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Abstract

In spiral tunnels, high cognitive load and elevated operational risks are prevalent because of visual monotony and geometric
ambiguity. This study develops a quantitative model of the self-explaining level based on the “self-explaining roads” theory,
integrating environmental semantic segmentation and a three-level situational awareness model. The model introduces per-
ceptual and comprehension attribute indicators and is validated through driving simulation experiments involving 27 partici-
pants across six spiral tunnel scenarios. The results indicate that the proposed model effectively reflects the self-explaining
level of roads, with a correlation coefficient with behavioral indicators ranging from —0.234 to —0.326, indicating smoother
driving behavior as the self-explaining level increases. As the curve radius increases, the self-explaining level also increases
(e.g., 9.9 at radius [R]=250m, 21.0 at R=500m, 27.6 at R=970m). The performance in right-turn scenarios is better than
that in left-turn scenarios (20.0 for right turns and 19.0 for left turns). The simulation adopted a left-side driving configura-
tion, consistent with the design assumption for passenger vehicles in the studied tunnel scenario. In this study, drivers were
guided to drive in the right lane. Additionally, entrance and exit areas introduce cognitive fluctuations because of abrupt
changes in lighting and structure, highlighting the need for targeted optimization in these critical zones. This research pro-
vides a quantitative tool and methodological foundation for evaluating the safety of spiral tunnels, paving the way for future
exploration into optimized design strategies and underlying cognitive mechanisms.
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Introduction deviations and safety hazards (4, 5). From a safety per-
spective, the abrupt variation in geometric design para-
meters (e.g., lane width, curvature, gradient) at spiral
tunnel entrances, coupled with sustained curvilinear
alignment, can induce driver misinterpretation of opera-
tional demands. Therefore, it is necessary to understand
the impact of the geometry and environment of spiral

Mountain roads are characterized by complex terrain
and significant elevation differences, making construc-
tion highly challenging. As a typical structure used to
overcome elevation changes, spiral tunnels have been
widely adopted in highway construction because of their
ability to achieve spatial transitions through continuous
unidirectional curves (/-3). These tunnels are generally
composed of successive curves in the same direction, fea-
turing long lengths and large curvatures. While such geo- 'School of Highway, Chang’an University, Xi’an, Shaanxi, China
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tunnels on driving performance from the perspective of
driver perception and behavioral response.

The “self-explaining roads” (SER) theory provides an
effective approach to addressing such cognitive chal-
lenges. Proposed by Theeuwes and Godthelp, the core of
this theory lies in promoting consistency between driver
cognition and road environment design, enabling drivers
to “read” the road and make the “right responses” (6).
In recent years, the SER theory has been widely applied
to tunnel studies, particularly in evaluating the perfor-
mance of localized elements such as visual guidance facil-
ities, signage, and pavement color, yielding significant
progress and offering empirical support for their safety
benefits (7—9). Related studies have employed methods
including questionnaires, perception experiments, and
driving simulations to systematically assess how various
facilities influence driving behavior. Some researchers
have further incorporated subjective speed perception,
gaze behavior, curvature illusion, and situational aware-
ness models to reveal the cognitive mechanisms and
effectiveness of SER-based interventions in tunnel envir-
onments from multiple dimensions (7—/1). For example,
Jiao et al. systematically evaluated the self-explanatory
performance of various visual guidance facilities in urban
tunnels through speed perception experiments based on
subjective speed equivalent sensing and perceptual reac-
tion time (8). Theeuwes et al. quantitatively assessed the
impact of different road elements on drivers’ speed selec-
tion through large-scale questionnaire experiments using
static road images as stimuli (/2). Xia et al. quantita-
tively identified the effects of key environmental elements
on drivers’ gaze behavior and curvature illusion in spiral
tunnels through questionnaire surveys and curvature per-
ception experiments (/3). Yan et al. and Xing et al. eval-
uated the self-explanatory performance of SER facilities
based on driving simulation experiments, using beha-
vioral and eye movement indicators such as spatial per-
ception, visual attention, lane deviation, following
distance, and steering stability (7, 9). In addition, Yan
et al. incorporated the three-level situational awareness
model in their quantification, revealing drivers’ under-
standing and response mechanisms to tunnel environ-
ments (9, 11).

However, most current research focuses on perfor-
mance evaluation, and there is still a lack of quantitative
understanding of the theoretical processes and human-
environment interaction mechanisms behind these
results. Driving cognition is influenced by the layout and
activation level of visual information channels, which
are, in turn, determined by the interaction between envi-
ronmental salience and driving experience. These factors
affect attention allocation and response speed (/4, 15).
Relying solely on behavioral outcomes or single physio-
logical indicators is insufficient to uncover these

mechanisms. There is an urgent need to investigate the
full process by which environmental elements are per-
ceived, understood, and transformed into behavior dur-
ing dynamic driving (16, 17).

