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Tunnels create a constrained car-following environment in which rear-end crashes remain a major safety concern. This is especially
challenging for novice drivers, who may have difficulty anticipating traffic changes further ahead. Existing warning systems mainly
reflect the state of the immediate lead vehicle, while vehicle-to-vehicle approaches for upstream information are limited by technology
adoption. This paper investigates an infrastructure-based approach that uses ceiling-mounted tunnel lighting to present beyond-
visual-range (BVR) traffic information. A driving simulator study with 24 novice drivers was conducted to evaluate two designs: a
headway-based representation of traffic spacing (THW-HMI) and a dynamic-state representation of vehicle deceleration (DYN-HMI).
The results showed that both HMIs were associated with earlier braking responses, larger temporal safety margins, and lower subjective
workload than baseline. Outside the emergency events, car-following behavior remained comparable across conditions. These findings
indicate that infrastructure-based ambient cues may contribute to safer tunnel driving for novice drivers.

CCS Concepts: • Human-centered computing→ Empirical studies in interaction design; User interface design.
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1 Introduction

Road tunnels are a demanding driving environment. Their confined geometry, high speed, and limited space make
lane changes difficult or impossible, so drivers are often forced into sustained car-following (CF) mode. In this setting,
longitudinal control becomes the main task [23, 28]. As a result, rear-end crashes are one of the most common crash
types in tunnels [30, 40], leading to traffic congestion and making rescue and emergency response difficult [2, 30, 38].
Reducing rear-end risk in tunnels is therefore important for traffic safety.

Existing technologies typically attempt to reduce rear-end collisions in general traffic scenarios through ego-vehicle
forward collision warnings [3, 20]. However, these warnings mainly reflect the state of the immediate lead vehicle and
provide little information about traffic further upstream [21]. Their effectiveness can also be limited by false or nuisance
alerts [24, 27]. In tunnel CF scenarios, this limitation is particularly evident because the tunnel environment reduces
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visual cues to support speed perception, hazard anticipation, and longitudinal control. Thus, drivers have to rely on the
limited lead-vehicle information or the alerts [28]. In recent years, Beyond-Visual-Range (BVR) information has been
identified as playing a positive role in mitigating rear-end risks [11, 17]. Building upon this line of work, some studies
have tried to explore vehicle-to-vehicle (V2V) communication to provide drivers with information about upstream
vehicles or traffic flow, in order to support safer following behavior [8, 36]. Although such approaches have shown
promise, their practical value still depends heavily on the adoption and market penetration of V2V technology [1, 35].

Tunnels, however, offer a unique opportunity to embed BVR information directly into the driving environment.
Because the tunnel ceiling extends continuously along the road, it can be used to convey traffic information from
farther ahead to following drivers. Further, sensors can be easily installed in tunnels to provide BVR information. This
creates an opportunity for an infrastructure-led interaction approach, rather than a purely vehicle-based one [15, 16, 33].
Previous work suggests that different types of upstream information may influence drivers in different ways [12]. For
example, headway information may help drivers understand traffic spacing, while deceleration states information may
help them interpret immediate risk [29, 34]. Based on this distinction, we examined two ceiling-mounted HMI designs:
a distance-based design that visualizes the headway distribution (THW-HMI) of upstream traffic, and a dynamic-state
design that visualizes the deceleration status (DYN-HMI) of lead vehicles. These two designs allow us to examine
whether different forms of upstream information affect CF behaviors differently in tunnel driving.

Furthermore, given that novice drivers have a higher risk of accidents and lower capabilities to anticipate hazards
ahead compared to experienced drivers [14, 31], especially under demanding driving conditions, novice drivers are
the main focus of our current research [4]. In general, we aim to answer two research questions (RQs): whether
infrastructure-led BVR information in tunnels can improve CF safety in tunnels (RQ1), and whether the two display
designs lead to different driving and workload outcomes among novice drivers (RQ2). Based on prior BVR-related
research [7, 8], it is hypothesized that BVR information in the tunnel may facilitate improved safety outcomes compared
to the baseline condition (H1). However, the DYN-HMI may be perceived as more acceptable (H2), as the DLV’s
deceleration information was perceived as more useful than the DLV’s headway information in a previous study [7],
though it is unknown whether this applies to the BVR information of the leading traffic flow.

