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Augmented Reality Head-Up Displays (AR HUDs) have been shown to enhance drivers’ performance and road safety. However, with the growing attention to trust in automated driving systems, excessive reliance on automation may lead to complacency and dependency. This study therefore aimed to examine how drivers with different levels of experience depend on AR warning messages under varying environmental conditions (daytime vs. nighttime urban driving) and to propose strategies for optimizing AR warning interaction design. A before-and-after comparative experimental design was employed. Participants completed driving tasks involving a typical urban hazard—pedestrians suddenly running into the road—under two conditions: (1) without AR warning messages and (2) with an induced random AR warning failure in an AR message environment. The perceived time-to-pedestrian values were analyzed to quantify driving dependence. Participants were divided into experienced and novice driver groups, and the effects of driving experience and lighting condition were examined. Objectively, both experienced and novice drivers’ dependence on AR warning messages was primarily influenced by the driving environment. Under high-load conditions such as nighttime driving, both groups maintained higher attention and exhibited minimal dependence on AR warnings. Under lower-load daytime conditions, dependence varied by driving experience: experienced drivers remained self-reliant due to ingrained driving habits and situational awareness, while novice drivers displayed increased relaxation and dependence on AR cues. Subjectively, drivers’ perceived dependence and anticipation of AR warnings correlated more strongly with the perceived intrusiveness of the AR system than with its effectiveness. These findings suggest that dependence on AR HUD warning messages is a complex interaction between environmental load, user experience, and perceived system intrusiveness. To mitigate automation complacency, future AR HUD design should tailor warning strategies according to user experience levels and driving context. The study provides practical insights for optimizing AR interaction design and highlights directions for future research to address additional urban driving risks.
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1 INTRODUCTION
With the rapid advancement of the automotive industry, manufacturers are increasingly committed to developing vehicles that are faster, more powerful, and offer superior handling (Kelly, 2025; Tsoi et al., 2023), while simultaneously achieving lower noise levels and greater environmental sustainability (Arenas, 2025; Tsoi et al., 2023). In the context of intense market competition, enhancing the driving and riding experience has also become a critical focus (Kelly, 2025). As electrification and intelligentization continue to progress, the intelligent cockpit has emerged as a pivotal element in the evolutionary trajectory of vehicle intelligence. This transformation is driven by three main components: in-vehicle and out-of-vehicle environment perception, multi-modal human-computer interaction solutions (including visual and auditory systems), and vehicle networking that integrates sensory computing. Within this framework, a key aspect of human-computer interaction is the in-vehicle augmented reality head-up display (AR HUD) system, which is considered crucial hardware for realizing vehicle intelligence, Internet connectivity, and advanced in-vehicle interaction. AR HUD technology projects essential driving information directly into the real-world driving environment, thereby enhancing the driver’s experience and road safety (Bauerfeind et al., 2022; Manchon et al., 2023; Zhou et al., 2024). This advantage is particularly evident in complex driving scenarios such as urban roads, mountain paths, and highways, which explains its widespread adoption in the automotive industry.
AR HUD is a display of in-vehicle interactive information, including basic vehicle information, navigation information, and AR warning information (Beck and Park, 2018). The AR warning information in the AR HUD system, as a deep fusion technology of advanced assisted driving system (ADAS) and AR HUD in the intelligent cockpit, aims to visualize the warning information of ADAS in the driver’s field of view through projection technology to improve driving safety and information transmission effect (Herbert et al., 2017). For example, it can project real-time warning messages such as pedestrian dangers on both sides of the road, unexpected conditions at intersections, and collision risks of vehicles ahead. Especially in urban driving environments, these warning messages are displayed in the driver’s field of vision through virtual means, enabling him or her to more intuitively perceive the complex and changing potential dangers and obstacles in urban roads, thus reducing the driver’s driving load and tension, and thus enhancing road safety and driving experience (Charissis et al., 2021). The AR warning message is a powerful tool that can be utilized to improve road safety and driving experience. Therefore, research on AR warning messages is being conducted to meet the growing demand for automotive smart cockpits and the increasing complexity of urban traffic environments.
Against the backdrop of the continuous improvement of automated driving and AR technologies and the related human factors and ergonomics research, trust as a determinant of the use and misuse of automated technologies (Manchon et al., 2023) that has received extensive attention from researchers, You et al. (2023) in their study, a novel invisible hazard warning system was designed to thoroughly investigate the effects of AR warning messages on safe driving in two typical driving scenarios. The results show that the design significantly improves drivers’ situational awareness and reaction time in human and autonomous driving modes and enhances human drivers’ trust in the autonomous driving system. Xia et al. (2023) In an empirical study on the factors influencing users’ willingness to use in -vehicle AR HUD, it was found that perceived trust, as a mediating role of social influence, will affect drivers’ willingness to use AR HUD Li et al. (2022) investigated the issue of AR HUD acceptance in the internet environment. The analysis based on the technology acceptance model (MTM) showed that driver’s trust positively affects perceived usefulness, attitude and intention to use AR HUD.
While most researchers have focused on the potential benefits of trust in enhancing driver use of AR technology, however Liu (2023), in his study, pointed out that automation complacency (also known as “automation over-reliance” is a typical automation-induced human factors risk, which means that excessive trust in automation during automation use may pose a driving hazard during driving. Moderate trust allows users to take full advantage of technology’s convenience and safety benefits, enhancing system effectiveness and user satisfaction. In contrast, excessive trust often results in dependence on the automated system (Kaur and Rampersad, 2018), especially in urgent and dangerous situations encountered while driving (Meyer and Ward, 2013), due to unfamiliarity and nervousness about the current driving scenario will lead to a stronger reliance on AR warning messages by drivers, for example,. Hwang et al. (2016) found a significant result in their study on the effect of AR HUD system use on drivers’ risk perception and psychological changes regarding pedestrian hazard stimuli, and in their controlled experiment found that the reaction time of drivers participating in the control group (no AR HUD) was faster than that of drivers in the group using in -vehicle AR HUD hazard warning messages. The authors analyzed this as an indication that drivers may rely on the in-vehicle AR HUD system to provide TTC-level-based AR warning messages about prevention and hazardous situations. Therefore, in the course of AR HUD research, it is necessary to focus not only on the issue of driver trust in AR technology but also to go further and focus on the issue of trust calibration (Hoff and Bashir, 2015), that is, the question of whether drivers may develop excessive trust in the AR system and thus dependence during autonomous driving.
2 RELATED WORK
2.1 Dependency-related studies
Dependence is the degree of dependence or association of a thing or variable on other matters or variables (Wang, 2024). In the context of vehicle driving, driving dependence is a multidimensional concept that covers not only the driver’s dependence on the vehicle itself, such as vehicle control systems and assistive driving technologies but also dependence on the road environment and traffic condition (Guo et al., 2019). Driving dependence reflects drivers’ cognitive and affective states during driving and is a key indicator for assessing the effectiveness of drivers’ interaction with the driving environment.
In recent years, research on the application of Augmented Reality Heads-Up Display (AR HUD) and AR warning messages in autonomous driving technologies has attracted much attention. These technologies improve driving safety and user experience by overlaying virtual information in the driver’s field of view. For example, Jiang and Guo (2023) designed a two-layer virtual image display system to optimize driver concentration in complex traffic environments. However, the problem of driver dependence on these technologies due to over-trust may result in drivers not being able to take over control in time in case of system failure (Reinmueller et al., 2018), which increases safety risks.
