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Abstract

:

Automated driving research as a key topic in the automotive industry is currently undergoing change. Research is shifting from unexpected and time-critical take-over situations to human machine interface (HMI) design for predictable transitions. Furthermore, new applications like automated city driving are getting more attention and the ability to engage in non-driving related activities (NDRA) starting from SAE Level 3 automation poses new questions to HMI design. Moreover, future introduction scenarios and automated capabilities are still unclear. Thus, we designed, executed, and assessed a driving simulator study focusing on the effect of different transition frequencies and a predictive HMI while freely engaging in naturalistic NDRA. In the study with 33 participants, we found transition frequency to have effects on workload and acceptance, as well as a small impact on the usability evaluation of the system. Trust, however, was not affected. The predictive HMI was used and accepted, as can be seen by eye-tracking data and the post-study questionnaire, but could not mitigate the above-mentioned negative effects induced by transition frequency. Most attractive activities were window gazing, chatting, phone use, and reading magazines. Descriptively, window gazing and chatting gained attractiveness when interrupted more often, while reading magazines and playing games were negatively affected by transition rate.
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1. Introduction


With the ongoing research in the field of automated driving, the focus of human factors research is shifting toward urban automated driving, non-critical transitions, and so-called non-driving related activities (NDRA). Currently, SAE Level 2 systems like Tesla autopilot are already on the market [1], allowing the user to activate the system on highway and rural roads. When activated, the automation takes over longitudinal and lateral control, but constant supervision by the driver is required. Starting from the subsequent Level 3 automation, no supervision by the user is needed and therefore engaging in NDRA becomes legal [2]. This marks a paradigm shift from a dual task paradigm (driving task + secondary task) to a task-switching paradigm; the user is allowed to spend longer time on NDRA before switching to an interrupting task (e.g., taking over manual control or attending HMI messages) [3]. According to Huemer and Vollrath [4], the term NDRA covers all activities unrelated to the driving task. König and Neumayr [5] have found the engagement in NDRA to be the second-most important advantage of automated driving cars, outstripped only by enhanced mobility options for the elderly and disabled. Nowadays, 46% of car drivers say their time in a car is “lost” [6]. On train trips, 13% of travelers consider their travel time as “waste” [7], illustrating the potential of automated driving to increase comfort in future mobility. In several driving simulator studies, the likelihood of activity engagement has been shown to increase with rising levels of automation [8,9]. This engagement can furthermore affect the evaluation of the journey—people who mostly spend their time on working, reading, and writing emails for business purposes appreciate their travel time most [7].



1.1. Background


In recent automotive human factors research, the focus has been on extracting factors influencing the take-over performance in case of unexpected and urgent requests to intervene (RtI) due to extreme weather, missing lane markings, accidents, and software and hardware errors [10,11,12]. While these safety-critical, but probably exceptional, take-over situations have consequently been highly researched, planned and more frequently occurring transitions are underrepresented, but are gaining attention [12,13,14,15]. In research on urgent take-over situations, the impact of different NDRA was also assessed, but mainly using standardized tasks like n-back or a surrogate reference task [16]. Consequently, questions on user needs resulting from naturalistic activity engagement were not covered. In order to investigate the attractiveness of different NDRA and in turn derive HMI requirements, published online surveys, observations in busses and trains, and driving simulator studies were researched by the authors. An online survey querying end-user expectations on naturalistic NDRA engagement in automated driving has been conducted by Pfleging et al. [17]. Their survey with 300 participants reveals that users would most frequently listen to music, talk to other passengers, and look out of the window. However, activities that are (legally) enabled by automated driving, like texting, Internet surfing, eating/drinking, and reading, are also popular. Less attractive are sleeping, watching movies, office tasks, and games. In another online survey by Sommer [18] of 7000 participants across seven countries, people also rated listening to music/radio and talking to other passengers as most attractive, followed by phone calls and writing and checking email. Another method was used by Pfleging et al. [17]—the researchers interviewed 43 users of public transportation in Munich and found the majority of people were text messaging, talking to other passengers, using social media features, calling, listening to music, and sleeping. Also covering train rides, a survey of 19,715 train travelers in Great Britain revealed reading for leisure and window gazing/people watching to be the two most prominent activities, followed by sending text messages, working/studying, and listening to music/radio/podcast [7]. Similarly, Thalys [19] found reading newspaper/magazines to be the most attractive activity, followed by doing nothing/relaxing, reading a book, listening to music, sleeping, playing games, working, and watching a movie. This was obtained in an online survey of 4025 travelers of the European high-speed train Thalys.



Despite different NDRA terminology and different methods used in the presented studies, activities people desire to do during an automated car drive (most attractive: listening to music, talking to other passengers) seem to differ from those performed on a train trip (most attractive: reading, texting). Desired activities are more similar to today’s activities in manual driving [20]. This might be due to a lack of experience with automated driving and a lack of trust amongst the respondents. We therefore investigated driving simulator studies dealing with free NDRA engagement. Only two such studies were found. A study was performed by Large et al. [21], with five participants driving the same drive twice a day for one week, thus simulating commuting with a conditionally automated car and free NDRA. The most common activities were reading an article or magazine, social network activities, web-browsing, and watching films. In another study by Hecht et al. [22], the researchers observed 20 participants during a 60 minute conditionally automated monotonous highway drive and coded NDRA engagement. Most participants engaged in gazing out of the window, followed by phone use, reading books and magazines, browsing the pre-installed tablet, and watching videos. When considering the total time spent on activities as a measure of attractiveness, watching videos is the most attractive NDRA, followed by gazing out of the window, phone use, and listening to music on the tablet. The activity with the highest average engagement duration is laptop use, followed by listening to music, watching videos, and playing games. These studies suggest activity engagement during automated driving to be more like activity engagement on train rides than during today’s manual driving. However, many researchers highlight large individual differences in the choice of activities and their respective durations [21,22]. Hecht et al. [23] thus researched factors influencing the choice of activities and found that factors involving privacy, comfort, travel purpose, trip duration, and age have an effect on the attractiveness of several activities in an online survey with 200 participants.