2 METHOD

2.1 Participants

Participants were recruited in local residential areas and through social media posts. Before the experiment, all
participants completed a screening questionnaire that gathered demographic information, including gender, age, and
driving experience. Novice drivers were required to have held a valid driver’s license for less than 12 months and to
have driven less than 5,000 kilometers in the past year. A total of 24 participants (12 male and 12 female) completed the
study, exceeding the required number of participants (i.e., 19), assuming a medium effect size (Cohen’s f = 0.25), a type I
error of 0.05, and a power of 0.8 based on GPower (3.1). The participants’ ages ranged from 18 to 27 years, with a mean
age of 20.92 and a standard deviation (SD) of 2.67 years. Post-hoc effect analysis indicated that our sample can reach a
power of 0.853 even for the smallest effect size we detected, i.e., Cohen’s f of 0.23 (equivalent to partial eta squared 𝜂2𝑝
of 0.05) for the Average Time Headway (which is defined in later sections).
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Fig. 1. The driving simulator.

2.2 Apparatus

The experiment was conducted on a driving simulator, as shown in Fig. 1. The simulated environment was built in
SILAB 7.1 (WIVW GmbH, Germany) and was run on hardware supplied by Info Tech, Shanghai. The cabin setup
featured a steering wheel, pedals, and a three-screen display. The scenario was displayed on three 43-inch screens,
each with a resolution of 1920x1080, and was positioned approximately 1 meter from the participant, yielding a 150°
horizontal and 47° vertical field of view. The study was approved by the university’s institutional ethics committee
(protocol no. HSP-2025-0236).

2.3 Scenario Design

The experiment was conducted in a simulated straight highway environment that included a section leading into a
2-kilometer-long two-lane tunnel. The participant’s task was to follow a direct leading vehicle (DLV) that followed an
indirect leading vehicle (ILV) and executed a pre-scripted sequence of dynamic behaviors containing multiple events.
The entire scenario was designed to evaluate driver responses across two primary traffic phases: a Free-Flow phase and
a subsequent Congested Traffic phase, as depicted in Fig. 2 and Fig. 3.

The scenario commenced with the DLV accelerating to a high-speed cruising state of approximately 100 km/h
(27.78m/s) to simulate Free-flow Traffic. 500 meters before entering the tunnel, the DLV performed a slight and natural
deceleration to approximately 80 km/h (22.22m/s). In the tunnel, the traffic consisted of two sections: free-flow traffic
(FT, with an average speed of 100 km/h) and congested traffic (CT, with an average speed of 60 km/h). During each
section, there were two emergent braking (EB) events: the DLV executed an abrupt, high-intensity deceleration of
−5.5m/s2, sustained for 3 seconds, to simulate a response to a sudden hazard [39]. Outside the EB events, the remaining
intervals were normal drive segments, during which the DLV exhibited two mild speed reductions, with a deceleration
of −1.5m/s2 sustained for 3 seconds, followed by a recovery to prior speed. Additionally, there were random speed
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Fig. 2. The tunnel scenario design.

Fig. 3. Definition of braking events and normal drive segments.

variations in traffic, with an SD of 0.28m/s and a maximum deceleration of ≤ −0.50m/s2, without brake light activation.
These two mild speed reductions and random speed variations were used to represent common and foreseeable speed
adjustments in traffic. As shown in Fig. 3, two event patterns were used in the experiment: in Pattern X, the two EB
events appeared in the second and fourth positions; whereas in Pattern Y, they appeared in the first and third positions.

2.4 Driving Task

In the experiment, participants were required to follow the traffic on a simulated two-lane highway to safely navigate
through the tunnel and follow the leading traffic. The driving scenario featured a single DLV traveling ahead of the
ego vehicle. The task emphasized the importance of longitudinal control and did not impose explicit speed or distance
targets on participants, thereby encouraging naturalistic driving behavior.