The issue of driving dependence has been compounded with the development of autonomous driving technologies. Valentine et al. (2021) explored the application of trust calibration in autonomous driving systems, emphasizing the importance of ensuring that user trust matches its actual reliability. Thus, rational trust calibration plays a key role in managing driving dependence. By adjusting the user’s level of trust in the system to match the actual performance and reliability of the system, dependency creation or insufficient trust can be avoided.
Appropriate trust calibration not only helps to increase drivers’ satisfaction with assistive driving technologies but also optimizes their decision-making and reaction abilities in complex road environments, avoids driving dependence, and ensures driving safety and technology effectiveness. However, specifically when using AR warning messages in urban driving scenarios, the dependency problem has its unique challenges and manifestations, and future research should further explore the dependency problem when using AR warning messages in urban driving scenarios to improve the safety and effectiveness of technology applications.
2.2 Dependency issues when using AR warning messages in urban driving scenarios
The existence of this potential dependence is particularly fatal in urban driving environments. The urban traffic environment, closely related to people’s daily travel, is becoming increasingly complex and volatile as urbanization continues. This trend is not only reflected in the increase in traffic flow but also in the diverse road users, including pedestrians, bicyclists, etc. (Gao et al., 2023), whose behaviors add uncertainty and risk to the urban transportation system, making it often necessary for drivers to be highly vigilant on busy streets. Thus,if and when drivers become aware of the adaptive nature of the AR warning information system during urban driving and therefore rely on the expected system behavior, occasional false alerts or system failures due to the system’s incorrect prediction of the complex and changing driving risk profile in the city may lead to critical situation (Reinmueller et al., 2018).
However, it is unclear in the current study how drivers rely on AR warning messages in different urban driving scenarios (Hwang et al., 2016). By understanding the differences in drivers’ dependence on AR warning messages in different urban driving scenarios, it is possible to understand better drivers’ driving cognition and state of mind during urban driving scenarios, which can help to improve the scientific and targeted design and application of AR warning messages in different urban driving scenarios, and then improve drivers’ driving experience and safety perception so that the human-caused risk problems caused by automated dependence can be avoided or reduced. This will help to avoid or minimize the human-caused risks caused by automation dependence.
Therefore, this study aims to provide insights into the differences in drivers’ reliance on AR warning messages in different urban driving scenarios and how this reliance affects their driving behavior and safety. Meanwhile, it has been found in past studies that drivers with different driving experiences have different driving skills, cognitive processing abilities, and adaptive abilities to new technologies (Ge et al., 2017), which will affect their different driving performance in the same driving environment. Typically, experienced drivers may be more confident, calm, and likely to cope with situations, whereas inexperienced drivers may need more time to adapt to new driving scenarios (Li et al., 2020). All these differences may affect drivers’ perceived trust and reliance on in -vehicle technologies, such as AR warning messages in different scenarios. Thus, this paper includes driving experience as one of the variables in the study of reliance differences in urban driving scenarios.
In the course of the study, the following research question (RQ) was considered:
Experiment 1:
	1a. Do AR warning messages significantly improve drivers’ time to perceive pedestrian hazards in urban daytime and nighttime driving scenarios?
	1b. Experienced and inexperienced drivers’ time to perceive pedestrian hazards in urban daytime and nighttime contexts without AR warning messages?
	1c. Is there a significant difference between experienced and inexperienced drivers’ perception time of dangerous pedestrians in urban daytime and nighttime driving scenarios?

Experiment 2:
	2a. How do experienced and inexperienced drivers subjectively perceive AR warning messages during daytime and nighttime, respectively?
	2b. How long did experienced and novice drivers, after familiarizing themselves with the presence of AR warning messages, perceive that sub-pedestrian hazard in urban daytime and nighttime driving scenarios, respectively, when the warning system randomly malfunctioned (AR warning messages did not appear in time for the pedestrian hazard to appear)?
	2c. Is there a significant difference between experienced and novice drivers comparing the hazard perception times studied in Experiment 1c with those studied in Experiment 2b?

3 EXPERIMENTAL DESIGN
Driving dependence, as an implicit emotional state of drivers during driving, is often difficult to quantify directly through conventional performance data. To more accurately assess the degree of driver dependence on AR warning messages, an innovative experimental design was used in this study. Based on existing research methods, the authors designed a two-stage comparison experiment (Figure 1). Pedestrian run-out was selected as a typical urban driving hazard scenario (Figures 2a,b) (Cheng et al., 2023; Wetton et al., 2011). Two experiments before and after Experiment 1 and Experiment 2 the authorsre conducted in a laboratory-simulated driving environment, and eye movement data the authorsre collected using a Tobii Glass 3 head-mounted eye - tracker.
[image: Flowchart depicting two experiments with different participant groups. Experiment 1 involves 52 participants split into augmented reality (AR) and control groups for city driving scenarios, assessing risk perception times. Experiment 2 has 32 participants divided into novice and experienced drivers, familiarized with AR systems, and completing driving scenarios with and without AR warnings. Both experiments evaluate risk detection effectiveness.]FIGURE 1 | Based on the existing research methods, the authors designed a two-stage simulation driving comparison experiment.[image: Two diagrams illustrate pedestrian danger detection by vehicles during the day and night. Both show a red car moving toward a pedestrian with a 34.72-meter distance marked. The diagrams indicate a Time to Collision (TTC) level of 2.5 seconds. The day scene has a light background, while the night scene is darker.]FIGURE 2 | Design of pedestrian danger scenarios in urban driving scenarios during the day and night.After the experiment, the perceived time data of pedestrian run -out hazards from the before and after experiments the authorsre compared and used to analyze the differences in the reliance on pedestrian run -out, an AR warning message, by drivers with different driving experiences in urban driving environments, Considering the influence of environmental factors, the authors specifically designed two different experimental themes: urban daytime and urban nighttime (Figures 2a,b) further to deepen the depth and breadth of the study.
3.1 Experiment 1 design
Based on the urban pedestrian run-out hazard scenario designed in Figure 2, an experiment was designed as shown in Figure 3, where the driver drove the self-driving car at a speed of 50 km/h in an urban road,and based on the TTC (Time-To-Collision) level setting of 2.5 s when the vehicle was about 34.72 m away from the pedestrian run-out location, the pedestrians in the AR group were accompanied by an AR warning message that flashing message. At the same time, there was no AR warning message in the control group. To control the randomness and outliers of the experimental data, this experiment set up two random appearances of pedestrians rushing out in each video. The average of the two pedestrian hazard perception times was used as the hazard perception time of that subject in that scene after the experiment.