Against this backdrop, image semantic segmentation

offers a new approach to analyzing the mechanisms by
which various environmental elements contribute to road
self-explanation. In the U.S., research on self-enforcing
roads has explored image recognition and data modeling
frameworks, emphasizing the role of environmental
design in encouraging drivers to intuitively regulate
speed to enhance safety (/8). Building on this, Ren et al.
developed a semantic segmentation and visual sensitivity
model to quantitatively assess the impact of rural road
elements on driving behavior, and evaluated their gui-
dance effectiveness based on SER theory (/9). To date,
numerous studies have examined the semantic compo-
nents of tunnel environments that influence driving
behavior, including road curvature, visual guidance
devices, traffic signs, tunnel walls, and transition zones
(20-29). These findings provide a valuable reference for
the semantic classification used in this study.
Although numerous studies have improved the interpret-
ability of tunnel environments, challenges remain when
addressing complex structures such as spiral tunnels,
which are characterized by continuous spatial variation.
A critical gap in existing spiral tunnel studies is the lack
of focus on safety hazards induced by mismatches
between cognitive processing and geometric design. Key
limitations include the lack of a quantifiable model link-
ing driver cognition with environmental elements,
unclear alignment between environmental design and
specific driving conditions, and an insufficient under-
standing of the relationship between cognitive precursors
and behavioral adaptation. Therefore, it is essential to
translate the concept of SER into an application-oriented
framework with practical engineering value. In addition,
turn direction was also considered, as left- and right-turn
spiral tunnels may impose different perceptual and con-
trol demands on drivers. The simulation adopted a left-
side driving configuration, consistent with the design
assumption for passenger vehicles in the studied tunnel
scenario. In this study, drivers were guided to drive in the
right lane. To this end, this study proposes an assessment
method for evaluating the self-explaining level of spiral
tunnels, which includes: 1) developing a quantification
model based on semantic segmentation, 2) validating the
feasibility of the model, and 3) analyzing the influence of
key spiral tunnel characteristics on SER performance.
The proposed evaluation framework provides a quantita-
tive tool for assessing the self-explaining level of spiral
tunnel and can support the design and optimization of
tunnel facilities aimed at enhancing driver cognitive
performance.
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Figure |. Hypothetical model of self-explaining roads (SER).

Methods
Hypothetical Model of SER

Previous SER approaches have referenced various cogni-
tive precursors to explain ideal behavioral adaptation;
however, the use of situational awareness theory offers a
unified framework for these concepts (30). Assuming the
driver acts as a Bayesian observer, and building on the
SER hypothesis model proposed by Theeuwes—which
suggests that roads should be quickly and easily per-
ceived and understood by drivers to facilitate correct
decision-making—this study integrates attention resource
theory to establish a set of indicators (31, 32). This frame-
work comprehensively captures the entire process from
environmental information input to driving behavior
output, as illustrated in Figure 1.

Extraction of Environmental Features Based on
Semantic Segmentation

According to SER theory, a driver’s selection of environ-
mental information results from the interaction between
their driving goals and the visual attributes of the envi-
ronment. To quantify this process, this study employs
semantic segmentation to extract the semantic composi-
tion of tunnel scenes. Compared with other visual mod-
els, Mask2Former aligns more closely with the human
visual mechanism of “local attention—global integration”
(33, 34). Therefore, it is selected to achieve high-precision
panoptic segmentation, outputting semantic labels,

Figure 2. Features extracted via semantic segmentation.

masks, and multi-scale dimensional information, as illu-
strated in Figure 2. A state-of-the-art model—“mask2-
former_swin-t_8xb2-90k_cityscapes”—was adopted (35).
Based on the characteristics of drivers’ visual search
behavior and relevant classification standards, the tunnel
environment semantics are categorized into four classes:
visual guidance facilities, traffic signs, the overall envi-
ronment, and the roadway region (/9).

Evaluation Model of Self-Explaining Level

Specifically, according to the situation awareness model,
the process of driving assignment typically goes through
three stages: perception, comprehension, and action (as
shown in Figure 3). In the perception stage (Figure 3a),
environmental salience and saccade amplitude reflect the
driver’s visual extraction efficiency of road information.
Higher environmental salience and moderate saccade
amplitude help reduce cognitive load and improve percep-
tion speed. In the comprehension stage (Figure 3b), fixa-
tion duration and LH/FH ratio reflect the cognitive
consumption of the driver during information processing.
Longer fixation duration and a higher LH/FH (Low-
Frequency/High-Frequency) ratio indicate higher cognitive
load. In the action stage (Figure 3c), the level of self-
explanation is manifested through the driver’s behavioral
feedback (i.e., speed control and trajectory control).
Therefore, a higher self-explaining level is usually accom-
panied by the smoothness and stability of driving behavior.

Perceptual Attribute of the Road: f;;. During the perception
phase, environmental information is received and pro-
cessed by the driver’s visual system. To quantify its visual
attributes, this study adopts a saliency metric 4; based
on attention resource theory to represent the visual pro-
minence of environmental elements (Equation 1).

Aj = aG+ 1y XA+ 1y (1)
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Figure 3. Overview of the self-explaining level evaluation model, illustrating the three stages of the driver’s road perception process.

Note: LH/FH = Low-Frequency/High-Frequency; SA = Situation Awareness.

where

i = the driving unit (the saliency is derived from the
image at the location of the subsequent driving unit),

J = one of the four semantic categories,

a; = the area (in pixels) within category j, and

n; = the number of elements within category j.

The metric 4;; reflects the objective salience of environ-
mental semantic category j perceived by the driver at
position i.

Considering the randomness and fuzziness in human
information processing, this study draws on a variant of
Shannon entropy from fuzzy entropy theory to model
the importance membership degree u; € [0, 1],
j=1,2,3,4 of input information (/4). Through expo-
nential transformation and normalization, the impor-
tance weights U; for each semantic category are derived
to represent the subjective influence of the driver’s
experience and preferences on the salience of that cate-
gory. Therefore, this parameter is obtained from the
driver’s subjective ratings of the four semantic cate-
gories. The environmental semantic saliency of the
entire scene can be obtained through calculation using
Equation 2. 4;, by integrating the objective salience of
the information and the driver’s subjective preference,
represents the salience of the j-th category of environ-
mental semantics; a larger 4; indicates that this

semantic category is more prominent and can be more
readily perceived by the driver.

)

According to attention resource theory, cognitive
effort can be quantified by the attentional cost associ-
ated with shifting focus across different perceptual
regions, which is commonly measured by saccade dis-
tance (/4, 36). In this study, the effort E; a driver
expends to acquire environmental information is repre-
sented by saccade amplitude. To reduce inter-individual
differences, the raw saccade amplitude was normalized
for each participant using that participant’s overall
mean value across all scenarios and analysis units.
Therefore, E; denotes a dimensionless relative saccade
amplitude. By integrating the saliency metric, the per-
ceptual attribute of the road is calculated using
Equation 3. A larger f; indicates that the driver can
acquire highly salient environmental information with
a lower attentional shifting cost, implying higher infor-
mation acquisition efficiency in that region.

