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Abstract: Complex road environments threaten the safe operation of automated vehicles. Among
these, adverse weather conditions and road geometries have particularly significant impacts. This
study investigates LiDAR-based automated vehicles (LAVs) driving safety on vertical curved roads
in adverse weather. A key methodology involves constructing a failure function that incorporates
both the available sight distance (ASD) and the required stopping sight distance (RSD). This function
is analyzed using a combined approach of neural networks and Monte Carlo simulations to quantita-
tively evaluate and generalize the reliability of LAVs under various conditions. The results reveal
that variations in weather conditions and vertical curve radii significantly impact the ASD of LAVs,
while the influence of speed is relatively minor. Notably, dense fog and rainfall can substantially
reduce LAVs’ ASD on vertical curves. Furthermore, the vehicle automation level and speed have a
significant impact on driving safety, emphasizing the need for road and operational domain design
tailored to LAVs under adverse weather conditions and vertical curve radii.

Keywords: automated vehicles; road safety; sight distance; reliability analysis; road vertical curves;
LiDAR; road geometry design

1. Introduction

The International Society of Automotive Engineers (SAE) has categorized vehicles
into automation levels ranging from Level 0 to Level 5 (L0 to L5), representing a spectrum
from no automation to full automation. Over the past decade, automated vehicle (AV)
technologies have flourished due to their potential to significantly improve safety and
efficiency in road traffic [1–4]. However, complex road environments have become a threat
in the application of AVs [5]. The primary challenges stem from adverse road geometry
and weather conditions. Previous studies [5,6] have demonstrated that roads with small
curvatures and weather conditions with low visibility can affect the perception accuracy
of AVs. Particularly, since existing road geometric designs are mainly oriented toward
human drivers, it becomes crucial to explore the safety of AVs operating in these complex
road environments.

In recent years, many studies have assessed the adaptability of AVs to road geometries.
Existing roads were designed for human drivers, catering to vehicles with no automation
(L0). The safety evaluation of these roads for human-driven vehicles (HVs) primarily relies
on the consistency of operating speeds. Current research utilizes advanced speed data
collection methods to compare design speeds with operating speeds [7,8]. This approach
identifies road sections that may pose higher risks, thereby promoting proactive road safety
management. However, due to differences between AVs and human drivers, this method
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may no longer be applicable nor sufficient for exploring the coupling relationship between
roads and AVs.

Therefore, it is essential to explore the coupling relationship between autonomous
driving and roads. Researchers found that the primary distinction between AVs and HVs
lies in the sight distance and lateral clearance. This difference is primarily attributed to the
variance in perception-reaction time between the two types of vehicles [9,10]. Khoury et al.
investigated the necessary changes in highway geometric design due to the transition to full
AVs, emphasizing the revision of critical elements like stopping sight distance and decision
sight distance [11]. García et al. analyzed the adaptation of semi-automated vehicles
equipped with adaptive cruise control and lane-keeping assist systems to the horizontal
alignment of 178 roads [12]. In addition to this, García also used the natural driving of
AVs to explore the safe operating speed on existing roads [13]. Ye et al. investigated the
impact of AVs on existing road design standards, including the adaptability in vertical
curve design and the safety concerns at freeway entrances. The findings show that the
required stopping sight distance (RSD) and the vertical curve length (LV) need to be
considered for the operational safety of AVs [14]. Additionally, the research highlights
safety issues at freeway entrances, noting that current designs may not provide adequate
acceleration lane length and visibility for AVs. This suggests a pressing need to update
road design standards to ensure AVs can operate safely and efficiently [15]. However,
Wang et al. indicated that higher-level AVs (L4/L5) are capable of adapting to more
challenging road geometries, whereas lower-level AVs, particularly those at Level 3, require
more stringent road geometry standards [16–18]. Notably, these studies have provided
substantial insights into the adaptability and safety of AVs in varied road geometries. Yet,
there has been less focus on the safety of AV operations on specific road geometries under
adverse weather conditions.