[image: Diagram depicting two scenarios of a car approaching a hazard at 50 kilometers per hour, with a distance of 34.72 meters to the hazard. The top scenario involves an augmented reality (AR) group, while the bottom scenario involves a control group. Risk perception times are labeled as A and B for the AR group, and C and D for the control group, with color gradients representing time differences.]FIGURE 3 | Design an experimental logic diagram for comparing the hazard perception time between theAR group and the control group, and collecting the hazard perception time of the control group for subsequent comparison.In the AR group, the authors collected hazard perception time A and B and took their mean value as hazard perception time 1. In the control group, the authors collected hazard perception time C and hazard perception time D and took their mean value as hazard perception time 2 (similarly, the authors can get the data of hazard perception time 3 and hazard perception time 4 in Figure 1 in the urban nighttime scenario). In Experiment 1, the authors first analyzed the significant difference between hazard perception time 1, 3, and hazard perception time 2, 4, respectively, to evaluate the usability of the AR warning information system designed in this study in the simulated driving scenario. Secondly, the average daytime hazard perception time M and the average nighttime hazard perception time N of 50% of experienced drivers and the average daytime hazard perception time P and the average nighttime hazard perception time Q of 50% of inexperienced drivers in the control group the authorsre obtained separately (Figure 4), which the authorsre used to compare with the pedestrian hazard perception time during the malfunctioning of the AR warning message in Experiment 2.
[image: Flowchart depicting risk perception times for three groups: Control Group (C and D), Experienced Drivers (M and N), and Novice Drivers (P and Q). Arrows indicate 50 percent experienced and novice drivers, showing comparison in risk perception. The gradient bars indicate varying perception times.]FIGURE 4 | The average hazard perception time M and hazard perception time N of 50% of experienced drivers and 50% of novice drivers in the control group.3.2 Experiment 2 design
The experimental design for Experiment 2 is shown in Figure 5, with the same basic scenario elements and pedestrian hazard principles as in Figure 3. In Experiment 2, the authors designed three pedestrian run-outs, and on one random occasion, when a pedestrian hazard appeared, the vehicle’s AR warning message did not appear due to a malfunction. The remaining two pedestrian hazards the authorsre accompanied by AR warning messages that appeared on time.
[image: Diagram showing a car traveling at fifty kilometers per hour encountering a hazard at a distance of thirty-four point seventy-two meters. Two groups, labeled E and N, show varying risk perception times. The E group has two perception times labeled six and eight, while the N group shows times five and seven. Bright and dark gradient bars represent risk levels for each group.]FIGURE 5 | Experiment 2 logic diagram: Among the three randomly occurring pedestrian hazards, there is one AR warning message malfunction. The authors need to obtain the driver’s perception time of pedestrian hazards in the AR environment when the AR malfunction occurs.The main purpose of Experiment 2 was to collect the perceived time of experienced drivers for pedestrian danger during random AR warning message failures 6 and the perceived time of novice drivers for danglperception 5 (similarly, the perceived time of danger 7 and the perceived time of danger 8 in Figure 5 can be obtained as the data for urban nighttime scenarios). Then, they are compared with the hazard perception times M and N and P and Q in Experiment 1, respectively, used to analyze the driver’s dependence on AR warning messages in the study.
4 EXPERIMENT 1
Experiment 1 used a between -subjects design in which subjects were divided into a control group (no AR warning message group) and an AR warning message group (the AR warning message would appear along with the pedestrian run-out hazard) to evaluate the usability of the AR warning information system designed in this study in a simulated driving scenario. The perception times of randomly run-out pedestrians by experienced and inexperienced drivers in the control group were also obtained separately and compared between the scenarios in an urban driving environment (urban daytime and nighttime).
4.1 Method and Materials
4.1.1 Participants
In the simulated driving experiment, a total of 52 subjects, 34 males and 18 females, ranging in age from 23 to 50 years, participated in the study. Experienced and novice drivers were included, with experienced drivers being those subjects who had driven a total of more than 50,000 km (Summala et al., 1998) or had held a driving license for more than 4 years (Navarro et al., 2023), as shown in Table 1. All subjects were in good health and mental state, with normal vision (including corrected vision) and no color blindness or color deficiency.
TABLE 1 | Basic information of participants of experiment 1.		Age	Driving experience/(year)	Driving frequency/(weekly)	Accumulated miles driven/(100 km)
	Mage	SDage	Mexp	SDexp	Mfre	SDfre	Mmiles	SDmiles
	AR group	23.91	1.51	2.24	2.22	4.27	3.44	251.82	279.71
	Control grop	24.91	1.30	1.78	2.28	3.09	3.18	175.45	233.00


Since this experiment needs to obtain the perception time of experienced and inexperienced drivers to randomly run out of pedestrians, experienced and novice drivers were randomly assigned to the control group and the AR warning message group according to the proportion of 50% each, and the results of one - way analysis of variance (ANOVA) showed that there was no statistically significant difference between the two groups.
4.1.2 Appliances
The experiment was conducted on the driving simulation experimental platform in the Ergonomics Laboratory of Ningbo University (Figure 6), and the driving simulation software UC-winRoad version 16.0.4 was used for environment visualization as well as simulation of surrounding traffic and vehicle dynamics. A Logitech G29 force-feedback racing steering wheel, brake, and gas pedals were used as models for the driving simulator. The screen of the simulator is a 75-inch wall-mounted touchscreen all-in-one with a resolution of 1,980 × 1,024 px and a refresh rate of 60 Hz.
[image: Driving simulation setup with two main modules. On the left, the data acquisition module includes a notebook computer and eye tracker software. On the right, the driving simulation module comprises a large display showing a virtual driving scene, a steering wheel, and pedals. Cables connect the components, with labels detailing each module's contents.]FIGURE 6 | Experimental equipment for simulated driving.In this experiment, the AR warning message of pedestrians rushing out was fused with a simulated driving scenario of pedestrian conflict through Adobe After Effects 2020 so that it was presented directly into the driving scenario and produced as a video with a resolution of 1,980 × 1,024 px. During the experimental driving, the experimenter was able to observe and communicate with the driver.
Driver gaze behavior was measured with a Tobii Glass 3 head-mounted eye-tracker (sampling rate 60 Hz tracking accuracy 0.5°). Subjects wearing glasses were corrected to normal vision by adding lenses to ensure high-quality gaze data; data were synchronized and recorded (60 Hz) using Tobi Pro Lab (×64) software.
4.1.3 Experimental material
Through an expert focus group, a thematic pedestrian run-out AR warning message design was screened, and the AR group subjects experienced its warning effects during urban daytime and nighttime (Figure 7).
[image: Warning sign graphic and two street scenes at night. The first street scene shows a road with a red caution triangle on the right, trees lining the side, and buildings in the background. The second street scene features a similar setup during the day, with vehicles on the road, trees, and the red caution triangle visible again.]FIGURE 7 | The AR warning visuals (left) for the selected theme and the AR warning messages are displayed during the day (center) and at night (right) in the city.In the experimental videos, the vehicle was traveling at 50 km/h in an urban simulated driving environment, and based on the TTC (Time-To-Collision) 2.5 s level setting when the vehicle was about 34.72 m away from the pedestrian washout location, the pedestrian was accompanied by the flashing of the AR warning message. To control the randomness and outliers of the experimental data, this experiment set up two random appearances of pedestrian washout in each video. The average of the two pedestrian hazard perception times was used as the hazard perception time of this subject in this scenario after the experiment.
4.1.4 Procedure
The whole experiment lasted about half an hour and was divided into two stages.