4;

Ji = E (3)
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Comprehensive Attribute of the Road: V;. According to the
theory of SER, road environments should be easy for
drivers to comprehend, thereby minimizing the consump-
tion of cognitive resources. Based on attention resource
theory and the energy-efficient decision-making model,
the cognitive resources consumed by a driver can be
expressed as the product of cognitive activation level and
the subjective importance of information (/4, 37). In this
context, the cognitive activation level §; is assessed using
the LF/FH ratio derived from heart rate variability,
while the subjective importance is reflected by the fixa-
tion time # on key regions of interest (9). To reduce
inter-individual differences in physiological and visual-
response baselines, both the LH/FH ratio and fixation
time were normalized for each participant using that par-
ticipant’s mean value across all scenarios and analysis
units. The comprehension attribute V; of the road is then
constructed as the reciprocal of this product, using
Equation 4.

Vi=&:xt)" (4)

Road Self-Explaining Level: S;. According to the three-level
situational awareness model, drivers process road infor-
mation in a top-down hierarchy consisting of perception,
comprehension, and projection, each occurring with cer-
tain probabilities (/7). In this study, three events are
defined:

a;: successful perception
e  p;: successful comprehension
e ¢;: successful projection

The probabilities of these events are calculated by
Equation 5:

ﬁ*
DIV

Vi
2V

P(a,») = P(b,»|ai) = P(ci|a,»b,») =0.53 (5)

where

f;* = the sum of all scenario values.

Correspondingly, driving cognition is divided into
four states, each associated with a cognitive level
L, =10,040.8,1 (38). The final self-explaining level is
expressed as a mathematical expectation, which compre-
hensively reflects the degree of cognitive completion
across the three SA (Situation Awareness) stages. The
formulation is presented in Equation 6:

Si = Z P(ai$ bia Ci) X Lk = P<al) X O + P(aigi)
P (6)
X 0.4 + P(a;bic;) X 0.8 + Pasbic;) X 1

Statistical Analysis

To provide behavioral validation of the proposed model,
the association between the self-explaining level S; and
two driving performance indicators, namely acceleration
and trajectory deviation, was examined using Spearman’s
rank correlation analysis. This nonparametric method
was adopted because it aims to assess the monotonic rela-
tionships without assuming normality of wvariables.
Correlation analyses were conducted separately for each
scenario. To control the family-wise error rate arising
from multiple comparisons, Bonferroni correction was
applied, and the adjusted significance threshold was set
at p' <0.05/n, where n denotes the total number of statis-
tical comparisons performed in the analysis. All reported
p-values were two-sided.

Experiment

Design of Scenes

This study employs a driving simulation experiment to
validate the proposed model. The experiment design
includes six typical scenarios, as shown in Figure 4. The
simulation scenes were constructed using UC-win/Road
(v8.1.2), based on a spiral tunnel located in western
China. The total central angle was set to 330°, a full cir-
cular horizontal curve with a 155° central angle was
adopted for the spiral tunnel, and a constant longitudi-
nal grade of 2.8% was applied throughout the tunnel
segment (uphill for left-turn scenarios). The simulation
adopted a left-side driving configuration, consistent with
the design assumption for passenger vehicles in the stud-
ied tunnel scenario. No surrounding traffic vehicles were
included in the simulation environment, to isolate the
influence of road environmental features on driver
perception.

More specifically, the road cross-section adopted a
unidirectional two-lane configuration, with each lane
having a width of 3.75m; the road cross-section remains
consistent along the entire tunnel. Facility parameters of
the simulated tunnel are shown in Table 1. All facility
designs were developed in accordance with the Chinese
specifications for tunnel traffic safety facilities. The unit
definition and spacing calculation method for retroreflec-
tive rings followed Du et al. (39).

Platform and Participants

The experiment was conducted using a high-fidelity,
multi-degree-of-freedom driving simulator. The experi-
ment setup and equipment are shown in Figure 5. A total
of 27 participants were recruited, with gender distribu-
tion aligned with the demographics of licensed drivers in
China (40). All participants held valid driver’s licenses
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(d)

Figure 4. Modeled scene of spiral tunnels: (a) Scene I, right-turn, R=970m, (b) Scene 2, left-turn, R=970m, (c) Scene 3, right-turn,
R =500 m, (d) Scene 4, left-turn, R=500m, (e) Scene 5, right-turn, R =250 m, and (f) Scene 6, left-turn, R =250 m.

Note: R = radius.

Table I. Facility Parameters Used for Environmental Layout

Facility Frequency or parameter
Retroreflective rings | visible

Edge markings None
Chevron alignment signs 30 m spacing

200 m spacing
200 m spacing
White
Longitudinal blue bars
White solid lines

Traffic signals
Speed limit signs
Lighting

Sidewall

Lane separations

Note: Within 600 m of the tunnel entrance and exit, longitudinal
deceleration markings were applied based on the real tunnel case in
western China.

and had proficient driving experience. Data collection
was carried out anonymously, and all participants
received appropriate compensation for their involve-
ment. The variables collected during the experiment are
shown in Table 2.

Experiment Procedure

The experiment consisted of two phases: a prelimi-
nary test and the formal testing session, as detailed
below.

1) In the preliminary test, participants were pro-
vided with detailed instructions about the driving
simulator (e.g., how to start and brake). They

7 invensun aSee
Glasses

4

Psychtech wristband

Simugic pedal

Figure 5. Experiment platform and facilities.

were then asked to complete four sets of practice
drives to become familiar with the simulated
environment.