LiDAR is adopted as the prevalent perception solution for current AVs due to its
stable performance, and its effectiveness in complex road environments directly influences
the perceptual abilities of AVs. With the rapid development of LiDAR technology, the
application of LiDAR-based AVs (LAVs) under adverse weather conditions has made
significant progress. Byeon et al. utilized a custom-built LiDAR system, modeled in a
virtual vehicle simulation, to examine how regional rain and fog droplet distributions
affect LiDAR, revealing significant variations in signal attenuation and performance [19].
Wojtanowski et al. investigated the impact of environmental factors, such as visibility-
dependent laser attenuation and variations in target reflectivity due to surface conditions,
on the maximum range of laser rangefinders. They focused on devices operating at 905 nm
and 1550 nm wavelengths, assessing their susceptibility to water-related environmental
effects [20]. Natural driving tests were conducted to evaluate the effects of varying rainfall
intensities on LiDAR parameters, such as distance, intensity, and point detection, revealing
that increased rainfall significantly reduces LiDAR intensity and the number of detected
points [21]. Research [22] presents a novel testing methodology for sensors and detection
algorithms under different weather conditions, utilizing a sophisticated rain simulator
with controllable layers to assess and quantify sensor robustness. Additionally, there are
many studies focused on addressing the impact of atmospheric phenomena, such as rain
and fog, on the performance of sensors [23,24]. Although these studies have enhanced our
understanding of how adverse weather impacts LiDAR performance and assessed such
impacts, they neglected the combined influences of adverse weather conditions and road
geometries. Moreover, there is a gap in comprehensive simulation studies to account for
challenging factors like unmanageable rainfall and curve radius, which are typically hard
to control in field tests.

Furthermore, Olstam et al. have shown that road infrastructure and adverse weather
significantly impact AVs [25]. Pappalardo et al. have investigated the operational design
domain (ODD) of AVs’ lane support systems under various weather and road conditions.
They identified crucial road and weather factors affecting the probability of LSS faults,
proposed safe operational thresholds for LSS, and recommended the development of



Electronics 2024, 13, 881 3 of 18

adaptive road design standards to accommodate autonomous driving technologies [26,27].
Hou et al. have evaluated the performance of mixed traffic, including HVs and connected
AVs (CAVs) under adverse conditions. They found that a higher penetration rate of CAVs
can improve both traffic efficiency and safety, particularly in adverse weather, indicating
the potential advantages of integrating CAVs into the existing vehicle fleet [28]. While these
studies evaluate AV safety in complex road environments, they often overlook the AV–road
infrastructure relationship, focusing either on single systems or overall traffic flows.

Research on the safety of AVs in complex road settings has mostly been centered on the
effects of specific weather conditions or road alignments at various AV levels. Nevertheless,
there is a noticeable gap in evaluating how these factors jointly influence AVs’ sight distance.
This study focuses on analyzing how LAV sight distance varies under different conditions,
including challenging weather scenarios like rain and fog, a range of design speeds (Vd),
and diverse vertical curve radii (RV). We plan to use reliability analysis for gauging the
likelihood of sight distance failure in LAVs under adverse weather. The primary aim is
to ascertain the driving safety of LAVs by examining their sight distance in multifaceted
road environments.

The study is organized as follows. Section 2 introduces the simulation design. Section 3
presents the simulation results. Section 4 presents the discussion and analysis of the results.
Section 5 includes a summary, limitations, and future work.

2. Methods

This study evaluates the safety of LAVs on vertical curves in adverse weather, in-
volving three steps: scenario design on a co-simulation platform, validation, and neural
network-based risk assessment, as illustrated in Figure 1.
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2.1. Experimental Design
2.1.1. Simulation Platform and Scenarios

The integration of PreScan (version 2021.1.0) and Matlab-Simulink (version 2018b)
on a co-simulation platform facilitates the creation and execution of various driving sce-
narios [17]. PreScan is responsible for providing detailed models of vehicles, roads with
different geometrical shapes, and sensor simulations, including those for LiDAR systems.
Matlab-Simulink complements this by enabling real-time access to critical simulation data,
such as sensor outputs and vehicle trajectories, directly from PreScan. This combination
allows for a comprehensive analysis of vehicle dynamics and sensor capabilities.

2.1.2. Vehicle Type and LiDAR Parameters

The Audi A8 was chosen as the experimental vehicle and LiDAR was employed as
the AV’s sensor. Table 1 provides the LiDAR technical parameters and Figure 2 illustrates
these parameters.