Initially, participants were received in the laboratory and provided with an overview of the study’s purpose and procedures. For the AR group, concise information about the AR warning message design and its role in hazard detection was presented, ensuring participants had baseline knowledge of the system. For the control group, only the general procedure of the experiment was introduced, and no information was given regarding the presence of AR warning messages to avoid bias. Participants then submitted signed informed consent and privacy agreements, and their demographic and driving background information was collected via a questionnaire. They adjusted their simulator seat position, familiarized themselves with the driving controls, and completed a brief practice session in a simulated urban environment to adapt to the experiment.
Following the familiarization, the experimenter corrected participants’ vision if necessary and calibrated the eye-tracker. Participants then completed the experimental tasks in a randomized order for urban daytime and nighttime scenarios. The perceived time to detect pedestrian hazards was recorded (Figure 3), and participants were instructed to verbally indicate hazard detection to increase cognitive load during the trials.
4.1.5 Analysis and statistics
The data collected from the experiment were analyzed in IBM SPSS Statistics 27 for descriptive and inferential statistics; in order to assess the effectiveness of AR warning messages in the driving scenarios designed for this experiment, independent samples t-tests were used to compare risk perception time 1 with risk perception time 2 and risk perception time 3 with risk perception time 4 in Figure 8, with a significance level of The risk perception time M and risk perception time N of 50% experienced drivers and 50% novice drivers in the control group during urban daytime and urban nighttime, respectively, were also categorized.
[image: Flowchart illustrating Experiment 1 with 52 participants. After familiarization, participants are split into AR and control groups, each with 26 members. Both groups are 50% experienced and novice drivers. The experiment involves risk appearance and detection in city daytime and nighttime driving scenes, comparing risk perception times. The AR group timeline is blue; the control group timeline is gray.]FIGURE 8 | The logic flowchart for Experiment 1, which collected four sets of data on the perception time of pedestrians darting out in both the AR group and the control group, during the day and night in an urban setting.Levene’s test was used to test for variance equivalence. Mann-Whitney U test will be used to analyze the data when the data does not conform to normal distribution because the t-test is robust enough to violate the assumption of normal distribution.
4.2 Results
4.2.1 Perceptual time
A Q-Q plot test for normal distribution was performed on the data from the two groups of subjects during urban daytime and urban nighttime, respectively, and after excluding the extremes, the vast majority of the data points closely followed the reference line, indicating that the four sets of data were essentially acceptable as normally distributed. Table 2 shows the mean hazard perception times for both groups of subjects during the daytime and nighttime in the city. Box plots of perceived time to pedestrian run-out hazards for both groups of subjects for both urban daytime and nighttime driving situations are shown in Figures 9a,b.
TABLE 2 | Average hazard perception time.		Daytime	Night
	M	SD	M	SD
	AR group	0.52	0.13	0.58	0.14
	Control grop	1.20	0.33	1.89	0.32


[image: Two box plots compare AR group and control group performance during daytime and night driving. In both cases, the control group shows higher median values. The AR group displays lower performance with statistically significant differences indicated by asterisks above the plots.]FIGURE 9 | Box plots ofthe perception time of pedestrians rushing out of danger in two groups of participants in both daytime and nighttime driving situations in the city.In the daytime driving situation, the results showed that the mean hazard perception time (risk perception time 1) of the subjects in the AR warning message group was reduced by 130.77%, and the SD was reduced by 153.85% compared to the control group (risk perception time 2). The box plots showed that the mean risk perception time of the AR group was significantly lower than that of the control group. The box height lQR (interquartile range, lQR) was significantly lower than that of the control group, i.e., the degree of data fluctuation in the AR group was significantly less than that of the control group. In the nighttime condition, subjects in the AR warning message group had an average of 225.86% lower risk perception time (risk perception time 3) than the control group (risk perception time 4). They had a 128.57% reduction in SD. The box plots showed that the mean perception time of the AR group was significantly lower than that of the control group, and the box height lQR was significantly lower than that of the control group.
The results of the independent samples t-test for hazard perception time between the AR group and the control group are shown in Table 3. In the daytime driving scenario, p < 0.01 < 0.05, indicating that AR messages have a significant effect on drivers’ hazard perception time in urban daytime driving warning scenarios, i.e., the use of AR warning messages can significantly improve drivers’ perception time of pedestrian hazards in urban daytime scenarios. In the nighttime driving scenario, p < 0.01 < 0.05, indicating that the AR warning message has a significant effect on the driver’s hazard perception time in the urban nighttime driving scenario, i.e., the use of the AR warning message can significantly improve the driver’s perception time of pedestrian hazards in the urban nighttime scenario and the enhancement effect is better than that in the daytime driving scenario.
TABLE 3 | Independent sample t-test for perception time about daytime and night.	Test		Coupled difference	SD	SE	95% confidence interval	t	df	Sig. (two-tailed)
	Mean	Lower limit	Upper limit
	Perception time	Daytime	0.688	0.429	0.712	0.537	0.838	9.655	31.989	<0.01※
	Night	1.312	0.706	0.684	1.173	1.451	19.172	33.492	<0.01※


The box plots shown in Figures 10a,b show the perceived time of pedestrian hazards in urban daytime and urban nighttime in the control and AR groups, and combined with the data shown in Table 2, it can be seen that in the control group, the perceived time of hazards in the nighttime driving scenarios increased by 57.5%. The SD decreased by 3.03% compared to the daytime driving scenarios. The box plots show that in the control group, the perceived danger time in urban daytime is significantly lower than in nighttime. In the AR group, the hazard perception time in the nighttime driving scenario increased by 11.54%, and SD increased by 7.69% compared to the daytime. The box plots show that the hazard perception time in the daytime driving scenario is slightly lower than the nighttime with the AR warning message.
[image: Box plots compare daytime and night measurements for two groups: (a) Control group shows significant difference with higher night values (****), (b) AR group shows no significant difference (ns).]FIGURE 10 | The box plot shows the perception time of danger in the control group and the AR group during the day and night in the city.Further, independent samples t-tests were conducted for the hazard perception time during daytime and nighttime for the control and AR groups, respectively, and the results are shown in Table 4. For the control group, p < 0.01 < 0.05, which indicates that in the absence of the AR warning message, the hazard perception time of the control subjects in the city during the daytime is significantly lower than that at night, proving that the driving performance of drivers under conventional driving conditions can be significantly different depending on the environment. In contrast, in the AR group, p = 0.092 > 0.05, there is no significant difference in the perceived time of pedestrian hazards between daytime and nighttime between subjects in the AR group under the condition of AR warning message-assisted driving.
TABLE 4 | Independent sample t-test for perception time about AR group and control group.	Test		Coupled difference	SD	SE	95% confidence intervalt	t	df	Sig. (two-tailed)
	Mean	Lower limit	Upper limi
	Perception time	AR group	0.658	0.135	0.038	−0.011	0.143	1.720	45.280	0.092
	Control group	0.690	0.474	0.091	0.507	0.873	7.572	48.819	<0.01※


4.2.2 Hazard perception time for experienced and novice drivers in the control group
To investigate the differences in comparing the reliance on AR warning messages between drivers with and without driving experience, the authors consciously controlled 50% of experienced drivers and 50% of novice drivers in the control group at the beginning of the experiment and their average perception time of pedestrian hazards in urban daytime and urban nighttime is shown in Table 5. The data show that in the daytime driving scenario, experienced drivers have 18.38% less time to perceive hazards and 28.21% less SD than novice drivers. In the nighttime driving scenario, experienced drivers had 50.00% less hazard perception time and 18.18% less SD than novice drivers. These data will be compared with the hazard perception data in Experiment 2 to analyze the dependence and differences in AR warning messages among drivers with different driving experiences.