2) Before the formal experiment, the staff assisted
the participants in wearing the eye tracker and
wristband, and communicated with them to
ensure that the devices had a negligible impact on
driving behavior. Participants were also
instructed to maintain a relatively stable head
posture. Although minor head rotations may
occur in natural driving, the experiment proce-
dure aimed to minimize large head movements,
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Table 2. Experiment Measurement Variables

Variable (unit) Frequency Index Description of variable

Semantic size (px) and count NA ag + 1> NG + 1y Captured from images taken from the simulated road.
Significance of semantics NA uj Derived from participants’ semantic rating scores.
Fixation duration (ms) 1,000 Hz t Directly exported from the software.

Saccade amplitude (px) 1,000 Hz E; Directly exported from the software.

LH/FH 1,00 Hz o Computed and exported by the software.
Acceleration (m-s %) 10Hz NA Directly exported from the software.

Trajectory deviation (m) 10Hz NA Directly exported from the software.

Speed (m-s™ ') 10 Hz NA Directly exported from the software.

Note: LH/FH = Low-Frequency/High-Frequency; NA = not available.

@‘/]/Entrance

Figure 6. Cumulative turning angle as reference axis.

ensuring that most gaze shifts were captured by
the eye-tracking system.

3) During the experiment, the participants were only
informed that the speed limit inside the tunnel
was 80 km/h. They were instructed to drive freely
based on their individual driving habits and real-
time responses to the simulated environment.

4) After each scenario, drivers were allowed to
take sufficient rest. Notably, the order of the
scenarios was randomized to eliminate order
effects on the experiment results. Once a partici-
pant had completed all scenarios, the next parti-
cipant was brought in, and the process was
repeated until all participants had completed
the driving simulation.

To maintain the integrity and reliability of the experi-
ment data, staff were instructed to avoid interacting with
participants during the experiment, ensuring a natural
driving state. All devices were started and stopped simul-
taneously to minimize timing errors across data sources.
The staff continuously monitored the data; if any

anomalies were detected, the experiment was immediately
halted.

To standardize data analysis across different scenar-
ios, this study employed a time-series windowing method
based on cumulative turning angle as a reference axis,
avoiding information shifts caused by differences in
travel time or distance. The total turning angle of the
spiral tunnel was divided into equal intervals of 1 degree
(Figure 6), and multi-source data were mapped to this
dimension based on spatial and temporal alignment. The
average value of observations within each window was
calculated to reduce short-term fluctuations while preser-
ving the overall behavioral trend. To minimize the risk
that averaging over windows might obscure local
changes, the angular step size was intentionally kept
small, thereby maintaining sufficient temporal resolu-
tion. In addition, the variance of the parameters within
each window was examined to verify that the averaging
process did not mask the underlying trends.

It should be noted that for different tunnel radii, a
fixed angular interval corresponds to different traveled
distances. However, the use of cumulative turning angle
as the reference axis allows behavioral data to be aligned
with the geometric progression of the spiral tunnel.
Although larger radii result in slightly longer spatial seg-
ments and potentially more observations within a win-
dow, all windows contained sufficient valid observations
to ensure stable estimation of the averaged parameters.

Results
Correlation Analysis

Figure 7 presents the correlations between the self-
explaining level S; and the two objective driving perfor-
mance indicators across the six spiral tunnel scenarios. In
most tunnel scenarios, there was a significant correlation
between the self-explaining level and driving behavior
indicators. Especially in tunnels with larger (radius
[R] =970m) and smaller (R = 250m) curvatures, the
correlation between the two is significantly negative
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Figure 7. Correlation results between §; values and objective
driving performance indicators.

Note: After Bonferroni correction, * indicates p<0.05, ** indicates
p<0.01, and *** indicates p<0.001; p>0.05 denotes no statistically
significant correlation.

(correlation coefficients ranging from —0.234 to —0.326,
with p-values all less than 0.001), indicating that the
higher the self-explaining level, the smoother the driver’s
operation and the smaller the behavioral fluctuations.
Especially in scenarios involving left-turn condition at
R =970m and in the right-turn condition at R = 250 m,
a statistically significant negative correlation is observed.
In contrast, in tunnels with medium curvature
(R = 500m), although the correlation with acceleration is
weak (r = —0.036, p = 0.579), there is still a significant
negative correlation between trajectory deviation and

self-explaining level (r = —0.201, p = 0.00192). Overall,
the results validate the effectiveness and applicability of
the proposed model, demonstrating that the self-
explaining level shows meaningful explanatory relevance
for driving behavior.

Results of Perceptual Attribute of the Road

Visually Significance of Environmental Elements. The visual
saliency calculation results for various environmental
semantics under six working conditions are shown in
Figure 8. For visual guidance facilities (A4;) (Figure 8
(a)), the numerical range is approximately 10.6-38.4,
with the maximum (38.39) for right turn R = 970 m and
the minimum (10.63) for right turn R = 500 m. The sal-
iency values for left turn R =970m and left turn
R =250m are 17.65 and 22.39, respectively. For
medium radius R = 500m, the saliency for left turn
(13.69) is slightly higher than that for right turn. The sal-
iency of traffic signs (4,) (Figure 8 (b)), ranges from
approximately 7.83 to 26.78, with the highest values
(26.78 and 23.34) for right turn R = 970 m and right turn
R = 250m, respectively, while the values for both turns
at R = 500m are lower (7.83 and 9.91). The overall envi-
ronment (A43) (Figure 8 (c)), exhibits greater numerical
differences, with the highest saliency (139.78) for right
turn R =250m, followed by right turn R =970m
(59.96), while the remaining conditions have values
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Figure 9. Calculation results of drivers’ saccade amplitude.

below 30. The road body (A4) (Figure 8 (d)), generally
has the highest saliency values in all scenarios, with right
turn R =970m at 146.31, followed by right turn
R =250m (90.52), and left turn R = 250 m and left turn
R =970m at 83.05 and 66.23, respectively. The values
for both turns at R = 500m are relatively small (38.53
and 50.65). These results suggest that the saliency of
environmental elements is jointly influenced by curve
radius and turn direction. Although the roadway layout
was kept consistent across scenarios, differences in visual
occlusion and viewing angle may lead to substantial dif-
ferences between left- and right-turn conditions.