• The laser wavelength has been set as 905 nm, bolstering its adaptability under adverse
weather conditions. Current time-of-flight laser rangefinders typically use 905 nm
and 1550 nm wavelengths: particularly, the shorter wavelength is less affected by
weather [20], allowing for findings at this wavelength to be applied to other wave-
length scenarios.

• The LiDAR was mounted on the vehicle’s roof to widen its vertical field of view and
include extra vertical beams.

• The LiDAR point cloud threshold (NT) was configured at 10 to strike a balance between
the accuracy of perception algorithms and the scenario modeling efficiency [17].

Table 1. Typical/empirical values of LiDAR technical parameters selected in this study.

Technical Parameters Value

Range 200 m
Frame rate 20 Hz

Horizontal field of view 120◦ (−60◦~+60◦)
Horizontal angular resolution 0.40◦

Number of channels 300
Vertical field of view 30◦ (−15◦~+15◦)

Vertical angular resolution 0.47◦

Height 1.40 m
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2.1.3. Design Speed

Typically, the ODD for AVs is required to exceed 40 km/h [18]. Moreover, when
speeds exceed 100 km/h, traffic crashes are not directly related to the ASD [29]. Con-
sequently, the study considers a speed range from 40 km/h to 100 km/h, increasing in
20 km/h increments.

2.1.4. Road Geometry

The configuration of road geometric parameters includes two parts: the tangent road
and the vertical curve road, as illustrated in Figure 3.
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• Tangent grade

A study [30] indicates that the tangent grade (ig) does not significantly impact ASD.
Taking this into account, an ig of 4% is selected as it represents the upper limit for the design
speed of 100 km/h [31]. Additionally, as shown by Equation (1), there is a proportional
relationship between the radius (RV) and length (LV) of the vertical curve. To simplify the
experimental setup and maintain a single variable control, we keep the grade difference
|ω| constant. Specifically, before the transition point, the gradient is held at 0%. After
the transition point, a fixed gradient of 4% is used for crest vertical curves and −4% for
sag vertical curves. This approach standardizes the experimental conditions, ensuring
simplicity and consistency in the setup.

LV = RV × ω (1)

where ω represents the grade difference, and a |ω| value of 4% is utilized to align with
the chosen ig. LV is the vertical curve length; particularly, the LCV is the crest curve length
and the LSV is the sag curve length. RV is the vertical curve radius, specifically, the RCV is
the crest curve radius and the RSV is the sag curve radius.

• Vertical curve

Parameter Range Selection: To comply with standards specified in the reference [31],
the ranges for LCV (or LSV) and RCV (or RSV) are determined based on the |ω| of 4%.
Furthermore, it is ensured that the minimum values of these ranges are not less than the
prescribed limited minimum values (Llim_Vmin and Rlim_Vmin), and the maximum values
are aligned with the common minimum values (Lcom_Vmin and Rcom_Vmin) specified by [31].
Additionally, the maximum values were set based on the common minimum values cor-
responding to the design speed of 100 km/h to enhance the comparability of the results.
Table 2 lists this study’s vertical curve length and radius ranges.
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Table 2. Vertical curve radius ranges at selected design speed (|ω| = 4%).

Vertical Curve Type 40 km/h 60 km/h 80 km/h 100 km/h

Crest curve
radius

LCV (m) [35, 400] [56, 400] [120, 400] [260, 400]
RCV (m) [875, 10,000] [1400, 10,000] [3000, 10,000] [6500, 10,000]

Sag curve
radius

LSV (m) [35, 210] [50, 210] [80, 210] [120, 210]
RSV (m) [875, 5250] [1250, 5250] [2000, 5250] [3000, 5250]

Interval Settings: The intervals for LV and RV are set at 10 m and 250 m, respectively, facilitating a precise modeling
of vertical curves.

2.1.5. Weather Conditions’ Parameters

Abdo et al. [32] have highlighted how rain and fog impair LiDAR’s ability to detect ob-
jects. Figure 4 depicts the theoretical variation of the laser attenuation coefficient. Typically,
the intensity of rain and fog density are quantified using rainfall and visibility, respectively.
Based on this, the laser attenuation coefficient is found to correlate positively with rain
intensity but inversely with visibility. Notably, visibility impacts laser attenuation more
significantly than rainfall. Further experimental investigations [33] indicate a substantial
drop in LiDAR efficacy at a rainfall rate of 30 mm/h. Consequently, this study uses distinct
levels of rainfall and visibility to evaluate their effects on LiDAR, detailed in Table 3.
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Table 3. Parameters of the weather for simulation experiments.