TABLE 5 | Control group perception time.		Daytime	Night
	M	SD	M	SD
	Experience drivers	1.11	0.28	1.64	0.18
	Novice drivers	1.36	0.39	2.14	0.22


Moreover, by analyzing the box plots shown in Figure 11a, it was found that in the urban daytime driving scenario, the novice driver’s perception time of pedestrian hazards in the absence of AR warning information was slightly higher than that of the experienced driver. However, the box height lQR was significantly higher than that of the experienced driver, which indicated that the experienced driver’s performance of perception of pedestrian hazards in this scenario was more stable. Meanwhile, independent samples t-tests (Table 6) for experienced and novice drivers’ perceived times of urban daytime and nighttime hazards, respectively, showed that novice drivers’ perceived times of pedestrian hazards in daytime scenarios without AR warning. Messages were not significantly different from those of experienced drivers (p = 0.69 > 0.05).
[image: Box plots comparing experienced and novice drivers in daytime and night driving scenarios. In daytime driving, experienced drivers have lower median values than novices, marked as not significant. In night driving, experienced drivers also have lower median values with a significant difference indicated by four asterisks.]FIGURE 11 | Box plot of the time when experienced and novice drivers perceive danger during the day and at night in the city, respectively.TABLE 6 | Independent sample t-test for perception time about experience drives and novice drives.	Test		Coupled difference	SD	SE	95% confidence interval	t	df	Sig. (two-tailed)
	Mean	Lower limit	Upper limit
	Perception time	Daytime	0.254	0.357	0.133	−0.022	0.530	1.910	21.707	0.069
	Night	0.497	0.319	0.079	0.336	0.658	6.377	23.067	<0.01※


Figure 11b box plots show that experienced drivers perceive pedestrian hazards in significantly less time than inexperienced drivers in the urban night driving scenario. The test results (Table 6) show that in the absence of AR warning messages, experienced drivers perceive pedestrian hazards in a similarly significantly lower time than experienced drivers (p < 0.01 < 0.05).
5 EXPERIMENT 2
Experiment 2 also took a between-subjects approach by dividing the subjects into a driving-experienced group and a novice group and obtaining their hazard perception time during a random AR warning message failure (AR warning message not present) in urban daytime and nighttime driving scenarios with the presence of an AR warning message, respectively. The purpose was to investigate the dependence and differences of drivers with different driving experiences on AR warning messages under different driving scenarios.
5.1 Method and materials
5.1.1 Participants
In this simulated driving experiment, a total of 36 subjects, 21 males and 15 females, ranging in age from 21 to 48 years old, participated in this study. Including experienced and novice drivers, experienced drivers were subjects who drove more than 50.000 kilo m or held a driver’s license for more than 4 years, as shown in Table 7. The screening range of all subjects was the same as that of Experiment 1, mostly students and teachers from Ningbo University were in good health and mental status, with normal vision (including corrected vision) and no color blindness or color weakness.
TABLE 7 | Basic information of participants of experiment 2.		Age	Driving experience/(year)	Driving frequency/(weekly)	Accumulated miles driven/(100 km)
	Mage	SDage	Mexp	SDexp	Mfre	SDfre	Mmiles	SDmiles
	Experience group	32.61	3.51	4.19	0.77	5.92	0.12	539.82	106.28
	Novice group	23.28	1.72	0.62	0.35	1.43	0.74	4.192	1.112


5.1.2 Appliances
Experiment 2 was also conducted on the driving simulation experimental platform in the Ergonomics Laboratory of Ningbo University (Figure 6), where the driving simulation software UC-winRoad version 16.0.4 was used for environment visualization and simulation of surrounding traffic and vehicle dynamics. A Logitech G29 force-feedback racing steering wheel, brake, and gas pedals were used as models for the driving simulator. The simulator’s screen is a 75-inch wall-mounted touchscreen all-in-one with a resolution of 1,980 × 1,024 px and a refresh rate of 60 Hz.
This experiment also fused the AR warning message of pedestrians rushing out with the simulated pedestrian conflict in the driving scenario through Adobe After Effects 2020. It was presented directly into the driving scenario and produced a video with a resolution of 1,980 × 1,024 px. The experimenter could observe and communicate with the driver during the experimental driving.
Driver gaze behavior was measured with a Tobii Glass 3 head-mounted eye-tracker (sampling rate 60 Hz tracking accuracy 0.5°). Subjects wearing glasses were corrected to normal vision by adding lenses to ensure high-quality gaze data. Data were synchronized and recorded (60 Hz) using Tobii Pro Lab (x64) software.
5.1.3 Experimental material
In Experiment 2, the AR warning message interface effects and driving scenarios used were the same as in Experiment 1 (Figure 7) to control for the same irrelevant variables in the comparison experiments. Moreover, there was a slight difference in the design of the pedestrian run -out hazard. In this experiment, three different pedestrian run-out hazards were designed at different locations in urban daytime and urban nighttime, respectively. In these three pedestrian hazards, there is a random chance that one of the pedestrian run-outs does not have an AR warning message (system failure). In contrast, pedestrians accompany the remaining two AR warning messages. Therefore, three experimental videos with the same pedestrian run - out location but different AR warning message failure locations in the city during daytime and nighttime were recorded, and one of them was randomly selected for the experiment, respectively, to avoid the discrepancy due to different locations.
Meanwhile, in Experiment 2, to construct subjects’ full familiarity with the AR warning information system, two additional videos of daytime and nighttime pedestrian run -out hazards were designed for this experiment, and the driving scenarios of these two videos were different from the formal experiment to avoid learning effects (Figure 12). However, the AR warning message in these two videos always appeared accurately and timely, along with the pedestrian run-out, to gain the subjects’ full perceptual trust.
[image: Two-panel image showing a street scene. The left panel depicts a daytime view with a person wearing a reflective red triangle vest walking on a sidewalk near a building and trees. The right panel shows the same scene at night, with the reflective triangle illuminated, enhancing visibility.]FIGURE 12 | A video scene of participants fully understanding the AR warning information system was constructed, with daytime on the left and nighttime on the right.5.1.4 Procedure
Experiment 2 The entire experiment lasted about 40 minutes or so and was divided into three main stages.
Firstly, subjects were welcomed, and all subjects were introduced to the basic information and working principle of AR warning messages, constructed the subjects’ basic knowledge about AR warning messages, and informed about the general procedure of the experiment. Then, the subjects were required to submit and sign various documents (e.g., informed consent, privacy statement), and basic information about the subjects was collected through a questionnaire. Then, the subjects were allowed to enter the simulator, adjust the seat position, and familiarize themselves with the operations. At the same time, the main tasks of the experiment were introduced to the subjects. They were allowed to perform a short driving practice in a simulated driving scenario to familiarize themselves with the simulated driving scenario.