Saccade Amplitude. As shown in Figure 9, the overall dis-
tribution of drivers’ saccade amplitudes under six spiral
tunnel conditions is approximately between 0 and 3, with
a small number of outliers that can approach 5. Looking
at the overall level for different radius, the average sac-
cade amplitudes given by the red dashed line in the figure
are as follows: the average value is 1.60 for R = 970 m,
which is higher than the average of about 0.72 for
R = 500m and the average of about 0.66 for R = 250 m.
Observing by scenario, the box height is the highest for
the right turn scenario at R = 970 m, with a median of
about 1.5 to 2.0, and the interquartile range and scatter
range are also relatively large; the average value for the
left-turn scenario at R = 970 m is lower, around 0.72. In
the R = 500 m condition, the median values for both the
right-turn and left-turn scenarios are in the range of
about 0.6 to 0.8, and the box height is relatively small.
Under the R = 250m condition, the average value for
the right-turn scenario is around 0.6, while the left-turn
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Figure 10. Calculation results of drivers’ fixation duration.

scenario is slightly higher, around 0.7 to 0.8, with the
overall distribution concentrated below 1.5.

Results of Comprehensive Attribute of the Road

Fixation Duration. As shown in Figure 10, the overall dis-
tribution of drivers’ fixation duration under the six spiral
tunnel conditions is concentrated between 0.5 and 1.5,
with a small number of outliers nearing 2. The average
fixation duration summarized by turning and radius con-
ditions is indicated by the red dashed line in the figure,
with an average value of 1.01. Specifically, the median
fixation duration in the right-turn R = 970 m scenario is
approximately 1.4, significantly higher than that in the
other conditions; the median in the left-turn R = 970 m
scenario is slightly lower, at approximately 1.2. In the
R = 500m scenario, the medians for right and left turns
are 1.0 and 0.9, respectively, with a relatively concen-
trated overall distribution. In the R = 250m scenario,
the median for right turns is close to 1.0, while that for
left turns is slightly below 0.9. The overall fixation dura-
tion is the shortest among all conditions and is relatively
compactly distributed.

LH/FH. As shown in Figure 11, the average LH/FH val-
ues of drivers under six spiral tunnel conditions range
from 1.03 to 3.34. Specifically, for the right turn with a
radius of R = 970 m, the LH/FH is 1.45, while for the left
turn with the same radius, it is 1.06; for the right turn
with a radius of R = 500m, LH/FH is 1.03, and for the
left turn with the same radius, it is 1.32; for the right turn
with a radius of R = 250m, LH/FH is 1.95, and for the
left turn with the same radius, it is 3.34. After
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Figure I 1. Calculation results of driver’s LH/FH (Low-Frequency
/ High-Frequency).

summarizing by curvature, the average LH/FH under
three radius conditions is indicated in red in the figure:
the average value is 1.25 for R=970m, 1.17 for
R =500m, and 2.65 for R =250m. Overall, drivers
exhibit the highest cognitive effort under small-radius
spiral conditions, especially in the left-turn scenario.

Results of Behavioral Indicators

Acceleration and Speed. As shown in Figure 12, the accel-
eration changes under six different turning and radius

conditions exhibit different trends. For the right turn
with R =970m (Figure 12¢) and the left turn with
R =970m (Figure 12d), the acceleration shows a
downward trend as the spiral angle increases. However,
for the right turn with R = 500 m (Figure 12b) and the
left turn with R = 500 m (Figure 12¢), the acceleration
first increases and then decreases, presenting a rela-
tively smooth curve. The acceleration curves for the
right turn with R = 250 m (Figure 12¢) and the left turn
with R =250m (Figure 12f) fluctuate significantly,
especially for the right turn with R = 250 m, where the
acceleration fluctuates strongly in the smaller-angle
sections.

As shown in Figure 13, the speed profiles under differ-
ent turning directions and radii exhibited broadly consis-
tent trends: drivers generally began to accelerate
gradually after entering the tunnel, then decelerated for a
certain distance before the exit, followed by a marked
acceleration. Further focusing on the speed results within
the spiral tunnel section (Figure 14), the speed changes
at the entrance were generally small across all conditions,
indicating that drivers mainly performed mild speed
adjustments during the initial stage of entering the spiral
tunnel. At the exit, however, the speed curves commonly
showed larger fluctuations, suggesting that this region
induced more substantial acceleration and deceleration
behaviors. Combined with the average speed (V)
results, it can be observed that the overall speed level
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Figure 12. Calculation results of drivers’ acceleration: (a) right turn, 970 m, (b) right turn, 500 m, (c) right turn, 250 m, (d) left turn,

970 m, (e) left turn, 500 m, and (f) left turn, 250 m.
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section.

under right-turn conditions was higher than that under
left-turn conditions, indicating that drivers maintained
relatively higher operating speeds in right-turn spiral
tunnels.

Trajectory Deviation. Based on the results in Figure 15, the
trajectory deviation trends of drivers under six different
turning and radius conditions vary. Overall, the trajec-
tory deviations for right turns R = 970 m and left turns

R = 970m are relatively small and exhibit smooth fluc-
tuations, especially within the first 50°. Right turns
R = 500m and left turns R = 500 m show some fluctua-
tions, particularly within the range of 90° to 130° of the
turning angle, where the deviation changes significantly.
Right turns R = 250 m and left turns R = 250 m exhibit
strong fluctuations, with larger deviation values, espe-
cially within the range of 100° to 140°, where the devia-
tion increases significantly. Overall, the trajectory
deviations are smaller and the fluctuations are smoother
in scenarios with larger radii, while the deviations fluctu-
ate more in scenarios with smaller radii. Additionally,
right-turn conditions generally show greater trajectory
deviations, indicating that drivers’ trajectories are more
unstable under small radius conditions.