Weather Type Rainfall Rate (mm/h) Visibility (m)

Clear day - 1 -

Rain
10 mm/h -
20 mm/h -
40 mm/h -

Fog
- 500 m
- 300 m
- 200 m

1 Parameters within “-” do not require configuration.

Additionally, we made the following assumptions:

• Spherical droplets of rain and fog: Spherical droplets have been found to scatter lasers
more effectively than other shapes [19]. Hence, this experiment assumed all rain and
fog droplets are spherical.

• Randomness in laser–droplet interaction: The interaction between the laser beams
and droplets is random, considering their trajectories and paths. As a result, this
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experimental model simplifies this by assuming a uniform distribution and consistent
fall rate and speed for the droplets.

2.1.6. Available Sight Distance

While the LAV remains stationary on the initial position of vertical curves, the target
vehicle (TV) moves away from it at a predetermined speed. The moment the LiDAR’s
collected points (NP) drop below a threshold of NT = 10, the distance the TV has covered
up to that point is recorded as the ASD, as shown in Figure 5.
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2.2. Validation

The experimental platform and scenario validation were grounded on field tests
by Abdo et al. [32]. Figure 6 presents the simulation and field test results of detection
distances for different NT of stationary LiDAR on a tangent road under various weather
conditions. In this comparison, the difference between the two results is not significant.
This discrepancy could be attributed to measurement errors from LiDAR noise during
field tests or differences in the cross-sectional areas of TV. Therefore, this virtual simulation
approach is deemed viable for estimating ASDs in these scenarios.
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2.3. Risk Reliability Evaluation
2.3.1. Sight Distance Reliability Function

When establishing the sight distance reliability function to evaluate the road safety of
AVs, the RSD plays a pivotal role. Previous studies [16] have established RSD calculation
methods for AVs at various automation levels. These methods consider the differences be-
tween human drivers and automated systems, focusing on factors like perception-reaction
time and longitudinal acceleration, as shown in Equations (2) and (3).

When the LAV’s automation level is L1/L2 or L4/L5, RSD is calculated by Equation (2):

RSD = 0.278 × Vd × tPRT +
Vd

2

254
[

Axd
9.81 ± iG

] (2)

When the LAV’s automation level is L3, RSD is calculated by Equation (3):

RSD = 0.278 × Vd × tPRT +

[
Vd −

(( Axdp
9.81

)
± ig

)
× tTOT

]2

254
[

Axd
9.81 ± ig

] − 1
2

(( Axdp

9.81

)
± ig

)
× t2

TOT (3)

where RSD represents the required stopping sight distance, m. Vd denotes the design speed,
km/h. Due to the RSD encounters safety concerns at speeds exceeding 60 km/h [30], the
speed range studied in this paper is further narrowed down to 60–100 km/h. tPRT indicates
the perception-reaction time, s; Axd represents the longitudinal braking deceleration, m/s2;
Axdp is the predetermined longitudinal deceleration by the Level 3 automated system
during the takeover time, m/s2; tTOT represents the time taken for a Level 3 driver to take
over control, s; ig represents the road gradient, where it is positive for uphill and negative
for downhill slopes.

Consequently, a situation where the AV’s RSD surpasses the ASD on the road is termed
a sight distance failure. The correlation between these factors is measured by the sight
distance reliability function (F), formulated through the following equation [30]:

F = ASD − RSD (4)

where F was parameterized using artificial neural networks and Monte Carlo methods.
F < 0 denotes a failure in sight distance, F = 0 signifies that the system is operating at its
critical threshold, and F > 0 denotes reliable and safe sight distance.

2.3.2. Neural Network-Driven Parameter Estimation Methods

Due to the difficulty of determining the exact functional relationship between ASD
and various influencing factors using traditional regression methods, we employ artificial
neural networks (ANNs) to model complex nonlinear relationships [34].