Second, after the driving exercise, the subjects were shown daytime and nighttime videos of the familiarization experiment in turn, and at the end of each video, they were asked to fill out the User Experience Usability Scale (UMUX) (Lewis, 2018), to obtain data on subjects’ subjective evaluations of the AR warning system during daytime and nighttime, respectively, including subjects’ ratings of the AR warning system’s effectiveness evaluation and reliability evaluation, During this process, the experimenter conducted a short interview with each subject to obtain their thoughts and opinions about the AR warning information system.
Finally, after all preparations, the experimenter corrected the subjects’ vision and calibrated the eye - tracker. Then, the subjects were asked to sit in the simulator in a real driving condition as much as possible, and two randomly selected experimental videos were shown to the subjects in a randomized order during daytime and nighttime in the city, respectively. The perceived time of the pedestrian danger on that occasion of the system failure was collected for each of the two groups of subjects (Figure 13), and the subjects were asked to verbally report their detection of the pedestrian run -out in the scenarios during the experiment as well to increase their experimental load.
[image: Flowchart illustrating an experiment involving novice and experienced drivers. Both groups, consisting of 16 participants each, undergo familiarization, including a mission description and demographic questionnaire. The timeline includes city daytime and night driving scenes with random risks appearing without AR warning. Participants' risk perception times are measured. An AR system build section follows, with a UMUX questionnaire completed. The process aims to assess risk perception and build trust in AR systems. Markers indicate experienced drivers, novice drivers, AR time, and risk appearance time.]FIGURE 13 | The logic flowchart for Experiment 2, The main purpose is to obtain the perception time of experienced drivers and novice drivers about the pedestrian danger of random failures in the AR scene.5.1.5 Analysis and statistics
For data analysis and statistics in Experiment 2, the subjective UMUX scales completed by the subjects were first collated and analyzed for descriptive and inferential statistical analyses after their reliability and validity tests in lBM SPSS Statistics 27. Also, to assess the differences in the reliance of drivers with different driving experiences on AR warning messages during urban daytime and urban nighttime, respectively, their risk perception time during system failure, risk perception time 5 vs. risk perception time 6, risk perception time 7 vs. risk perception (Figure 13).
Independent samples t-test was used to compare risk perception time P with risk perception time 7, risk perception time M with risk perception time 8, risk perception time Q with risk perception time 5, risk perception time N with risk perception time 6, and risk perception time Q with risk perception time 6 in Figure 14. Perception time 5, risk perception time N versus risk perception time 6 with a significance level of 0.05Dependency and difference analyses were performed based on the results.
[image: Comparison of hazard perception times for city driving. Daytime: Novice drivers (perception time P vs. perception time 7), experienced drivers (perception time M vs. perception time 8). Nighttime: Novice drivers (perception time Q vs. perception time 5), experienced drivers (perception time N vs. perception time 6). Blue represents experienced drivers; red represents novice drivers.]FIGURE 14 | Comparison of data from dependency studies.5.2 Results
5.2.1 Perceived time in case of AR system failure
Table 8 shows the mean perceived time of pedestrian hazards during sudden failure of the AR warning system for both groups of subjects, experienced and novice drivers, for urban daytime and nighttime conditions. The box plots of perceived time to pedestrian run-out hazards for both groups of subjects for both urban daytime and nighttime driving situations are shown in Figures 15a,b.
TABLE 8 | Experience drivers and novice drivers perception time.		Experience drivers	Novice drivers
	M	SD	M	SD
	Daytime	1.06	0.17	1.88	0.17
	Night	1.03	0.16	2.15	0.16


[image: Box plots comparing daytime and nighttime for two groups: (a) Experience group, showing no significant difference (ns); (b) Novice group, showing a significant difference (****), with higher values at night. Each plot displays data spread, median, quartiles, and range.]FIGURE 15 | Experienced and novice drivers perceive the time of pedestrian danger in the event of a failure of the AR warning message at night and during the day in the city.The average hazard perception time of experienced drivers during urban daytime (risk perception time 8) increased by 2.91%. SD increased by 6.25% from nighttime (risk perception time 6), and the boxplots show that experienced drivers had slightly higher hazard perception times during urban daytime than nighttime. In contrast, novice drivers’ risk perception time for pedestrians during urban daytime (risk perception time 7) was 12.56% lower. SD increased by 6.25% compared to nighttime (risk perception time 5). The box plot shows that the novice drivers’ risk perception time during urban daytime was significantly lower than that of urban during the malfunctioning of the AR warning message at nighttime and the box. Height lQR was also significantly higher than the nighttime driving scenario.
5.2.2 Dependency analysis
After the above experimental analysis in this study, the pedestrian hazard perception times of the control group who were unaware of the AR warning messages in Experiment 1 have been obtained, including the risk perception time M and risk perception time N of 50% experienced drivers and 50% novice drivers in the control group under the urban daytime driving scenario, and the risk perception time P and risk perception time Q of 50% experienced drivers and 50% novice drivers in the nighttime control group. Corresponding to this are the perceived times of the subjects in Experiment 2 who were sufficiently familiar with the construction of the AR warning messages to perceive the pedestrian hazards in the case of AR system failure, including risk perception time 8 in the city daytime and risk perception time 6 in the nighttime situation for the experienced group, and risk perception time 7 in the city daytime and risk perception time 5 in the nighttime situation for the novice drivers. They are compared using independent samples t-tests, according to the relationship in Figure 14.
The results of the independent samples t-test by subjecting the data of risk perception time 8 with risk perception time M and risk perception time 6 with risk perception time N are shown in Table 9. Experienced drivers could have relied more on AR warning messages in daytime driving scenarios (p = 0.594 > 0.05). At the same time, at night, although there was a significant difference (p < 0.01 < 0.05) between the risk perception time N data of risk perception time 6 vs. the mean of the former was found to be significantly lower than that of the latter through analysis.
TABLE 9 | Dependency study independent samples T-test for experienced drivers.	Test		Coupled difference	SD	SE	95% confidence interval	t	df	Sig. (two-tailed)
	Mean	Lower limit	Upper limit
	Perception time	Daytime	0.045	0.224	0.083	−0.126	0.216	0.540	27.000	0.594
	Night	0.622	0.175	0.658	0.487	0.758	9.455	25.635	<0.01※


Similarly, by subjecting risk perception time 7 to risk perception time P and risk perception time 5 to risk perception time Q, data to independent samples t-test results are shown in Table 10. Novice drivers significantly differed in daytime perception time of pedestrian hazards (p < 0.01 < 0.05). They did not significantly differ in perception time of pedestrian hazards at nighttime (p = 0.93 > 0.05).
TABLE 10 | Dependency study independent samples T-Test for novice drivers.	Test		Coupled difference	SD	SE	95% confidence interval	t	df	Sig. (two-tailed)
	Mean	Lower limit	Upper limit
	Perception time	Daytime	−0.517	0.275	0.115	−0.737	0.298	4.486	15.237	0.935
	Night	−0.059	0.187	0.072	−0.155	0.143	0.082	21.075	<0.01※


5.2.3 Subjective evaluation
To obtain the subjective evaluation comparison of the three dimensions of validity, intrusiveness, and reliability of the subjects’ AR warning information system, after constructing a sufficiently familiar understanding of the AR warning information, all the subjects were allowed to fill out the UMUX seven-point Likert Subjective Evaluation Scale. A total of 32 valid evaluation scales were collected. The samples were examined for reliability and validity according to dimensions using Cronbach’s coefficients and Bartlett’s sphericity coefficient after The scale data were analyzed. The scale-specific data are shown in Table 11.
