an emergency brake 
requiring 85 m to come to a halt, the faster reaction time would allow 
drivers to stop at 30 % less distance. However, it should be noted that the 
0.72 s show an average improvement, over three rides, across partici
pants. Although this average is powerful in inferring a trend to the 
population of drivers, further research is necessary to understand which 
mechanisms shape the behavior of drivers that take longest to take-over 
(see Table 1). From a perception–action theory perspective we suggest 
that repeated exposure to different take-overs over the three rides im
proves perceptual learning and motor calibration in taking back control. 
More specifically, drivers become faster at coming back into the loop by 
more rapidly attuning to the relevant visual information for the take- 
over (Fajen & Devaney, 2006; Jacobs & Michaels, 2007) and more 
readily scaling their motor-perceptual actions to this information (Rus
sell et al., 2016). Future research should investigate this possibility by 
extending dedicated research on motor-perceptual calibration in taking 
back control (Russell et al., 2016) into longitudinal designs including 
more time driven and more diverse take-over situations. 

Fig. 6. Bar Plots across intervals with (a.) maximum duration of glance off the road and (b.) percentage of gaze on the NDRT with confidence intervals.  

Table 2 
Descriptive Statistics of gaze metrics over rides.   

Percentage NDRT (percent) Maximum Glance Duration NDRT (s)  

Overall Ride 1 Ride 2 Ride 3 Overall Ride 1 Ride 2 Ride 3 

N 
Mean 
SD 
Minimum 
Maximum 
5th percentile 
25th percentile 
Median 
75th percentile 
95th percentile 

57 
44.82 
32.37 
0.17 
96.33 
2.58 
10.63 
45.65 
75.04 
91.40 

19 
38.39 
37.56 
0.17 
96.33 
1.43 
4.28 
20.61 
74.87 
95.24 

19 
47.68 
32.25 
2.76 
92.57 
4.82 
19.97 
44.82 
81.19 
90.10 

19 
48.4 
27.28 
5.80 
85.35 
7.1 
27.28 
50.34 
67.74 
85.13 

57 
85.7 
59.48 
6.80 
247.24 
17.82 
42.21 
69.68 
115.44 
213.74 

19 
74.72 
59.47 
6.80 
247.24 
10.33 
27.68 
69.68 
104.24 
163.32 

19 
96.28 
61.98 
19.36 
219.12 
22.96 
51.88 
67.44 
147.84 
213.07 

19 
86.1 
58.23 
17.92 
243.00 
27.14 
48.64 
70.57 
110.96 
197.42  
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5. Limitations and Future directions 

The repeated measures design in this study allows a first perspective 
into how real-life interaction with an automated vehicle may develop 
over rides, but it does not extend beyond the three studied rides. Future 
research is necessary to understand how gaze behavior develops beyond 
the three rides, in daily commuting for example. Due to the efforts and 
time necessary for the current study the sample size was relatively small 
in this study. However, we believe that the external validity is high as 
the sample was strong and the repeated measures design allowed us to 
detect relevant effects. 

In this study, the goal of allowing participants to use their mounted 
smartphone as non-driving-related task (NDRT) during automated 
driving, was to create a natural NDRT setting. It should be noted that 
such a natural scenario has been shown lead to some intraindividual 
variance in NDRT use and gaze behavior (see Marberger et al., 2019). 
However, given the research question of how gaze behavior changes 
over time in a realistic setting, we argue that this gaze variance is 
measurement of realistic behavior and not a confounding effect. 

The Wizard of Oz design had the disadvantage that it is difficult for 
larger samples and the driving style may not correspond perfectly to a 
certified conditionally automated vehicle (Bengler et al., 2020). Addi
tionally, the current study may already reflect the full development of 
driver’s behavioral adaptation to automated driving, given the total ride 
duration of three hours and 396 km of manual- and 252 km of auto
mated driving (Beggiato et al., 2015). However, to confirm this it would 
be necessary to investigate this with longer on the road studies as have 
been performed with adaptive cruise control (Beggiato et al., 2015). A 
promising next step would be in depth analyses of larger groups of 
participants commuting with a true SAE L3 system and a fallback ready 
safety driver. 

The variables analyzed in the present study were chosen in line with 
the research focus on behavior in a real highway environment. As a 
result, the analyses were performed on high-level variables that were 
expected to be robust in real-world investigations. We argue that the 
approach taken in this study should be complemented by more fine 
scaled realistic driving research in more controlled environments (cf. 
Wintersberger et al., 2021). This approach would permit zooming in on 
sensitive variables such as gaze or steering reactions to self-paced and 
urgent take-over requests. 

6. Conclusion 

In the current study we investigated how drivers’ take-over and gaze 
behavior developed over three rides. The take-over data showed that 
drivers’ non-critical take-overs became faster over the three rides. This 
shows that exposure to multiple and variable real life take-over situa
tions allows drivers to come back into the loop faster. Unexpectedly, 
urgent take-overs did not evoke even faster take-overs, which may have 
been due to the lack of an actual critical situation. Gaze behavior indi
cated that drivers progressively leave the loop within each ride but show 
consistent out-of-the-loop gaze behavior over all three rides. The 
changes over the rides that we observed thereby suggest that drivers 
increasingly leave the loop within each ride but become faster at coming 
back into the loop over the rides. Future research could further explore if 
these findings extend over longer periods of time, more rides and larger 
samples. It should be investigated if drivers seek or attune to different 
visual information while taking-over as they gain extensive practice in 
this safety–critical task over repeated rides. 
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