However, SAE Level 3 automation is, at least in Germany, not approved, neither for highway driving, nor for rural areas or cities. Moreover, the introduction of fully automated cars is still a long way off [24]. When talking about Level 3 and 4 automation, one must also keep in mind that it can prompt the driver to take over manual control during the trip (or start a minimum risk maneuver), thus interrupting the user during NDRA engagement. Especially in the city with its complex infrastructure and large amount of vulnerable road users, shorter periods of automated driving time, e.g., only between two extensive crossroads, may appear and thus raise the frequency of RtIs [25]. Task interruptions, however, can cause negative effects (see Janssen et al. [26] for an extensive overview). Studies found interruptions to worsen primary task performance by additional time required to finish the primary task, by a higher load on the work memory, and higher error rates [27,28]. They can furthermore cause discomfort by increasing subjectively experienced annoyance and anxiety [29] and increase the total workload [30] (especially for complex tasks [31]). A task interruption prior to task completion is particularly problematic because of the high motivation to finish the task [32]. Interrupting a task also requires self-control, which is limited and decreasing over time [33]. Furthermore, interruptions and the subsequent manual driving periods potentially reduce the perceived usefulness and thus lower the acceptance of automated driving functions [3]. Naujoks et al. [3] have consequently highlighted the importance of interruption management for HMI design in automated driving. The interruption process includes interruption lag, interruption length, and resumption lag [3,34]. Both interruption length and mental effort needed to process the interrupting task have the potential to worsen post-interruption NDRA performance [35]. Closely linked to interruptions is the process of activity planning. According to the three-level model of planning by Schömig and Metz [36] and Wandtner et al. [15], appropriate self-regulatory behavior includes limiting task engagements to sections of automated driving (planning level), considering estimated task duration and predicted system availability (decision level), and maintenance of take-over readiness (control level). Planning one’s activity engagement in automated driving can be supported by predictive HMI elements that display current and upcoming periods of automated driving, thus theoretically allowing the user to adapt NDRA engagement and in turn reduce workload and discomfort due to interruption events. Beggiato et al. [37] consequently name “remaining time to take over” as one of the items of the system status, that was identified as the most important item needed in Level 3 automation. In a study by Hecht et al. [23], remaining time in automated driving mode was rated the second-most important information item in urban automated driving (after reliability). Moreover, NDRA engagement was found to lower the importance of most information items, but it did not affect the importance of the predictive HMI. In line with this, significantly different time budgets are required for different NDRA, for example an average time budget of 10 minutes for smartphone use and 76 minutes for sleeping. This is undermining the importance of predictive HMI elements for the activity planning process in automated driving with the option to engage in various NDRA, which was also confirmed by Danner et al. [38] in a qualitative driving simulator study.



Studies actually investigating design and effects of predictive HMI elements were conducted by Richardson et al. [14], Wandtner et al. [15], and Holländer et al. [12]. All three studies found positive effects; Richardson et al. [14] discovered time- and distance-based predictive HMIs for conditionally automated trucks to lower workload, and increase acceptance and usability compared to a baseline HMI with no predictive elements. No difference was found between the predictive HMIs. However, post-study questions revealed distance-based HMI to be the favorite. Richardson et al. [14] assume the professional truck drivers’ background to be the reason for this preference. Positive effects on usability were also found by Holländer et al. [12]. In a study in a simple static driving simulator, a bar indicator and a countdown were compared with a baseline HMI with no additional information on the remaining length of the automated driving section. The bar indicator was rated best in both usability and personal preferences. Not displaying planned RtIs leads to significantly lower usability ratings than visual feedback with a dynamic bar. Also dealing with a distance-based predictive HMI, Wandtner et al. [15] assessed its impact on NDRA engagement. In a driving simulator study with several requests to intervene in a Level 3 highway scenario, a predictive HMI was supplemented by an overview of the automated driving sections of the entire track. Since drivers were free to accept or reject a given task, the engagement was used to evaluate the effect of the HMI. Results show that drivers reject more tasks prior to take-over situations in the predictive HMI group. However, there was no difference in the take-over performance between the HMI conditions. Common to all three studies was the location of the predictive HMI close by or even integrated in the NDRA device and the predetermined NDRA. In Richardson et al. [14], the NDRA was given as watching a video on the central information display where also the remaining time or distance was displayed. Holländer et al. [12] assessed different NDRA (email correction, text messenger, video task); all three displayed on a central information display with the predictive HMI elements integrated. In Wandtner et al. [15], a texting task (with a reward system) was implemented on a tablet mounted at the center console and the predictive HMI being displayed on an additional display on top of the center console.