2.5 Lighting HMI Design

As shown in Fig. 4, the ceiling-light cues were designed to provide upstream information while limiting interference with
driving. Their overhead placement used the continuous tunnel structure and kept the information outside the driver’s
central focal area. In practice, the spacing of the lights in the tunnel is determined by specific lighting requirements and
can vary between tunnel zones [26]. In our experiment, however, the spacing was simplified, but remained within a
realistic range.

This study designed and evaluated two novel ambient-lighting HMIs to provide participants with information about
upstream traffic flow, i.e., BVR information, within the tunnel: a Headway-Based HMI (THW-HMI) and a Dynamic
Manuscript submitted to ACM
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(a) (b)

(c) (d)

Fig. 4. Representative views in the tunnel scenario: (a) Baseline without color changes, and (b)–(d) showing gradual changes in
upstream traffic conditions.

State-Based HMI (DYN-HMI), along with a Baseline condition without additional visual cues. The lighting effects are
illustrated in Fig. 4.

2.5.1 THW-HMI Design. The THW-HMI was designed to provide real-time visualization of the following-distance
chain for the entire lead-vehicle platoon. The color of each overhead light strip was determined by the Time Headway
(THW) of the vehicles beneath it, shown in Fig. 5. The encoding scheme was founded on the "two-second rule" and
leveraged the universal traffic light color metaphor [32]:

• Green indicated a safe Time Headway of at least 2.0 seconds.
• Yellow indicated a cautionary Time Headway of 1.0–2.0 seconds.
• Red signified a dangerous Time Headway of less than 1.0 seconds.

2.5.2 DYN-HMI Design. The DYN-HMI provided the dynamic state of vehicles in the platoon ahead. The color of each
overhead light was determined in real time by the speed and longitudinal acceleration of the vehicle directly beneath it,
shown in Fig. 6 [5, 39]:

• Red (Emergency State): Triggered by an emergency braking event, defined as a longitudinal deceleration over
4.0m/s2.
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Fig. 5. Conceptual illustration of the THW-HMI design based on THW.

Fig. 6. Conceptual illustration of the DYN-HMI design based on longitudinal deceleration.

• Yellow (Cautionary State): Triggered by a moderate braking event, defined as a longitudinal deceleration between
1.3m/s2 and 4.0m/s2.

• Green (Normal State): The default state for normal driving, triggered when longitudinal deceleration is less than
1.3m/s2.

2.6 Experiment Design

A within-subject design was employed, in which each of the 24 participants experienced all three HMI conditions: Base-
line, THW-HMI, and DYN-HMI. To mitigate order effects, a 3 × 3 Latin square was used to create three counterbalanced
presentation orders. Within each order, participants were further split into two subgroups to balance the brake event
patterns (X vs. Y), resulting in a fully crossed design for scenario and condition orders. Each participant completed
three trials, one per experimental condition, with each trial consisting of two braking events. Thus, in total, there were
24 participants (3 HMI orders, 2 brake pattern orders, and 2 genders per order). Data for reaction-based metrics were
collected from a total of 144 braking events (24 participants × 3 conditions × 2 braking events per condition).

2.7 Procedures

Upon arrival, participants were briefed on the study’s objectives and signed an informed consent form. They then
received pre-experiment instructions detailing the driving task, the simulated tunnel environment, and the overall
experimental requirements.

Training on the experimental tasks commenced with a five-minute demo driving session in the simulator. This
familiarization drive did not include any HMI systems and was designed to allow participants to acclimate to the
Manuscript submitted to ACM
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simulator’s controls and vehicle dynamics. After the demo, the formal experiment started, consisting of three drives,
one for each HMI condition (Baseline, THW-HMI, DYN-HMI). Before each drive featuring an HMI, participants received
standardized oral instructions explaining the meaning of the different light colors.

Following each of the three drives, participants completed a series of subjective questionnaires to assess their
perceptions of the HMI and cognitive workload (using the NASA-Task Load Index [9]). Upon completion of all three
drives, participants took part in a brief post-drive interview, in which they were asked whether they preferred the
proposed HMIs over having no additional information, which of the two HMI designs they preferred and why, and
whether they had any additional feedback regarding the HMIs.