Self-Explaining Level

The calculation results are presented in Table 3. Spiral
tunnels with different turning directions exhibit signifi-
cant differences in perceptual attributes, comprehension
attributes, and overall self-explaining level. Left-turn
spiral tunnels show generally lower perceptual attributes
(f* = 117.7), with lower comprehension attribute values
(V' =0.791) and a lower self-explaining level (S = 19.0)
than right-turn tunnels.
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Figure 15. Calculation results of drivers’ trajectory deviation.
Table 3. Self-Explaining Levels with Different Turning Directions
fi
Turning direction fi f fz fa f* V/s~! S
Right 19.4 13.8 27.9 75.1 136.3 0.876 20.0
Left 17.9 10.7 224 66.6 117.7 0.791 19.0
Table 4. Self-Explaining Levels with Different Radius
f
Radius (m) fi f fz fa f* V/s! S
R =250 15.8 9.2 20.0 61.7 106.8 0.777 9.9
R =500 12.2 8.9 13.9 44.6 79.5 0.900 21.0
R =970 28.0 18.7 41.6 106.3 194.6 0.824 27.6

The calculation results are presented in Table 4. The
self-explaining level of spiral tunnels increases as the
curve radius increases: when the radius is 250m, S = 9.9;
it rises to 21.0 at 500 m, and further increases to 27.6 at
the maximum radius of 970 m. This trend indicates that
spiral tunnels with higher radii are more effective at trig-
gering drivers’ perception, comprehension, and projec-
tion processes, thereby achieving a higher level of self-
explanation.

As shown in Figure 16, both right-turn and left-turn
spiral tunnels exhibit a dynamic variation in self-
explaining level with respect to turning angle, generally
following a pattern of “initial decline—subsequent rise—
fluctuation—final drop.” Before entering the tunnel, the
self-explaining level decreases, reflecting increased uncer-
tainty in driver expectations caused by the unfamiliar

environment ahead. After entering the tunnel, as drivers
begin to adapt to the scene, the level increases and tends
to stabilize in the middle segment. Near the exit, the self-
explaining level fluctuates again, influenced by changes
in lighting and tunnel structure, before declining at the
end.

Discussion

Drivers’ Visual and Cognitive Characteristics within
Spiral Tunnels

According to the calculation results of the semantic sal-
iency of different environments (Figure 8), this study
found that the saliency value of roadway region (A44) was
generally the highest across all scenes. Specifically, in the
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Figure 16. Variation of self-explaining level with spiral turning angle: right-turn scenario (left) and left-turn scenario (right).

right-turn R = 970m scenario, the saliency reached
146.31, which was significantly higher than under other
conditions. This indicates that the visual saliency of
roadway region plays a key role in improving the self-
explaining level. Moreover, the successful integration of
environmental semantic segmentation into the proposed
framework enables a clearer identification of the contri-
bution of different facility semantics to driver cognition
at the theoretical level, while also providing parameter-
level support for facility optimization in practical tunnel
design. In contrast, in a small-radius scenario (e.g.,
R = 250m), the roadway region is less salient, which
may be because of the occlusion of the driver’s sight at
smaller curve radii, increasing the difficulty of obtaining
visual information. Additionally, the significance of
visual guidance facilities in the right-turn R = 250 m and
left-turn R = 250 m scenarios is lower, likely because of
the smaller visual field and increased visual interference
41).

The substantial left-right difference observed may
be explained by direction-dependent visual exposure.
In the right-turn scenario, some facilities and roadway
elements are likely to enter the driver’s field of view
earlier, making them more readily perceived and thus
yielding higher semantic saliency. By contrast, in the
left-turn scenario, stronger occlusion from the inner

tunnel wall may limit the effective visual range, thereby
weakening the perceptual saliency of the environmental
elements. From a theoretical perspective, the integra-
tion of environmental semantic segmentation provides
data-level support for investigating driver visual per-
ception by enabling the quantification of the saliency
contribution of different environmental semantics.
From a practical perspective, the results suggest that,
in left-turn scenarios, the saliency of environmental
facilities should be enhanced through design measures
such as larger facility dimensions or denser spacing
arrangements.

Visual search is the primary means for drivers to
obtain environmental information (42). Under different
tunnel conditions with varying radii, there are significant
differences in the saccade amplitude of drivers (Figure 9):
the average saccade amplitude in the R = 970 m scenario
is 1.60, which is higher than that in the R = 500 m (0.72)
and R = 250m (0.66) scenarios. In this study, saccade
amplitude was used to characterize visual search span
during the perception stage. A larger saccade amplitude
in the large-radius tunnels may reflect a broader visual
field and more flexible information sampling. As shown
in Figure 10, fixation duration did not exhibit the same
trend as LH/FH across all scenarios. Although it was
generally shorter in the R = 250m condition, the LH/
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FH ratio in Figure 11 was the highest, especially in the
left-turn scenario, indicating increased cognitive effort
during information processing. This suggests that that
small-radius spiral tunnels impose greater overall cogni-
tive demands on drivers, whereas large-radius tunnels
provide a wider visual field and more stable information-
processing conditions, thereby supporting a higher self-
explaining level.