Specifically, we compiled data from 2143 real vehicle tests and advanced driver-
assistance systems (ADAS) databases, including information on design speed, perception-
reaction time, longitudinal deceleration, road gradient, and weather conditions. We then
designed a feedforward neural network with three hidden layers, each equipped with 128,
64, and 32 neurons, respectively, to progressively abstract and learn the high-level features
of the input data. For the activation functions, we chose rectified linear unit (ReLU) for
the hidden layers due to its effectiveness in accelerating neural network training, and the
Sigmoid function for the output layer to ensure the output values ranged between 0 and 1,
suitable for subsequent reliability assessment.

To train these ANNs, we standardized the ASD data and split it into two subsets for
learning inference: 70% was allocated for training and 30% for validation. This division
was guided by the standard practice to ensure both robust learning and effective validation
of the model’s predictive capabilities [35].
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Subsequently, we trained the network using the Adam optimizer with a learning rate
of 0.001, chosen for its efficiency in handling large datasets. The mean squared error (MSE)
was selected as the loss function to quantify the difference between the predicted visibility
reliability and the actual values. To prevent overfitting, we implemented early stopping,
and ceasing training if there was no improvement in the loss on the validation set over 10
consecutive training epochs.

This research assessed visibility reliability under different weather conditions using
the Monte Carlo simulation method. By generating a large number of random samples
representing various road conditions, vehicle speeds, and perception-reaction times, this
method can estimate the probability of sight distance failure under specific conditions.
In each simulation, a random sample was selected, and its corresponding sight distance
reliability was calculated using the trained ANN model, thereby assessing the overall
distribution of sight distance reliability.

The process is concluded as follows:

(a) Initialize the neural network with specified structure and parameters.
(b) Divide the dataset into 70% for training and 30% for validation.
(c) Train the model using the training set until the early stopping criteria are met.
(d) Generate random samples using the Monte Carlo method and calculate the ASD

values using the trained ANN model.
(e) Calculate the visibility reliability F value for each sample according to Equation (4).
(f) Plot the simulation results to show the distribution of sight distance reliability under

different conditions.

3. Results
3.1. Variations of Available Sight Distance
3.1.1. Variations of LAV’s ASD with Different Vertical Curve Radii and Speeds

The variations in ASD under different combinations of speeds and vertical curve radii
are depicted in Figure 7. Figure 7a,b indicate that the ASD of LAV operating on crest and sag
curves increases approximately linearly with the increase in the curve radius. Furthermore,
it is observed that when the ASD reaches approximately 70 m, further enhancing the
curve radius results in ASD fluctuating within a range of about 20 m. However, there is
a difference between crest and sag curves in terms of ASD values. Particularly, the ASD
eventually stabilizes at around 55 m with increasing radius on crest curves. In contrast,
LAVs operating on sag curves experience ASD fluctuations within the range of 60 to 70 m.
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Additionally, the results of LAV operating on crest and sag curves at different speeds
show similar trends in ASD. Therefore, a speed of 80 km/h was selected for further analysis
of ASD variations in adverse weather conditions.

3.1.2. Variation of LAV’s ASD on Vertical Curves under Different Weather Conditions

Figures 8 and 9 show the variations in ASD for LAV operating on vertical curve roads
under rainy and foggy conditions, respectively. As can be seen in Figure 8a,b, the ASD
significantly decreases with increasing rainfall compared to clear day, regardless of whether
they were operating on crest or sag curves. On average, the ASDs are reduced by approxi-
mately 2.5 to 3.0 m. Importantly, as rainfall intensifies further (or visibility correspondingly
decreases), the rate of reduction in ASD shows a trend of gradual deceleration. This indi-
cates that while initial rainfall significantly affects ASD, the additional impact of increased
rainfall gradually weakens. Furthermore, the impact of the same amount of rainfall on
LAVs’ ASD is somewhat diminished as the vertical curve radius increases.
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Notably, the dense fog causes a greater decrease in LAVs’ ASD than rain, both on the
crest and sag curves, as depicted in Figure 9a,b. Specifically, the ASD on different radii
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curves shortens by an average of 30 m as the visibility drops to 200 m. Moreover, the
fog-related ASD reduction compared to clear days lessens with larger vertical curve radii,
reaching an average difference of 25 m.