In summary, NDRA engagement in future automated cars will be diverse and depend on several factors, with available time budget being one of them. Automated driving functions with SAE Level 3 or 4 are likely to be limited to certain parts of the drive, e.g., highways or less complex city areas. As a consequence of limited availability, interruptions of the automated drive and the users’ NDRA engagement will occur. These interruptions can have negative effects on the activity engagement and thus on the acceptance of an automated driving function. In order to mitigate negative effects and enhance planning options for the user, predictive HMI elements were already researched in several studies and have, at least partly, positive effects for the user. Nonetheless, the range of future activities features a variety of devices and items and the effectiveness of visual HMI elements in realistic and diverse use cases remains unclear. Furthermore, knowledge on introduction scenarios of Level 3 or 4 automated driving functions is vague. Disengagement reports suggest difficulties of automated driving functions with complex scenarios, like construction sites, intersections, and with multiple vulnerable road users. However, effects of different capabilities to handle complex driving situations, causing different transition frequencies, requires further research.




1.2. Aims and Objectives


This study adds to the rising body of research on planned rather than unexpected and time-critical transitions. We derived HMI requirements from NDRA engagement, namely the need to plan activity engagement and the importance of interruption management. By shifting to a city scenario, we tackle a new field of applications for automated driving. Moreover, the impact of different transition frequencies on user acceptance and comfort and naturalistic activity engagement has not yet been addressed. Thus, we have designed, executed, and exploited a driving simulator study in a dynamic seat box, using a mixed design with the HMI concept (baseline/predictive) as the between and the transition frequencies (no/rare/frequent RtIs) as the within factor, addressing the following research questions:




	
What are the effects of different RtI frequencies on workload, acceptance, usability, trust, and subjective time use in urban automated driving?



	
Can potential negative effects of a less capable car automation be mitigated by a predictive HMI?



	
What are the effects of different RtI frequencies and a predictive HMI on NDRA engagement?








Based on findings on the effects of interruptions and the connection between acceptance and perceived usefulness, we hypothesize that with more RtIs workload is elevated and acceptance reduced. An impact on trust and usability is not expected, based on findings by Körber et al. [39]. The predictive HMI is expected to have a positive effect on usability, workload, trust, and acceptance, like it was found in studies outlined above. Regarding gaze behavior during phases of activated automation, we expect an increasing attention ratio for the instrument cluster with the predictive HMI and a different monitoring ratio both for HMI and RtI conditions. Regarding NDRA engagement, we expect gazing out of the window/doing nothing and phone use to become more popular with shorter periods of automated driving, as these activities were found to require only short time spans.





2. Materials and Methods


2.1. Driving Simulation and Automated Driving System


The study was conducted in a dynamical driving simulator, as shown in Figure 1. This simulator has a horizontal field of view of 120° displayed on three 55-inch monitors with ultra HD resolution (4096×2160 px). Side mirrors are represented through two additional displays and the rear mirror is integrated in the middle screen. The instrument cluster is displayed on an additional screen located behind the steering wheel. The steering wheel itself and the pedals are from SensoDrive and installed on an aluminum frame. A motion platform from D-BOX is installed to induce pitch and role motions, thus making the experience of driving in dynamic environments a more realistic one. The simulator is run with the driving simulator software SILAB 6 from Würzburger Institut für Verkehrswissenschaften GmbH. Furthermore, the head-mounted eye-tracking system Dikablis by Ergoneers was used to assess gaze behavior.



The implemented driving automation carried out both longitudinal and lateral control and was activated through a button on the steering wheel. Due to technical limitations, the speed limit for the activation was 30 km/h. According to SAE, the system required no supervision and was able to detect all system limits. Furthermore, the system drove according to speed limits and respected the traffic rules. Deactivation of the system could be done either through pressing the activation/deactivation button, or through steering or braking. Depending on the HMI concept, drivers were either informed about system limits via the predictive HMI and reminded via cascade auditory warnings 28, 14, and 7 seconds ahead of the system limits or just 7 seconds ahead (baseline group). Both groups were supported with an emergency braking assist in case of missing an intervention by the driver.




2.2. Study Design and Procedure


For this study, a 2×3 factorial design was used, with the between-subject factor HMI concept (baseline, predictive) and the within-subject factor transition frequency (in three separate drives: no, rare, frequent RtIs). Participants were randomly assigned to the between-subject factor. Upon arrival, the experimenter welcomed participants, informed them about the procedure, and written consent was obtained. The participants then completed a demographic questionnaire on age, gender, and driving and simulator experience. The experimenter instructed the participants on how to use the driving simulator, the capabilities of the automated driving system, and all the possible activities they could engage in. Participants were furthermore instructed to use the automation when available and to take-over when requested. They were encouraged to engage in NDRA during phases of automated driving, as they did not need to supervise the system. To enable naturalistic NDRA engagement, they were motivated to bring their own items to use. There was also a tablet computer installed in the mock-up featuring several different videos, music, radio stations, audio books, and games (similar to Feldhütter et al. [10]). Different magazines (cars, society/politics, riddles) were also given. Talking to the experimenter, who was not visible for the participants during the test drive, was not explicitly forbidden, but also not encouraged. In order to familiarize with the simulator in both manual and automated driving mode, participants completed a test drive. During this phase, they experienced several activations and deactivations of the automation, the predictive HMI (only predictive HMI group), and the emergency braking function. Once the participants had no more questions, the eye-tracking glasses were calibrated, and the first experimental track started. All the three drives, featuring different transition frequencies, were followed by a set of questionnaires (see section on dependent variables). Each drive lasted about 15 minutes. After the completion of all drives and questionnaires, additional questions on the HMI concepts and transition frequencies were asked. Finally, the participants received a compensation of 10€. The whole experiment lasted about 90 minutes.