TABLE 11 | Statistical results of subjective rating scale data.	Question number	Experience drive
–daytime	Experience drive
–Night	Novice driver – daytime	Novice driver – night
	Q1	4.75	5.19	5.38	4.50
	Q2	5.38	4.44	6.13	5.69
	Q3	6.13	3.88	5.13	4.06
	Q4	3.50	4.00	2.25	3.88
	Q5	5.19	5.25	2.88	5.63
	Q6	5.31	5.19	5.56	4.56
	Q7	3.00	2.81	5.00	3.00
	Q8	3.63	4.88	5.44	3.00
	Q9	2.81	2.25	3.88	3.13


Figure 16a compares the subjective ratings of experienced drivers during daytime and nighttime in the city. It can be seen that experienced drivers rated the effectiveness of the AR warning system lower at night than during the day. However, overall, both rated the effectiveness of the system positively. In contrast, the evaluations on intrusiveness are the same, both in daytime and nighttime; AR warning messages are visually occluding and distracting for experienced drivers, and thus are rated lower on reliability and show stronger skepticism and nervousness towards the AR system at nighttime, and show lower subjective dependence and expectancy than during the daytime. This would also explain why experienced drivers’ perceived time to pedestrian hazard in case of AR failure was significantly lower at night in the presence of AR warning messages than when they were unaware of AR warning messages.
[image: Four line graphs compare performance metrics based on driving experience and time of day. Panels: (a) Experienced drivers, (b) Novice drivers, (c) Daytime, (d) Night. Blue lines represent daytime and novice drivers; red lines represent night and experienced drivers. Each graph tracks data over a range of values from one to nine on the x-axis and zero to seven on the y-axis, showing fluctuating trends.]FIGURE 16 | Comparison of the subjective evaluation of experienced drivers during the day and at night in the city. (a) Experience drive. (b) Nonice drive. (c) Daytime. (d) Night.Similarly, novice drivers ' subjective ratings during daytime and nighttime in the city are shown in Figure 16b ln terms of effectiveness, novice drivers gave positive effectiveness ratings in both daytime and nighttime, with nighttime ratings slightly lower than daytime. However, significant differences were shown in the interference ratings, with novice drivers perceiving the AR warning system as more intrusive at night and not significantly intrusive during the day. Therefore, regarding reliability ratings, novice drivers showed a stronger subjective dependence and anticipation of the system during the daytime. In contrast, they did not show significant dependence or nervousness during the nighttime.
The authors also analyzed and compared the subjective evaluation data of the AR warning system by drivers with and without driving experience during daytime and nighttime. Figure 16b shows the difference in subjective evaluations between experienced and novice drivers during daytime in the city. It was analyzed that both experienced and novice drivers gave consistently valid ratings of the effectiveness of the AR warning system during daytime. However, in terms of intrusiveness, experienced drivers perceived the system to be more intrusive, while novice drivers perceived the system to be more intrusive. In the reliability dimension, novice drivers gave higher subjective ratings than experienced drivers, showing a stronger subjective dependence and expectation of the AR warning system.
Figure 16d analyzes the subjective ratings of experienced and novice drivers at night in the city. In terms of effectiveness evaluation, although both generally considered the AR warning system effective. The effectiveness evaluation was lower at night than during the day. Experienced and novice drivers were largely similar regarding intrusiveness and reliability ratings. They both agreed that AR warning messages were somewhat intrusive at night, thus creating suspicion and nervousness in the driver. Therefore, regarding reliability, both unanimously failed to develop subjective dependence and expectancy on the AR warning system.
By comparing the subjective ratings of experienced and novice drivers during daytime and nighttime in the city, the authors found that both novice and experienced drivers shothe authorsd positive ratings on the effectiveness dimension of AR warning messages. However, the ratings on the intrusiveness and reliability dimensions vary depending on the driving experience and the driving environment. The ratings on the reliability dimension are low when the ratings on the intrusiveness dimension are high, and vice versa, as if the driver’s reliability ratings of the AR warning message are affected by his or her intrusiveness ratings of the AR warning system. To test this inference, the authors conducted a correlation test between the three dimensions of the UMUX scale (Figure 17).
[image: Path analysis diagram showing relationships between variables for daytime and nighttime driving scenarios, categorized by driver experience. Variables include Dependence, Reliability, Effectiveness, and Interference, with Cronbach’s alpha and KMO values noted. Pearson correlation coefficients and significance levels are indicated, with negative correlation highlighted in red.]FIGURE 17 | Correlation tests were performed between the three dimensions of the UMUX scale.The Pearson correlation test results showed that experienced drivers showed some degree of negative correlation between the intrusiveness evaluation and the reliability evaluation of the AR warning message during daytime and nighttime in the city, as well as novice drivers during daytime in the city. The novice drivers did not show a significant correlation at night, which may be due to the high variability of data points within the group caused by the individual differences of the novice drivers. However, summarizing the above findings shows that drivers’ subjective dependence and expectation of AR warning messages depend on their intrusive evaluation of the AR warning system. Whereas the effectiveness ratings will vary depending on the driving environment, the overall positive ratings on usability are all positive.
6 DISCUSSION
The discussion has been expanded to interpret the subjective evaluations in greater depth, with a focus on trust calibration and dependency mechanisms in varying driving environments. The findings now emphasize the need for adaptive AR warning systems that dynamically adjust based on the driver’s experience and the surrounding environment.
This study compared the reliance of novice and experienced drivers on AR warning messages in urban daytime and nighttime, respectively, using both objective performance metrics (perceived time to hazard detection based on eye-movement data) and subjective evaluations (UMUX scale).
In line with prior findings that AR HUD can significantly improve driver performance and hazard perception (Chauvin et al., 2023; Herbert et al., 2017). The present study confirmed that AR warning messages significantly reduced hazard perception times in both daytime and nighttime urban driving scenarios. At the same time, the authors also longitudinally compared the differences in the perceived danger time between daytime and nighttime between the control group and the AR group in Experiment 1 and found that there was a significant difference in the perceived time for danger pedestrians in the control group, which proved the significance of the variable “different urban driving environments” in this study; while there was no significant difference in the danger perceived time in the AR group, suggesting that the application of AR warning messages can also significantly reduce the differences in driving performance due to the different environments. This conclusion, as an exploration of the application of AR HUDs, can be used to solve the problem of the traffic environment that affects the drivers’ driving performance, as Faria et al. (2020) suggested in the study.
Regarding driving experience, the authors compared the hazard perception times of 50% of experienced drivers and 50% of novice drivers in the control group. The authors found that drivers with different driving experiences shothe authorsd significant differences at night. However, during the daytime, it may be due to insufficient driving load (Wood et al., 2014), which did not show significant differences. This suggests that significant differences in driving performance due to differences in driving experience depend on the driving scenario and differences in driving loads imposed by the driving task and not all driving tasks. Navarro et al. (2023) used a Forward Collision Warning System (FCWS) for comparison in a study. Although the FCWS helped reduce near-collision events, there was no significant difference in braking reaction times between experienced and novice drivers. Therefore, studying the effect of driving experience on differences in driving performance should be based on specific driving scenarios. However, this experiment demonstrates the overall significance of the variable “driving experience.” The authors also collected these data and compared them with the hazard perception data in Experiment 2 to analyze the dependence and differences in AR warning messages among drivers with different driving experiences.