3.2. Evaluation of Sight Distance Failure Probability

Figures 10 and 11 present the variations in sight distance failure probabilities of
LAVs navigating on vertical curves under different vehicle automation levels, speeds, and
weather conditions. Figure 10 illustrates that the level of vehicle automation significantly
affects the sight distance failure probability of LAVs on crest vertical curves. Specifically,
the L3 LAV exhibits the highest probability of sight distance failure at consistent speeds (as
shown in Figure 10b,e,h), followed by the L1/L2 LAV (Figure 10a,d,g), while the L4/L5
LAV demonstrate the lowest probability (Figure 10c,f,i). Moreover, an increase in speed
correlates with a higher sight distance failure probability for all vehicle automation levels,
and all automation levels exceed 5% at speeds of 80–100 km/h.
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Figure 10. Sight distance failure probability of LAVs driving on crest curve roads at varying radii,
speeds, and weather conditions: (a) L1/L2 LAV drives at 100 km/h; (b) L3 LAV drives at 100 km/h;
(c) L4/L5 LAV drives at 100 km/h; (d) L1/L2 LAV drives at 80 km/h; (e) L3 LAV drives at 80 km/h;
(f) L4/L5 LAV drives at 80 km/h; (g) L1/L2 LAV drives at 60 km/h; (h) L3 LAV drives at 60 km/h;
(i) L4/L5 LAV drives at 60 km/h.
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The relationship between sight distance failure probability and the vertical curve
radius displays a specific trend. In particular, on clear days or days with rainfall under
40 mm/h, LAV sight distance failure probability drops below 5% and then rises above
5% as the crest vertical curve radius increases, reaching a turning point at around 2500 m.
Notably, only the L4/L5 LAV maintains a sight distance failure probability below 5% at
60 km/h in clear day or light rain conditions within a curve radius of around 2500 m.
Furthermore, rainfall intensity and fog visibility levels augment the probability of sight
distance failure across all conditions, with fog having a significantly greater impact than
rainfall. For instance, under the situations depicted in Figure 10i, a visibility of 200 m
markedly increases the risk of sight distance failure by approximately 50% compared to
clear days.

Similarly, as demonstrated in Figure 11, the sight distance failure probability of LAVs
is influenced by automation level, speed, and weather conditions for sag curves, following
a pattern similar to that of crest curves. However, the sight distance failure probability
generally exceeds 5% in sag curves. Even in the situation consisting of a clear day and
60 km/h, the probability decreases by 60% compared to a visibility of 200 m but still
surpasses the 95% safety reliability threshold, as shown in Figure 11i.
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speeds, and weather conditions: (a) L1/L2 LAV drives at 100 km/h; (b) L3 LAV drives at 100 km/h;
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4. Discussion

This study focused on the variations in ASD for LiDAR-based AV under different
operating conditions, assessing the safety of LAVs on existing vertical curve roads. These
conditions include various speeds, vertical curve radii, and different weather scenarios.
The results aim to deepen the understanding of the dynamic interplay between operational
parameters of AVs and road safety, guiding road design oriented to AVs.

Specifically, while navigating on both crest and sag curves, the LAV’s ASD initially
increases linearly as the curve radius expands, but this trend is followed by fluctuations
and eventual stabilization. This phenomenon is attributed to the fact that smaller vertical
curve radii correspond to shorter curve lengths, causing the LAV’s ASD to increase as
the curve radius expands. However, when the curve radius enlarges beyond LiDAR’s
perceptual range, trends in ASD gradually align with that on horizontal tangent roads,
consistent with Wang’s findings [18]. Furthermore, the cruising angle of the LAV on vertical
curves varies due to changes in the relative position between the LAV and TV, which is the
primary cause of fluctuations in ASD. Significantly, there is a variance in stable ASD values
between crest and sag curves, which deviates from the findings in [30]. More precisely,
the ASD fluctuates around 55 m on crest curves, in contrast to 60 to 70 m observed on sag
curves. This variation results from the laser beams’ interaction with the environment, as
shown in Figure 5. Actually, most laser beams emitted by LAVs are absorbed by the air
on crest curves, while they predominantly illuminate the road on sag curves, leading to a
greater ASD. Intriguingly, speed does not significantly impact the ASD of LAVs operating
on vertical curves, this is consistent with the findings of [30]. This is because this study
fixed the gradient at 4%, which led to minor changes in both the gradient and the cruising
angle in the vertical profile. Consequently, there are no significant changes in the cruising
angle even at higher speeds, suggesting that speed does not notably influence ASD.