2.3. Test Track and System Limits


The experiment was conducted to enhance knowledge on automated driving in urban areas and thus consisted of several city infrastructure elements like living areas with priority-to-the-right rule, as well as small urban lanes, wide roads, and different vulnerable road users. The vehicle was programmed to pass through this track either with no human input needed or with four or 10 RtIs. All three drives were performed on the same track; the only differences were the capabilities of the automated driving function to handle complex situations resulting in different RtI frequencies, as shown in Figure 2. An analysis of disengagement reports published by all manufacturers testing their automated cars on public roads in California reveals the current main infrastructure-related issues causing interventions to be complex intersections, construction sites, and areas with a high amount of vulnerable road users [25]. In the rare-RtI condition, system limits were defined as a complex intersection, a construction site narrowing the street to one lane, a bottleneck situation with an oncoming vehicle, and a priority-to-the-right intersection. In the frequent-RtI condition, additional intersection and bottleneck situations, and pedestrian crossings were system limits. The order of the RtI conditions was systematically varied.




2.4. Human–Machine Interfaces


The visual HMI was based on Feierle et al. [40] and displayed in the instrument cluster, as shown in Figure 3. Main elements were current speed and speed limit, the vehicle and its surroundings, and the driving mode (manual/automated). The latter was represented via icons at the bottom and at the top of the instrument cluster. Furthermore, navigation was shown on the right and the availability of the automated mode was indicated via textbox in the center. In case of an RtI, the driver was prompted to take over vehicle control (via textbox), supported by the distance to system limit and the reason for this RtI (same textbox). In the baseline HMI group, the system limit was announced 7 seconds prior to the system limit, thus representing a system solely based on its own sensor setup.



The predictive HMI included a countdown (in steps of > 7 minutes, > 4 minutes, > 2 minutes, > 1 minutes, > 30 seconds) displayed when automation was active, supported with color-coded frames around the respective textboxes. This predictive approach could, for example, be realized by car-2-x communication, using other cars’ data and map-based infrastructure information. The auditory HMI included an auditory icon announcing the availability of the automated driving function, and, depending on the HMI concept, one or three more salient auditory icons indicating the upcoming system limit.




2.5. Dependent Variables


The post-drive questionnaires included the system usability scale [41], the NASA raw task-load index [42], the van der Laan acceptance questionnaire [43], a single-item question on trust, and a single-item question on the subjective use of travel time. We furthermore recorded gaze behavior with the three areas of interest “road,” “instrument cluster”, and “NDRA” to measure attention ratio and monitoring ratio. A GoPro camera was used to observe NDRA engagement and disengagement. An overview of the dependent variables can be found in Table 1. After the last drive, additional questions were asked, including a question on the minimum time the automation should be available, a question on the acceptance of choosing a longer trip duration in order to avoid RtIs, and another question on whether participants of the predictive HMI group adapted their NDRA engagement according to the remaining time. Take-over metrics, like take-over time, time to collision, and lateral/longitudinal accelerations, were not taken into consideration because of the described differences in the acoustic take-over signals, the free activity engagement, and findings of Wandtner et al. [15] who found no effect of a predictive HMI on take-over metrics.




2.6. Sample Characteristics


Forty-two participants, evenly distributed between the HMI conditions, were tested. However, two participants had to cancel the experiments due to kinetosis. Another seven participants had to be excluded because of technical issues with the eye-tracking system, causing additional interruptions during the drive. The remaining sample consisted of n = 18 (4 female, 14 male) participants in the predictive and n = 15 (5 female, 10 male) participants in the baseline condition, with an average age of M = 28.55 years (SD = 13.42, min = 18, max = 73). All participants held a German driver’s license (for M = 11.09, SD = 13.20 years). Fifteen participants (45.45%) had already taken part in other simulator studies, ten in studies related to automated driving. The participants rated their experience with automated driving mainly as “medium” (31%).





3. Results


Statistics were performed using SPSS 24 with a level of significance of p < 0.05. We calculated mixed analysis of variance (ANOVA) with transition frequency as the within-subject factor and HMI concept as the between-subject factor. Prerequisites for ANOVA were tested with Levene’s test (for variance homogeneity), Shapiro–Wilk test (for normality), and Mauchly test (for sphericity). As ANOVA was found to be robust against violation of normality [44], it was interpreted despite this violation. In case of missing variance homogeneity, ANOVA was not interpreted, only post-hoc tests were used. Greenhouse–Geisser (ε ≤ 0.75) or Huynh–Feldt (ε > 0.75) correction were applied when sphericity prerequisite was not fulfilled. Partial eta square (   η p 2   ) was given for effect size (small effect:    η p 2    = 0.01, medium effect:    η p 2    = 0.06, large effect:    η p 2    = 0.14). Friedman tests were used as a non-parametric alternative for testing the impact of RtI frequency. Post-hoc comparisons were performed using t-tests with Bonferroni correction. The Bonferroni–Holm method was applied to deal with familywise error rates for multiple hypothesis tests (as grouped in subchapters). Results of the post-study questionnaire were analyzed using the Mann–Whitney U test.