Underwood et al. found that fixation duration is influ-
enced by driving load, implying that higher driving loads
lead to longer extraction and processing times of road
traffic information (43). When the information stimulus
intensity is insufficient, visual load decreases accordingly
(44). This suggests that in tunnels with larger radius,
drivers exhibit larger saccade amplitudes, possibly
because the wider field of view allows drivers to obtain
more environmental information, thereby reducing cog-
nitive tension. Consistent with the findings of Han et al.,
drivers in left-turn tunnels tend to exhibit longer fixation
durations, lower fixation frequency, shorter saccade
times, and larger saccade amplitudes (20, 27). Overall,
left-turn spiral tunnels may lead to cognitive conse-
quences such as overlooking or misinterpreting certain
environmental information, resulting in a lower level of
self-explanation. Therefore, when designing tunnels with
smaller radius, consideration can be given to extending
the drivers’ fixation time and providing more time for
information processing by adjusting the lighting, signs,
and visual guidance equipment within the tunnel to
reduce visual fatigue and cognitive effort. However, it
should be noted that these conclusions only represent a
general trend, and lack precision. To more comprehen-
sively explore the complex relationship between fixation
behavior and cognitive load in spiral tunnels, future
research should employ more advanced experiment
equipment.

Relationship between Self-Explaining Level and
Drivers’ Behaviors

Based on the existing conditional probability model of
situational awareness, this paper integrates the salience
of environmental semantic information at the perception
end and establishes a model with self-explaining levels.
Through Spearman’s rank correlation analysis in this
study, it was found that there is a significant correlation
between self-explaining level and driving behavior indica-
tors (e.g., acceleration and trajectory deviation) in most
tunnel scenarios. Especially in tunnels with larger curva-
ture (R = 970m) and smaller curvature (R = 250m), a
negative correlation was observed between the two (cor-
relation coefficients ranging from —0.234 to —0.326, with
p-values all less than 0.001). This result indicates that the
higher the self-explaining level, the smoother the drivers’
operation and the smaller the fluctuations.

The acceleration of drivers in spiral tunnels varies
with the change in driving angle, following a certain
pattern (Figure 12). Under conditions of medium and
small radius, drivers’ acceleration near the tunnel exit
shows a noticeable upward trend, indicating significant
speed fluctuations and poor stability at the exit. In the
special structure of spiral tunnels, continuous and uni-
form driving may induce drivers to develop a driving
inertia. When approaching the tunnel exit, the strong
“white hole effect” may lead drivers to misjudge the
radius (overestimating the radius size), thereby tending
to alter their previously stable driving state (/0). This
result is consistent with previous field-based research
on spiral tunnels, which reported that the tunnel exit is
a critical zone where abrupt illumination changes and
altered driving expectations significantly disturb speed
control and increase driving risk (45). Therefore,
because of the multiple influences of risk perception
and visual illusion, the correlation between drivers’
acceleration changes and self-explaining levels is
weaker than trajectory deviation. Therefore, we recom-
mend enhancing the environmental design at the exit of
spiral tunnels and installing prominent visual naviga-
tion facilities to improve drivers’ correct perception of
the geometry of spiral tunnels.

The lane-keeping performance of drivers in spiral tunnels
is influenced by the self-explaining performance of lateral
facilities in the tunnel environment, reflecting the accu-
racy of drivers’ perception of lateral position (7). The
deviation of vehicle trajectory is a direct measure of lane
keeping performance (46, 47). Behavioral data analysis
(Figure 13) indicates that right turns and geometric fea-
tures with small radius tend to have larger and more
unstable trajectory deviations. A literature review reveals
that this phenomenon may be related to the side wall
effect of tunnels (42). In this study, the simulation
adopted a left-side driving configuration and drivers
were guided to drive in the right lane, which means they
were closer to the side wall when making right turns,
thus tending to move away from the side wall (the aver-
age trajectory deviation during right turns was 1.15m,
compared with 1.04m during left turns). Furthermore,
behavioral data analysis (Figures 12 and 13) shows that
in tunnels with larger radius, acceleration changes are
smoother and trajectory deviations are smaller, whereas
in tunnels with smaller radius, there are greater fluctua-
tions in acceleration and trajectory deviations. This is
consistent with the calculation results of self-explaining
level, indicating that spiral tunnels with larger radius
have higher scores. Therefore, we recommend enhancing
the lateral clearance on the same side of the lane as the
turning direction for tunnels with smaller radius to alle-
viate the side wall effect on drivers, thereby reducing
visual obstruction from the wall (48). Future studies may
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further collect floating car data data to analyze real-
world vehicle trajectories (49).

Relationship between Self-Explaining Level and
Geometric Features of Spiral Tunnels

The results in Table 2 indicate that left-turn spiral tunnels
face more unfavorable conditions in driving perception
and comprehension, exhibiting a lower level of self-expla-
nation. One possible reason is that, because of visual
obstruction caused by the tunnel wall on the inner side of
the curve, the perceptual attribute of the road body in
left-turn tunnels is the lowest (f; = 66.6), and other types
of environmental information are also more difficult to
perceive than in right-turn conditions. Turning left in the
left lane is commonly regarded as an unfavorable condi-
tion. Another possible reason is that most participants
were right-handed, but this requires further experiment
verification. This type of road environment, which is dif-
ficult for drivers to perceive, may lead to continuous
scanning of the surroundings to extract more useful
information from the environment (resulting in longer
saccade distances and more dispersed fixation points).
The lower comprehension attribute observed under left-
turn conditions indicates that drivers must consume more
attentional resources to interpret road information, as
reflected by the combined pattern of physiological activa-
tion and visual processing demand.