2.8 Dependent Variables and Statistical Analysis

To evaluate HMI effects in tunnel CF scenarios, driving performance measures were extracted from two periods of
interest: EB braking events and normal drive segments. The EB-braking-related measures captured drivers’ responses
to emergency braking, whereas the normal drive measure characterized routine CF behavior. In total, three driving
performance metrics were extracted in this study:

Braking Response Time (BRT): The time interval between the onset of the DLV’s emergency brake and the
driver’s first braking action [6]. Notably, if the driver responded before the DLV’s braking event had begun, the value
could be negative.

Minimum Time-to-Collision (MinTTC): The minimum value of TTC recorded during the interval from DLV’s
emergency braking until the DLV terminated deceleration, representing the most critical temporal safety margin
between the ego and the DLV [10].

Average Time Headway (MeanTHW): The mean value of time headway (THW) recorded within the normal drive
segments in each drive, where THW was calculated as the ratio of headway distance to ego vehicle speed [32].

We followed the standard approach for calculating the weighted NASA-TLX score from all six sub-dimensions,
ranging from 0 (low workload) to 100 (high workload) [9]. As for the comments in the post-drive interview, the responses
were reviewed descriptively to identify recurring observations and common perceptions reported by participants. No
formal qualitative coding was conducted for the post-drive interview results, as the interviews were designed to provide
supplementary context for interpreting the quantitative results. The study was not designed or powered to support
demographic subgroup analyses; therefore, no formal comparisons of interview responses were performed across
participant groups.

All statistical analyses were conducted in RStudio. Linear mixed-effects models (LMMs) were fitted separately for
the driving performance measures and the NASA-TLX. The model adopted HMI condition (Baseline, THW-HMI, and
DYN-HMI) as fixed effects, and participant ID as a random intercept to account for repeated measures. Post-hoc pairwise
comparisons were conducted for significant effects (𝑝 < .05) using the Tukey adjustment method. The effect sizes of all
main effects are reported as the partial eta squared (𝜂2𝑝 , [19]).

3 Results

3.1 Driving Performance

As shown in Fig. 7, MinTTC differed significantly across HMI conditions, 𝐹 (2, 99.15) = 5.54, 𝑝 = .005, 𝜂2𝑝 = 0.10.
Tukey-adjusted post-hoc comparisons showed that MinTTC was higher in THW-HMI than in the baseline condition,
with an estimated difference (Δ) of 1.03, 95% confidence interval (95%CI) between [0.15, 1.91], 𝑡 (98.9) = −2.78, 𝑝 = .018,
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and higher in DYN-HMI than in the baseline condition (Δ = 1.15, 95% CI [0.24, 2.05], 𝑡 (98.4) = −3.01, 𝑝 = .009). No
significant difference was found between THW-HMI and DYN-HMI (𝑝 = .946).

Fig. 7. MinTTC across different HMI conditions during EB events. In the figure and following figures, the boxplot shows the median,
interquartile range, and minimum–maximum values; “×” indicates the mean, asterisks indicate significant pairwise comparisons, and
the values above the plot report the mean and standard deviation for each condition.

As shown in Fig. 8, HMI condition had a significant effect on BRT, 𝐹 (2, 97.14) = 8.56, 𝑝 < .001, 𝜂2𝑝 = 0.15. Tukey-
adjusted post-hoc comparisons indicated that, relative to the baseline condition, both HMIs were associated with earlier
braking responses. Specifically, BRT was shorter in THW-HMI (Δ = −2.22, 95% CI [-3.80, -0.65], 𝑡 (99.0) = 3.37, 𝑝 = .003),
and shorter in DYN-HMI (Δ = −2.58, 95% CI [-4.20, -0.96], 𝑡 (98.5) = 3.80, 𝑝 < .001) compared to the baseline condition.
Notably, negative BRT values were observed either due to drivers’ earlier speed adjustment responses to the BVR
information in the THW-HMI and DYN-HMI conditions, or to drivers’ speed adjustments occurring before the DLV
braking in the baseline conditions. No significant difference was observed between THW-HMI and DYN-HMI (𝑝 = .850).

Fig. 8. BRT across different HMI conditions during EB events.
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Fig. 9. NASA-TLX workload scores across different HMI conditions during EB events.

For the normal driving section, the effect of HMI condition on MeanTHW did not reach significance, 𝑝 = .077,
𝜂2𝑝 = 0.05.