3.1. Acceptance, Usability, Trust, and Subjective Use of Travel Time


Regarding usability, as shown in Figure 4, there is homogeneity of covariances, as assessed by Box’s test (p = 0.356), but no homogeneity of the error variances, as assessed by Levene’s test (p = 0.008). Thus, results of the ANOVA must not be interpreted. However, post-hoc tests reveal a significant impact stemming from different transition frequencies. Descriptively, there is no difference among HMI conditions. System Usability Scale (SUS) scores can be interpreted as excellent for no RtI (predictive: M = 87.08, SD = 10.19, baseline: M = 88.17, SD = 11.89), and good for the rare- (predictive: M = 83.61, SD = 12.58, baseline: M = 78.00, SD = 20.23) and frequent-RtI condition (predictive: M = 76.53, SD = 12.25, baseline: M = 75.17, SD = 22.31). When it comes to acceptance, a significantly negative effect with a large effect size was associated with more RtIs, as shown in Figure 4 (Greenhouse–Geisser F(1.35, 47.76) = 30.78, p < 0.001,    η p 2    = 0.498). Even the rare-RtI condition significantly lowers acceptance compared to a completely automated trip. HMI however shows no effect on participants’ acceptance rating of the system (F(1, 31) = 0.16, p = 0.695). Boxplots furthermore show an increasing variety of acceptance ratings with less capable automation systems. No interaction effect (Greenhouse–Geisser F(1.35, 47.76) = 30.78, p = 0.315) was found. Acceptance was not normally distributed for all groups except for the no-RtI condition, as asssed by the Shapiro–Wilk test (p > 0.05). There was homogeneity of the error variances, as assessed by Levene’s test (p > 0.05) and homogeneity of covariances, as assessed by Box’s test (p = 0.902). For subjective evaluation of travel time, as shown in Figure 5, an effect of HMI condition can descriptively not be found. A Friedman test was performed to analyze the impact of RtI frequency on subjective use of time ratings. Results show a statistically significant impact of RtI frequency (Chi-Quadrat (2) = 49.115, p < 0.001, n = 33) on participants’ subjective evaluation of the use of travel time. For the trust evaluation, as shown in Figure 5, no difference between groups can be found descriptively. A Friedman test to analyze the impact of RtI frequency on trust ratings shows no statistically significant impact of RtI frequency on trust level (Chi-Quadrat (2) = 4.160, p = 0.125, n = 33).




3.2. Workload


Measuring workload with NASA-RTLX reveals a significant impact of the transition frequencies with a large effect size, as shown in Figure 6 (Greenhouse–Geisser F(1.33, 41.15) = 46.85, p < 0.001,    η p 2    = 0.602). Even rare RtIs higher workload significantly compared to the no-RtI condition. As for the HMI concepts, no significant effect on workload was found (F(1, 31) = 0.81, p =0.809), only the rare-RtI condition descriptively shows a tendency to lower workload in the predictive condition. There was no statistically significant interaction between transition frequencies and HMI (Greenhouse–Geisser F(1.33, 41.15) = 1.59, p < 0.809). Workload was normally distributed for all groups except for rare-RtI (both HMI) and frequent-RtI conditions (predictive HMI), as assessed by the Shapiro–Wilk test (p > 0.05). There was homogeneity of the error variances, as assessed by Levene’s test (p > 0.05) and homogeneity of covariances, as assessed by Box’s test (p = 0.573).




3.3. NDRA Engagement


As explained in Section 2, participants were encouraged to engage in every activity they desired. Therefore, we expected the engagement to be natural and allow for conclusions to be drawn regarding everyday automated driving. In order to assess activity engagement and thus further enhance research results described in Section 1, video data of this study was analyzed, and participation rates determined (number of participants engaging in an activity compared to full sample). Activities were coded in as much detail as can be obtained from video data while at the same time protecting privacy. Phone use can therefore include multiple activities (texting, Internet surfing, gaming, videos, etc.). Activities performed on the tablet were coded as gaming, videos, and others (Internet surfing and browsing tablet). Gazing out of the window was counted with a duration of at least 20 seconds. Sleeping, phone calls, laptop use, reading a book, and listening to music via phone or tablet did not occur.



As can be seen in Figure 7, window gazing/relaxing, talking, phone use, and reading magazines are the most popular activities. Shorter automated driving periods seem to promote window gazing (mainly in the predictive condition) and talking with the experimenter (in the baseline condition). In addition, descriptively, the attractiveness of reading is decreased by the frequent-RtI condition (mainly in the predictive condition), while phone use is decreasing in the baseline condition.




3.4. Eye-Tracking Data


For analyzing eye-tracking data, obtained using Dikablis glasses, six additional participants were excluded due to not meeting quality criteria set in ISO 15007 [45] (70% detection rate). In terms of analyzing gaze data of the remaining 27 participants (predictive HMI group: 15; baseline HMI group: 12), three areas of interest (AOIs) were defined: instrument cluster (IC), road, and NDRA. As it was not possible to clearly distinguish the AOI NDRA due to different and moving items, we defined this AOI as everything that is not AOI road, AOI IC, or not detected. The monitoring ratio and AOI data were calculated. The monitoring ratio describes the ratio of gaze duration for the AOIs road and IC divided by gaze duration for AOI NDRA [46]. A monitoring ratio larger than 1 thus indicates control glances overweighting NDRA engagement and vice versa. In order to eliminate effects of manual driving, gaze behavior was assessed only during phases with activated automation. Different automation durations are caused by (a) more manual driving time that comes with more RtIs and (b) the acoustic RtI countdown in the predictive condition. Furthermore, some participants skipped some automated drives in the frequent condition (probably due to frustration or time needed to activate automation). Total automated drive times and average durations per automated driven sequence can be found in Figure 8. Total automated driving time is the summed time across the complete drive, while the average automated driving time is the average time interval between each system limit. While the total automated driving time was almost 16 minutes in the no-RtI condition, it drops to eight in the predictive and ten in the baseline condition during the frequent-RtI drive. Average automated driving time drops down to about one minute.