From the perspective of different radius, the overall
perception attribute value is relatively high at a radius of
970m (f* = 194.6), which may be because of the wider
field of view provided by curves with larger radius
(Figure 14 shows that the saliency of road information at
a right turn of 970 m, A4 = 160, is much higher than in
other scenarios). Interestingly, although the perception
attribute of the spiral tunnel with a radius of 250 m
(f* = 106.8) is higher than that of the tunnel with a
radius of 500 m (f* = 79.5), this indicates that road infor-
mation is more easily perceived by drivers. However, the
comprehension attribute is lowest at a radius of 250 m
(V' = 0.777), suggesting that, although drivers can effi-
ciently collect environmental information, they face chal-
lenges in processing it. Small-radius tunnels demand
greater attentional resources, characterized by longer
fixation durations and more cognitively demanding
tasks, which aligns with the conclusions of Han et al.
(20). This may result in slower responses and a higher
likelihood of misinterpretation at the behavioral level.
Supporting this, the behavioral data show that the 250 m
radius tunnel has the larger acceleration (1.10m/s 2
compared with 1.12m/s™? for a radius of 500m and
0.87 m/s "> for a radius of 970 m) and largest lateral posi-
tion deviation (0.97 m, compared with 0.91 m for a radius
of 500m and 0.92m for a radius of 970m). The poorer

performance observed in smaller-radius tunnels may also
be attributed not only to lower environmental self-expla-
nation, but also to the increased steering sensitivity and
reduced sight distance inherently associated with tighter
curves. To mitigate this issue, speed control can be imple-
mented to allow drivers more time for information pro-
cessing (50). Reduced driving speed grants driver
additional cognitive bandwidth for interpreting the envi-
ronment, especially on curvatures (57). Alternatively,
driver training focused on navigating small-radius tun-
nels could help drivers develop mental representations or
schemas of such scenarios, enhancing their cognitive pro-
cessing efficiency when encountering similar environ-
ments in the future.

Taking into account the traveling angle of a spiral
tunnel, the locations of the entrances and exits exhibit
significant fluctuations in driver perception and under-
standing. In particular, left-turn tunnels exhibit smaller
fluctuations in perceptual attributes, indicating relatively
stable visual input. However, the comprehension attri-
bute shows more intense variability, suggesting greater
cognitive adjustment or difficulty in processing environ-
mental changes. These findings highlight the importance
of considering spatial position and turning direction
when designing tunnel environments, especially in transi-
tional zones such as entrances and exits. Enhancing
visual guidance and reducing environmental uncertainty
in these areas could significantly improve the road’s self-
explaining effectiveness and overall driving safety.

Conclusion

This study addresses the issues of high cognitive load and
elevated operational risk in spiral tunnels by developing
a quantitative model of self-explaining level based on the
SER theory. Integrating environmental semantic segmen-
tation and the three-level situational awareness model,
the study proposes perceptual and comprehension attri-
bute indicators, and validates the model through driving
simulation experiments. The results demonstrate that the
model effectively captures how road environments guide
driver cognition. Key findings include:

1) The self-explaining level is significantly correlated
with driving behavior. The study found a statisti-
cally significant negative correlation between self-
explaining level and driving performance indica-
tors, such as acceleration and trajectory devia-
tion, particularly in spiral tunnels with large
(R=970m) and small (R =250m) radii. For
example, in the right-turn R = 970m and right-
turn R = 250 m scenarios, the correlation coeffi-
cients ranged from —0.234 to —0.326 (p < 0.001),
indicating smoother driving behavior as the self-
explaining level increases.
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2) Road region semantics showed the highest sal-
iency across all scenarios, with the maximum value
observed in the right-turn R =970m condition
(146.31). Environmental semantic saliency shows
clear left-right differences, and semantic segmen-
tation enables a parameterized interpretation of
such differences. In particular, under the right-
turn condition, the saliency of visual guidance
facilities, traffic signs, and roadway region was
consistently higher than in the left-turn condition,
indicating substantial direction-dependent percep-
tual asymmetry. By integrating environmental
semantic segmentation, the study further quanti-
fied the saliency contribution of different facility
semantics, providing parameter-level support for
perceptual analysis and facility optimization.

3) Right-turn spiral tunnels exhibit higher self-
explaining levels than left-turn counterparts (20.0
versus 19.0), mainly because of richer spatial
semantics and more effective cognitive process-
ing. In particular, left-turn tunnels were associ-
ated with higher cognitive load, reflected in lower
perceptual efficiency, elevated physiological
demand, and less favorable overall comprehen-
sion performance.

4) Large-radius spiral tunnels correspond to stron-
ger self-explaining capability. The study found
that larger radius (R = 970 m) enhances the self-
explaining level (27.6), as these tunnels provide a
wider visual field for drivers, reducing cognitive
tension and facilitating information processing.
In contrast, small-radius tunnels (R = 250m)
impose higher cognitive demands, as evidenced
by greater fluctuations in acceleration and trajec-
tory deviation, and lower self-explaining levels
(9.9).

5) Entrance and exit areas introduce cognitive fluc-
tuations caused by abrupt changes in lighting and
structure, highlighting the need for targeted opti-
mization in these critical zones. For example, the
self-explaining level decreases near tunnel
entrances because of visual uncertainty, while
fluctuations are observed near the exits, especially
in smaller-radius tunnels, indicating that enhan-
cing visual guidance and reducing environmental
uncertainty in these areas could improve driver
perception and safety.

Although this research establishes a quantifiable cog-
nitive assessment framework, it remains primarily eva-
luative in nature and does not yet provide concrete
environmental design solutions. Future work will expand
the model’s application in engineering practice, develop

cognition-friendly tunnel design strategies, and conduct
validation through simulation and real-vehicle testing. It
should also be noted that the transition from open envir-
onments to enclosed tunnel spaces may involve visual
adaptation effects because of rapid changes in illumina-
tion. Such physiological responses cannot be fully repro-
duced in driving simulators. Therefore, although the
simulator provides a controlled environment for evaluat-
ing driver perception and behavior, the influence of real-
world light adaptation at tunnel entrances may not be
completely captured. Future studies could further vali-
date the findings through field experiments or naturalis-
tic driving data.
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