Then, in Experiment 2, the hazard perception times of experienced versus novice drivers in the AR environment were obtained in case of a malfunctioning AR warning message and their subjective ratings of the AR warning system.
It was found that experienced drivers did not show dependence on AR warning messages during urban daytime and nighttime and perceived nighttime pedestrian hazards in the presence of AR warning messages but with malfunctioning ones at significantly lower times than the control group in Experiment 1. However, Farooq et al. (2023) showed in their study that drivers have a greater need for assistive information to enhance safety in complex nighttime environments. Therefore, the present study went a step further by incorporating the subjective evaluation data of experienced drivers at night and found that experienced drivers showed strong skepticism and nervousness towards AR warning messages at night. It can be inferred that experienced drivers instead become more cautious in the presence of AR warning messages, especially in high driving load scenarios such as nighttime, and they are more willing to trust their judgment.
Novice drivers similarly did not show reliance on AR warning messages at night but significantly relied on AR warning messages in daytime scenarios. Combined with the subjective evaluation data of novice drivers during the daytime, it can be found that novice drivers perceived that AR warning messages were more effective and less intrusive during the daytime compared to the nighttime, and this subjective performance was consistent with the objective performance of novice drivers. From this, it can be inferred that novice drivers will rely on AR warning messages differently depending on the environment, and will tend to relax their vigilance and thus rely on them in low-load driving scenarios such as daytime, whereas they will still remain relatively vigilant in high-load driving scenarios such as nighttime.
After comprehensive analysis, it was found that both experienced and novice drivers showed relative driving vigilance and did not rely on AR warning messages in the objective data at night. During the daytime, experienced drivers may not show dependence due to their rich driving experience, unlike novice drivers, who may be prone to driving slackness in low-load scenarios with high visibility during the daytime, thus creating dependence. Therefore, this paper suggests that the degree of drivers’ objective dependence on AR warning messages depends on the driving environment load in the first place. The higher the driving load, the more the driver will concentrate on the driving process instead, thus not generating dependence. In the environment with less driving load, the dependence depends on the difference in driving experience; experienced drivers did not show dependence on AR warning messages due to their driving habits and subjective initiative, while novice drivers tend to relax their vigilance in such an environment, thus creating dependence.
Finally, it was found that on subjective evaluation, although all drivers did not deny the effectiveness of AR warning messages, they shothe authorsd different dependencies. An analysis of the correlations between the dimensions of the scales revealed that drivers’ subjective dependence and expectancy on AR warning messages depended on their evaluation of the AR warning system as intrusive rather than effective. In contrast, in past research on the interactive interface of AR warning messages, researchers have mostly focused on the effectiveness of the interface (Calvi et al., 2022; 2020), with little attention paid to visual intrusiveness or the visual capture of interface elements. In the KANO mode (Južnik Rotar and Kozar, 2017), the authors often refer to the functionality of such attributes as essential properties. Therefore, the optimization strategy for the design of AR warning messages should first focus on the visual catchiness of the AR system to the driver in different driving scenarios, which is, of course, based on the premise that it can deliver accurate and effective warning messages to the driver.
From a theoretical perspective, these findings contribute to the body of knowledge on trust calibration in driver–automation interaction, specifically by distinguishing the joint roles of environmental load and driver experience in shaping dependency patterns. From a practical perspective, the results suggest that AR HUD warning designs should dynamically adapt interface intrusiveness and Time-To-Collision thresholds based on driver type and environmental load, to maintain appropriate trust levels and avoid over-reliance.
7 CONCLUSION
In this study, we investigated how drivers with different levels of experience depend on AR warning messages under urban daytime and nighttime driving conditions, using both objective eye-tracking measures and subjective user evaluations. The results indicate that while AR HUDs enhance hazard detection, they may also induce dependence under low driving loads, especially among novice drivers. To improve reliability and responsiveness, future work should incorporate real-time performance metrics and include comparisons with recent transformer-based methods.
The authors found that objectively, the dependence of both experienced and novice drivers was primarily determined by the load of the driving scenario. Under high-load conditions, drivers concentrated more and did not develop dependency. Under low-load conditions, dependency depended on driving experience: experienced drivers’ habits and initiative prevented dependency, while novice drivers tended to relax and thus developed dependency. Subjectively, drivers’ dependence and expectancy the authorsre influenced more by their perception of the system’s intrusiveness than by its perceived effectiveness.
The study advances the understanding of trust calibration mechanisms in AR-assisted driving by empirically demonstrating the interaction effects of driving environment load and driver experience on dependency formation. This enriches theoretical models of driver–automation trust and extends human factors research into AR HUD design.
The findings provide actionable design principles for automotive interface engineers and policymakers, aiming to enhance road safety by tailoring AR HUD warning systems to both environmental and user characteristics. By preventing automation complacency, such adaptive systems could reduce accident risks, particularly in urban traffic scenarios.
Based on the above, it is recommended that AR HUD warning systems incorporate adaptive interaction interfaces that dynamically adjust visual prominence and alert timing according to both the driving environment and driver experience level.
8 LIMITATIONS
A limitation of the current study is that this study was conducted only in a laboratory-simulated driving environment, whereas real urban driving environments tend to be more complex and varied; this paper only compares pedestrian run-outs, which is a typical urban driving hazardous scenario, and further research could consider hazardous driving scenarios such as intersections, on-ramp merges, and slowing down of the vehicle in front of the vehicle. In addition, although the experiments in this study were conducted among 52 plus 32 licensed drivers, there may still be a need to increase the number of subjects, as well as to add more driving scenarios, to accurately identify differences in the reliance on AR warning messages in richer driving scenarios among drivers with different driving experience. Further research may consider exploring the mediating role of driver gender and personality on dependence or attempting to expand the age range of subjects to substantiate the findings of this study further. Additionally, the study only focused on pedestrian run-out hazards. Future research should expand to other common urban risks such as intersection conflicts and sudden braking of preceding vehicles.
The study’s limitation lies in its reliance on a simulated environment. Future work should integrate real-time performance metrics (FPS, latency) and cross-validation with transformer-based methods to ensure the robustness and applicability of AR HUD systems across diverse urban environments and driving conditions.
Overall, the results of this study reveal the dependence and differences in AR warning messages between experienced and novice drivers in urban daytime and nighttime driving scenarios. These findings can serve as a basis for further research on more factors affecting driving dependence performance. It also contributes to a deeper understanding of the specific driving behavior performance and implicit emotional states of different drivers in different driving scenarios with AR-assisted driving technology. Therefore, the results of this study can also be used to design more effective training modules and driver support systems for AR technology applications to prevent automation complacency due to the application of AR technology and ensure driver safety. Finally, in today’s booming development of intelligent cockpit scenario-based personalization, defining the personalized application of AR systems based on the differences in the dependencies of different drivers in different driving scenarios can provide users with a better safety service experience.
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