In terms of the IC attention ratio, there was a strong effect of the RtI frequency (Greenhouse–Geisser F(1.37, 34.30) = 10.42, p = 0.002,    η p 2    = 0.294); with more interruptions, the IC attention ratio rises, as shown in Figure 9. The effect of HMI is close to significant (F(1, 25) = 6.09, p = 0.063,    η p 2    = 0.196) in a way that participants with the predictive HMI look at the IC longer. The interaction effect is not significant (Greenhouse–Geisser F(1.37, 34.30) = 1.372, p = 0.133). IC gaze data is normally distributed except for the predictive HMI in the no- and rare-RtI condition, as assessed by the Shapiro–Wilk test (p > 0.05). The results are also limited by the fact that there was no homogeneity of covariances, as assessed by Box’s test (p < 0.001). There was homogeneity of the error variances, as assessed by Levene’s test (p > 0.05).



Road attention ratio, as shown in Figure 9, is heavily affected by the RtI frequency (Huynh–Feldt F(1.66, 41.59) = 11.25, p < 0.001,    η p 2    = 0.310); average glance durations and respective variance are highest for the uninterrupted drive, and lowest for the rare-RtI condition. The effect of HMI (F(1, 25) = 0.48, p = 0.494) and the interaction effect (Huynh–Feldt F(1.66, 41.59) = 1.66, p = 0.591) are not significant. Road gaze data is normally distributed except for the predictive HMI in the no- and frequent-RtI condition and the baseline HMI in the frequent-RtI condition, as assessed by the Shapiro–Wilk test (p > 0.05). There is homogeneity of the error variances, as assessed by Levene’s test (p > 0.05), and homogeneity of covariances, as assessed by Box’s test (p = 0.388).



Regarding the NDRA attention ratio, as shown in Figure 10, there is no homogeneity of the error variances, as assessed by Levene’s test (p = 0.043), and homogeneity of covariances, as assessed by Box’s test (p = 0.288). Only post-hoc results can thus be interpreted: As can be expected from previous results, gaze data for NDRA engagement shows a peak for the rare-RtI condition but is significantly decreasing for both no and frequent RtIs. There is a tendency to less NDRA attention when having a predictive HMI, especially in the frequent-RtI condition. NDRA gaze data is only normally distributed in the predictive- and rare-RtI condition.



Regarding the monitoring ratio, as shown in Figure 10, RtI frequency exhibits a strong effect(Greenhouse–Geisser F(1.07, 26.65) = 6.82, p = 0.013,    η p 2    = 0.214); the monitoring ratio is lowest for rare RtIs. The effect of HMI is not significant (F(1, 25) = 1.52, p = 0.229), but descriptively, there is a difference between the HMI concepts in a way that the monitoring ratio is larger for the predictive condition. The interaction effect is not significant (Greenhouse–Geisser F(1.07, 26.65) = 0.84, p = 0.376). However, there is homogeneity of the error variances, as assessed by Levene’s test (p > 0.05), but no homogeneity of covariances, as assessed by Box’s test (p = 0.026). Data is normally distributed, except for predictive HMI in the frequent condition, as assessed by Levene’s test (p > 0.05).




3.5. Post-Study Questionnaire


When participants were asked about the minimum automated driving time they preferred, an average of 4.48 min (SD = 3.30, min = 0.5 min, max = 10 min; see Figure 11) was cited. Both groups were not normally distributed, as assessed by the Shapiro–Wilk test (p = 0.018). There was no statistically significant difference in time budget between HMI conditions (U = 99,000.00, Z = −0.730, p = 0.465). We furthermore asked whether participants were willing to accept a longer trip duration for less RtIs on a scale from 1 (not at all) to 7 (absolutely). There was a tendency to accept more RtIs (M = 4.97, SD = 1.82). Group differences show a tendency to less acceptance in the predictive group than in the baseline group, as shown in Figure 11, which is, however, not significant (U = 98,500.00, Z = −1.359, p = 0.174). Participants of the predictive HMI group were also asked to rate whether they adapted their activity engagement to the remaining time as displayed on the predictive HMI on a 7-Likert scale from 1 (not at all) to 7 (absolutely). Most participants stated to have done so (M = 5.77, SD = 1.22, min = 3, max = 7). Lastly, the favorite drive and the respective reasons were investigated: 55% rated the no-RtI condition as best, 42% voted for rare RtI, and 3% for the frequent-RtI condition. The reason for the latter was “being in charge.” Positive aspects mentioned by participants who liked the rare-RtI condition best were “good use of time”, “feeling of control”, and lowered monotony. The ones who rated the no-RtI condition as the best mentioned time use, no interruptions, and low workload as positive aspects. In an open question, missing information items were: remaining time to RtI (three participants of baseline group), map displaying automated driving sections, acoustic information on remaining time to RtI, remaining time to RtI prior to activation of automation (one participant each).