3.2 Overall Workload

As shown in Fig. 9, HMI condition had a significant effect on NASA-TLX scores, 𝐹 (2, 30) = 7.38, 𝑝 = .002, 𝜂2𝑝 = 0.09.
Post-hoc comparisons showed that, compared with the baseline condition, subjective workload was significantly lower
in THW-HMI (Δ = −7.93, 95% CI [-15.70, -0.13], 𝑡 (30) = 2.51, 𝑝 = .046) and in DYN-HMI (Δ = −11.94, 95% CI [-19.70,
-4.14], 𝑡 (30) = 3.78, 𝑝 = .002). The difference between THW-HMI and DYN-HMI was not significant (𝑝 = .424).

3.3 Post-drive Interviews

Post-drive interviews indicated that nearly all participants preferred HMI support over the baseline condition, and only
one participant reported that the difference between the HMI and baseline conditions was minimal: “I don’t think the
difference was that big. In the baseline condition, I simply focused more on the car in front and drove more carefully.”

When comparing the two HMIs, preferences were relatively balanced, with 11 participants preferring the THW-HMI
and 13 participants preferring the DYN-HMI. Participants who preferred the THW-HMI often emphasized its ability to
provide a broader understanding of the traffic situation ahead. For example, one participant stated: “The THW-HMI
gave me a clear idea of the distance I should maintain, which made it easier to control my speed and anticipate what
might happen next.” Another participant commented: “With the THW-HMI, I could better understand the overall traffic
situation ahead. It gave me additional information that I found useful.”

Participants who preferred the DYN-HMI frequently highlighted its directness and compatibility with their normal
driving habits. One participant noted: “The DYN-HMI matched what I was already looking for while driving. It focused
on information I naturally pay attention to, so it felt more consistent with my normal driving habits and didn’t require
extra interpretation.” Another participant reported: “The DYN-HMI required less thinking on my part. The information
was more direct, and it helped me anticipate the state of vehicles further ahead.”
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4 Discussion

This study examined whether tunnel lighting could be used to present upstream traffic information and support driving
in a tunnel CF scenario. Across the objective and subjective measures, the results showed a consistent pattern. In
response to RQ1 and in line with H1, compared with the baseline condition, both HMI designs were associated with
earlier braking responses and larger temporal safety margins during EB events. Subjective workload was also lower
under both HMI conditions. Taken together, these findings suggest that tunnel lighting may have improved CF safety
in the tunnel without overloading the drivers.

This is in line with our expectations: in tunnel CF scenarios without additional BVR information, drivers may have
to adjust their speed in response to the vehicle directly ahead. The tunnel lighting used in this study has extended this
local view by making upstream traffic variations ahead of the DLV available. Thus, they may take actions or prepare to
take actions earlier, leading to earlier braking responses and larger temporal safety margins. Similar trends have also
been reported in previous studies showing that access to downstream traffic information can support safer and more
stable CF behavior [8, 22]. This may be especially relevant for novice drivers, who are more likely to rely on immediate
traffic cues (i.e., the state of the DLV) when no additional information is provided [37].

Notably, 7 negative BRT values were observed even under the baseline condition. This is likely due to drivers’
speed-adjustment behaviors, in which participants may occasionally slow down to maintain a safe following distance
from the DLV. Thus, braking may happen to occur prior to the onset of the DLV’s emergency braking event as part of
normal speed control rather than as a direct response to the event. Keeping them in the analysis should have led to a
more conservative estimate of the HMI effects. However, both HMIs have still resulted in significantly earlier braking
responses than baseline, suggesting that the BVR information has robustly facilitated timely driver responses.

Next, no clear difference in MeanTHW between conditions was observed during the normal driving segment. This
indicates that the effects of the HMIs were likely limited to emergency braking events and may not have disrupted
routine CF behavior. The positive effect of BVR information on driving performance during EB events, without affecting
CF behaviors in non-urgent CF scenarios, is consistent with observations from an external human-machine interface
study [8]. Thus, our study provides additional support for the potential value of the BVR information in CF scenarios.