Adverse weather conditions also significantly affect the LAV’s ASD. Compared to
clear days, ASD significantly decreases with increasing rainfall or reduced visibility in
foggy conditions. It is noteworthy that dense fog has a greater impact on ASD than rain,
aligning with the research [19,24]. This is attributed to the interaction of raindrops and fog
particles with laser beams. Raindrops primarily scatter the beams, whereas fog particles,
being much smaller, cause more frequent absorption and scattering. This difference results
in a reduced number of laser pulses returning to the sensor.

Furthermore, the vehicle’s automation level and speed are the dominant factors
influencing safe operation, consistent with previous studies [12,14,30]. Although there is
a low correlation between the LAV’s ASD and speed, the implication of higher speeds
leading to longer RSD increases the failure probability. Similarly, the RSD becomes greater
when the perception-reaction times related to automation levels increase, thereby elevating
the risk associated with vehicle operation.

The probability of sight distance failure initially increases and then decreases as the
vertical curve radius enlarges, with a critical point at approximately 2500 m. This is mainly
because a radius less than 2500 m leads to the ASD exceeding the curve length, reducing
sight distance failure risk. Conversely, the curve becomes more tangent-like when the
radius exceeds 2500 m, which shortens the path in the AV’s LiDAR field, leading to reduced
ASD and increased risk.

High-level automated LAVs can meet safety and reliability standards only when
operating on crest curves under conditions of clear visibility and low speed. This is mainly
because adverse weather conditions weaken the ASD, and high speeds and sag curves
demand a greater RSD. As a result, it is essential to redesign the operational domain of LAVs
for existing roads, encompassing measures such as decreasing their speed and refraining
from utilizing them in adverse weather conditions to ensure safe driving.

5. Conclusions

This study presents an analysis of the impact of ASD when LAVs of different automa-
tion levels navigate through existing vertical curves under various weather conditions. Our
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findings elucidate the dynamic relationship between vehicle speed, vertical curve radii,
weather conditions, and the vehicle automation level, highlighting their collective influence
on road safety for LAVs.

1. Influence of Curve Radius and Speed on ASD: We observed that ASD increases
linearly with the curve radius expansion for both crest and sag curves up to a certain
point, beyond which it stabilizes or fluctuates within a small range. This phenomenon
underscores the importance of optimizing vertical curve radii in road design to
enhance the operational efficiency of LAVs without compromising safety. The impact
of speed on ASD was found to be less significant, suggesting that road geometry
plays a more crucial role in determining sight distance than vehicle speed within the
tested range.

2. Adverse Weather Conditions: The study confirms that adverse weather conditions
substantially reduce ASD. Fog presents a more severe reduction in ASD than rain, ne-
cessitating the consideration of weather adaptability in both vehicle automation level
control and road infrastructure planning. This finding calls for adaptive speed limits
and enhanced weather prediction integration within autonomous vehicle systems to
mitigate visibility-related risks.

3. Sight Distance Failure Probability: Our analysis reveals a nuanced relationship be-
tween sight distance failure probability and various factors, including automation
level, speed, and curve radius. High-level automation (L4/L5) vehicles demonstrate a
lower probability of sight distance failure under optimal conditions (clear days and
lower speeds), which deteriorates with adverse weather. This highlights the critical
need for incorporating robust perception systems in LAVs that can adapt to changing
environmental conditions and maintain safety.

4. Policy and Design Implications: The findings advocate for a reevaluation of current
road design standards to facilitate AVs. Additionally, ensuring safety on existing roads
may require adjustments in speed limits based on weather conditions and vertical
curve characteristics.

5. Limitations and Future Work: This study evaluated the safety of LAVs driving on
vertical curves from the perspective of sight distance safety. Although this evaluation
provides a perspective for understanding the safe operation of LAVs, we plan to
broaden our research scope in future work. Specifically, we will assess the dynamic
performance of AVs to comprehensively examine their safety and comfort during
operation. Moreover, considering that snowy conditions have a greater impact on
road friction performance than on visibility, we will also include the effects of snowy
conditions in our analysis of dynamic performance.
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