4. Discussion and Future Work


4.1. HMI Concepts


As described in Section 1, several studies have highlighted the importance of preparing the user of SAE Level 3 or 4 systems for upcoming RtIs. This allows for safe and comfortable take-overs and supports the user in planning of NDRA engagement. Furthermore, the negative effects of interruption events can be potentially mitigated, causing lower workload and higher usability. We thus hypothesized a positive effect of the predictive HMI on usability, workload, trust, and acceptance. However, we did not find a significant impact on workload using NASA-RTLX. We found participants driving with the predictive HMI to look at the instrument cluster more often than with the baseline HMI, which indicates acceptance of the predictive HMI. Nonetheless, it was necessary to redirect gazes from the NDRA toward the instrument cluster to retrieve the relevant information about upcoming system limits as the predictive HMI was not integrated in any NDRA. Since there was no peripheral visibility and no auditory signals indicating the remaining time until the RtI, the predictive HMI in the instrument cluster could have failed to convey the relevant information with enough time to interrupt the NDRA (close to the RtIs), causing the first RtI signal to interrupt the activity, which in turn results in no positive effects of the predictive HMI compared to the baseline HMI. Allowing for free activity engagement makes it more difficult to directly communicate with the user and consequently counteracts positive effects of the predictive HMI on workload. Furthermore, some participants might not have used the predictive information, as they did not perceive any benefit and found it sufficient to react to the acoustic RtI only.



We also expected usability and acceptance to be improved by the predictive HMI, as Richardson et al. [14] found out. This turned out to not be the case, likely for the same reason as for workload—the lack of peripheral visibility, and respectively, the need to redirect gazes toward the instrument cluster to retrieve timing information. In contrast to our experiment, the studies presented in Section 1.1 all integrated the predictive HMI in the NDRA or close by the NDRA device. Since we aimed for realistic everyday NDRA engagement including items that cannot be used to communicate with the user, our predictive HMI was only displayed in the instrument cluster. Despite the lack of positive impact on acceptance, usability, and workload, we found some hints for the predictive HMI to support activity planning: First, the subjective evaluation in the post-study questionnaire (most participants stated to have adapted their activity engagement due to the predictive HMI). Second, eye-tracking data shows a higher IC attention ratio with the predictive HMI, which is rising with the RtI frequency. The latter is also less the case for the baseline condition. Furthermore, there is a trend to lower NDRA attention ratio in predictive and frequent RtI conditions, indicating that participants decided not to engage in NDRA due to short time spans (well below desired time spans). Third, there are the insignificant tendencies of the predictive group participants to accept shorter automated driving periods and to show less acceptance for a longer trip duration for less RtIs compared to the baseline condition. Fourth, NDRA participation rates indicate a trend to participants adapting their NDRA engagement to the transition frequency in the predictive HMI condition, with the baseline participants doing less so. This is in line with participants’ statements in the post-study questionnaire and with findings of Wandtner et al. [15], who suggests an improved NDRA planning with a predictive HMI. The predictive HMI in the instrument cluster might thus be used to plan activity engagement at the beginning of the automated drive time and infrequently between activation and deactivation, but it does not lead to a better preparation for the take-over and the respective interruption.




4.2. Transition Frequency


Regarding RtI frequency, we hypothesized that with more RtIs acceptance is reduced and workload elevated. Additionally, a changing monitoring ratio was expected, but no impact on trust and usability. Different transition frequencies were found to negatively affect workload. Workload can be elevated due to interruption events or due to increased manual driving times [47], or due to the activation and deactivation process of the implemented automation. Furthermore, as hypothesized, acceptance was lowered by an increasing RtI frequency; the rare-RtI condition already lowers the acceptance significantly. We also found RtI frequency to lower usability, which was not expected but can probably be explained by the activation process of the implemented automation. As hypothesized (based on Körber et al. [39]), RtI frequency showed no effect on trust. Furthermore, subjective time use was decreased by more RtIs. As expected, the monitoring ratio was influenced by the RtI conditions. The lowest monitoring ratio was found for the rare-RtI condition, meaning that visual NDRA engagement is highest. For the no-RtI condition, an extremely huge variance can be seen in NDRA and road attention ratio (and thus in the monitoring ratio). The attention ratio is significantly higher than during phases of automated driving in the few-RtI condition. This can possibly be explained by the limited time budget of one to six minutes in the few-RtI condition that caused the participants to engage in their chosen activity more efficiently with less interruptions and less activity switchovers compared to the no-RtI condition with an automated driving time of almost 16 minutes. The higher attention ratio in the frequent-RtI condition (compared to the no-RtI condition) is probably due to participants choosing to do nothing but gazing out of the window in this condition because of time spans being well below desired durations.



Regarding NDRA engagement, gazing out of the window/doing nothing, and phone use were expected to become more popular with more interruptions. Analyzing the participation rates reveals that shorter automation durations promote window gazing and talking, while the attractiveness of reading is decreased. This is to some extent in line with Hecht et al. [23] and their investigation on required time budgets per activity. It is, however, only a trend and would need further inquiries with larger sample sizes to enhance findings and perform statistic tests. The large variety in NDRA attention ratios might also be explained by motion sickness and the unavailability of desired items. Unlike studies by Pfleging et al. [17] and Sommer [18] suggest, no one used the radio or listened to music. This may also be caused by the lack of privacy [23]. Furthermore, participants are not yet used to automated driving and might thus change their behavior over time. Additionally, factors like trip purpose, trip duration, and comfort can have an effect on the choice of activities [23].