In addition, we noticed that both HMI conditions were associated with lower NASA-TLX scores than the baseline
condition. This finding suggests that presenting BVR information through tunnel lighting may not increase the overall
perceived workload. One possible explanation is that the additional information enabled drivers to become aware
of developing traffic conditions earlier, reducing the need for reactive decision-making during emergencies. This
interpretation is broadly consistent with previous research suggesting that enhanced situational awareness can support
driver performance while reducing cognitive demands [25].

In response to RQ2, when comparing the two HMIs, although DYN-HMI consistently produced numerically better
outcomes than THW-HMI across several measures, the differences were not statistically significant. It is possible
that both interfaces enabled drivers to be aware of traffic conditions beyond the DLV, even though they conveyed
different types of BVR information. As a result, both may have supported anticipatory responses to developing traffic
situations, leading to broadly comparable behavioral outcomes. However, practitioners may remain cautious when
interpreting the non-significant differences between the two HMIs, as nuanced differences may exist and warrant
further investigation. Specifically, in response to H2, although we did not observe a difference in perceived workload
between the THW-HMI and DYN-HMI, post-drive interview responses suggested that some participants perceived the
two interfaces somewhat differently. In their comments, THW-HMI was associated with a broader understanding of
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traffic flow, whereas DYN-HMI was perceived as providing more direct information about braking activity ahead. This
indicates the need to further explore suitable scenarios when these two types of information should be provided.

Finally, from a practical perspective, the findings suggest that tunnel lighting may have potential as a medium
for conveying BVR information in tunnel environments. However, real-world challenges should be addressed before
deploying our proposed HMIs, including integration with traffic management systems, information standardization,
and compliance with existing tunnel lighting regulations. Future research should therefore investigate the feasibility
and effectiveness of the proposed approach in real-world tunnel environments.

5 Limitations and Future Work

It should be noted that this study has several limitations. First, the experiment was conducted in a driving simulator in
a two-lane straight tunnel with a fixed set of traffic events and only two tunnel-lighting designs; thus, the findings may
not fully reflect driver behavior in real tunnel environments. Second, the sample included only novice drivers, who
generally exhibit less developed hazard-perception abilities than experienced drivers [37], and therefore the findings
should be interpreted as preliminary and may not generalize directly to other driver groups. Third, though we conveyed
the BVR information through dynamic spatial-temporal lighting patterns, our design still relied on color changes, and
color-blind drivers may have difficulty using it. Future work should evaluate our designs in more diverse tunnel settings
and traffic conditions, in on-road or naturalistic studies with more diverse driver groups, including color-blind drivers.

Finally, previous studies have shown that tunnel lighting characteristics can influence drivers’ behavior and driving
safety. For example, He et al. reported changes in drivers’ visual behavior across different tunnel-lighting environments
[13], and Kang et al. found associations among lighting conditions, reaction performance, and visual fatigue [18].
Researchers also found that changing the ambient light color alone, without conveying BVR information, can already
affect drivers’ performance [13, 18]. In our study, although dynamic lighting patterns have shown benefits in certain
events in a relatively short tunnel, the role of lighting design warrants further evaluation in long tunnels, particularly
from the perspectives of attention allocation (e.g., based on eye-tracking data), driver states, and overall safety impact.
Future research should also differentiate the potential influence of overall lighting conditions from that of BVR
information.

6 Conclusions

This study investigated whether tunnel lighting could be used to present beyond-visual-range traffic information and
support novice drivers in tunnel car-following scenarios. In a driving simulator study, we found that HMIs showing
the time headway (THW-HMI) and the vehicles’ deceleration (DYN-HMI) ahead were both associated with earlier
braking responses, larger temporal safety margins, and lower subjective workload than the baseline condition during
emergency events. These findings show that beyond-visual-range information provided by the infrastructure can be
useful in tunnels, where drivers have a constrained visual field. The participants’ differing preferences for THW-HMI
and DYN-HMI suggest a direction for future work on fusing headway-related traffic cues and vehicle-dynamics-related
cues, or adaptively selecting them, to provide more suitable BVR information. Overall, this work provides initial evidence
that tunnel lighting may serve as a practical, infrastructure-based channel to actively support drivers in tunnels.
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