4.3. Limitations and Future Research


Clearly a restriction when interpreting the presented results is the experimental setting. The seat box does not represent a complete car, but only parts of it. The mock-up is open and based on screens, which causes it to be less immersive. Nonetheless, we consider the setup to be appropriate for the presented research. Due to the experimenter being close by and the installed GoPro cameras, privacy is limited. This may cause a diminished attractiveness of activities like voice-messaging and phone calls, but also sleeping, eating, and drinking become less popular with lowered privacy [23]. Furthermore, due to the limited sample, elderly people are underrepresented. Attractiveness of phone use is negatively affected by age, and reading books/magazines positively [23]. The eye-tracking sample in particular is small, includes many students, and more male than female participants. Restrictions are also different audio signals between the HMI conditions, with the predictive HMI featuring a warning cascade with three signals prior to the system limit, whereas the baseline HMI includes only one signal 7 seconds prior to the system limit. Furthermore, the free activity engagement allows for conclusions on everyday NDRA engagement in future automated driving. The predictive HMI condition in connection with different RtI frequencies helps to enhance findings of Hecht et al. [23] on desired time budgets. Furthermore, the motivation to engage in free NDRA was expected to be the same for all participants, unlike in artificial or predetermined NDRA settings and as NDRA engagement was shown to influence travel time evaluation [7], a positive utility of the predictive HMI was expected to positively influence the respective question. However, more specific use cases can be implemented for future evaluations to further inquire the usefulness of predictive HMI elements. Another limitation is the implemented automation. Sometimes problems occurred when activating the automation, causing swaying movements and in few cases the deactivation. This could have possibly influenced trust, workload, usability, and acceptance. Motion sickness, which we did not assess, can be a reason for refraining from activity engagement [48]. Previous studies have shown a large variety in NDRA choice and respective activity durations. In this study, we did additionally show large variety in the minimum time budget of automated driving that users want to be confronted with. Future work should therefore focus on adaptive automation systems and enhance users’ ability to plan the trip or parts of the trip according to their specific needs (depending, for example, on trip purpose, timing aspects, specific task necessities, etc.). A user should be enabled to plan the trip accordingly with the help of a respective HMI. Furthermore, our predictive HMI did not improve workload compared to the baseline situation. We therefore suggest using a peripheral view, possibly by implementing LED stripes. This allows for continuous communication while not interrupting the user in his/her activity and can also lead to a reduction of information items in the instrument cluster, as proposed by Kindelsberger et al. [49]. Since there will always be uncertainty when predicting upcoming RtIs (due to changing traffic, construction sites, route changes, etc.), it should be investigated whether this uncertainty can be integrated in the predictive HMI.





5. Conclusions


In the presented study with 33 participants, a predictive HMI was found to have no effects on workload, usability, acceptance, and trust. This contrasts with previous studies. However, individual activity engagement was allowed, and the remaining time was communicated only via the instrument cluster. The lack of direct communication, e.g., via NDRA-integrated predictive HMI, likely caused the inexistent positive effect on workload and usability. Future research should thus focus on communicating the remaining time in a non-interruptive and universal way to enable activity planning and mitigate interruption effects. However, evidence for a positive use of the predictive HMI was found in gaze behavior and post-study questionnaire results.



Different transition frequencies (and thus more manual driving) caused higher workload and lower acceptance and usability ratings. Participants want the automation to be available for at least 4.5 minutes in order to be offered and would also to, some extent, accept longer drive durations for fewer RtIs. Most popular activities were gazing out of the window/relaxing, followed by talking, phone use, and reading magazines. Future research should investigate how to include the user in the trip planning process, inform in a non-interruptive way, and prepare for the interruption of NDRA.
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Figure 1. Dynamic mock-up used in the present study. 
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Figure 2. Graphical representation of different RtI frequencies in the three separate experimental drives. 
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Figure 3. Left: Instrument cluster displaying speed limit, current speed, automation scale, navigation, take-over request, and reason for take-over. Right: predictive HMI textbox, “remaining time in automated mode >1min”. 
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Figure 4. Boxplots for usability (System Usability Score) and acceptance (van der Laan acceptance questionnaire). RtI, requests to intervene. 
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Figure 5. Boxplots for subjective use of travel time (7-Likert) and trust (7-Likert). 
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Figure 6. Boxplots for workload (NASA-RTLX). 
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Figure 7. Participation rates for predictive HMI and baseline HMI group, per RtI condition. 
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Figure 8. Total automated driving time per drive and HMI condition, average automated driving time per drive and HMI condition; error bars represent standard deviation. 
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Figure 9. Attention ratios for instrument cluster and road per drive and HMI condition (in percent). 
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Figure 10. Attention ratio for NDRA and monitoring ratio per drive in the HMI condition (in percent). 
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Figure 11. Desired minimum automated driving duration and willingness to accept longer trip durations for less interruptions (7-Likert). 
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Table 1. Summary of variables used in the presented study.






Table 1. Summary of variables used in the presented study.





	
Database

	
Variable

	
Data Collection






	
Subjective data

	
Usability

	
System Usability Scale (SUS)




	
Workload

	
NASA-RTLX




	
Acceptance

	
Van der Laan Acceptance Questionnaire




	
Trust

	
Single-Item (7 Likert)




	

	
Use of travel time

	
Single-Item (7 Likert)




	
Objective data

	
Attention Ratio

Monitoring Ratio

	
Remote eye-tracking system (Dikablis)

Remote eye-tracking system (Dikablis)




	
Behavior

	
NDRA participation rate

	
GoPro camera
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