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Abstract

This study addresses the limitations of conventional highway visibility monitoring under
rain–fog conditions, where fixed stations and visibility sensors provide limited spatial
coverage and unstable accuracy. Considering that drivers’ visual fields are jointly affected
by global fog and local spray-induced mist, a dynamic visibility recognition and risk assess-
ment framework is proposed using roadside monocular CCTV (Closed-Circuit Television)
imagery. The method integrates the Koschmieder scattering model with the dark channel
prior to estimate atmospheric transmittance and derives visibility through lane-line calibra-
tion. A Monte Carlo-based coupling model simulates local visibility degradation caused by
tire spray, while a safety potential field defines the low-visibility risk field force (LVRFF)
combining dynamic visibility, relative speed, and collision distance. Results show that
this approach achieves over 86% accuracy under heavy rain, effectively captures real-time
visibility variations, and that LVRFF exhibits strong sensitivity to visibility degradation,
outperforming traditional safety indicators in identifying high-risk zones. By enabling
scalable, infrastructure-based visibility monitoring without additional sensing devices,
the proposed framework reduces deployment cost and energy consumption while en-
hancing the long-term operational resilience of highway systems under adverse weather.
From a sustainability perspective, the method supports safer, more reliable, and resource-
efficient traffic management, contributing to the development of intelligent and sustainable
transportation infrastructure.

Keywords: visibility; water spray; fog; CCTV; expressway; driving risk; sustainable
transportation; intelligent highway

1. Introduction
The frequency and intensity of extreme weather and climate events in China have

been increasing, with the climate risk index showing a rising trend. Among these, the
impacts of rainy and foggy weather on driving safety have become increasingly severe [1].
Among these, visibility, as the most direct visual perception parameter, has a decisive
impact on driver decision-making behavior [2]. In the central and eastern regions of
China—particularly along the Yangtze River and in the hilly areas of Jiangnan—unique
climatic and geographical conditions have led to the formation of prominent fog-prone
zones [3]. In some areas, annual rainfall commonly exceeds 1200 mm, and composite
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meteorological phenomena such as overlapping rainfall and fog frequently occur in autumn
and winter, further exacerbating visibility deterioration.

Existing studies have shown that rainfall affects driving safety through two primary
mechanisms: on the one hand, it reduces road surface friction, thereby compromising
braking performance [4,5]; on the other hand, tire–pavement interactions under wet condi-
tions generate water spray, which acts as an aerosol and instantly diminishes the visibility
of following vehicles [6]. Although the frictional effect of rainfall has been extensively
investigated, the impact of water spray has often been overlooked in highway safety re-
search. In reality, fog and water spray exhibit significant optical and dynamic coupling
characteristics. Fog consists mainly of fine droplets (1–10 µm) that cause Mie scattering of
visible light, leading to reduced transmittance and blurred perception of distant objects,
whereas spray droplets (20–200 µm) create stronger localized occlusion effects. When
vehicles travel at high speeds, tire-induced spray becomes entrained and dispersed within
the wake flow, interacting with ambient fog droplets to produce multiple and composite
scattering events. This interaction substantially intensifies local light attenuation, forming
a non-uniform visibility field characterized by steep spatial gradients and rapid temporal
fluctuations. Particularly under conditions of heavy rainfall or low wind speed, prolonged
spray residence time amplifies its coupling with background fog, resulting in transient
but severe degradation of local visibility. Therefore, achieving real-time, spatially resolved
visibility monitoring to support driver warning and roadway management has become a
crucial challenge for ensuring expressway safety in fog-prone regions.

It can thus be concluded that the reduction in driver visibility can be classified into
two conditions: one is global visibility degradation caused by natural fog when no lead-
ing vehicle is present; the other is localized visibility reduction induced by water spray
generated from a preceding vehicle on a wet pavement. The driving risk arising from the
coupling of global and local visibility is clearly subject to rapid real-time variations with
changes in water film thickness, vehicle speed, following distance, and fog density.

Significant progress has been made in recent years in machine vision-based detection
methods for addressing global visibility degradation caused by fine aerosol droplets sus-
pended in the air. With the rapid expansion of highway surveillance systems, vision-based
monitoring has gradually replaced traditional physical visibility sensors. For instance,
Zhang et al. proposed a real-time visibility detection framework using densely distributed
roadside cameras [7], demonstrating the feasibility of large-scale visual meteorological
monitoring. Deep learning methods have further advanced this field. Xiao et al. developed
a deep neural network architecture that fuses spectral and depth features extracted from
highway surveillance imagery, achieving higher precision and recall than conventional
visibility meters [8]. Li et al. introduced an attention-based BiLSTM-CNN network for
visibility prediction, where the attention mechanism effectively captured spatiotemporal
variations in visual degradation [9]. Despite their promising performance, neural network
models still face practical limitations regarding computational efficiency and hardware cost
for deployment in engineering environments.

Consequently, traditional computer vision methods remain of considerable value for
low-cost, scalable visibility monitoring. Sun et al. proposed a vision-geometry-driven
visibility prediction framework that leverages lane-related features to enhance estimation
accuracy [10]. He et al. applied the dark channel prior algorithm for image defogging
from lane-line coordinates, thereby eliminating the need for camera calibration [11]. Guo
et al. further introduced a differential regression network that adapts to visual similar-
ity variations across different weather and seasonal conditions, significantly improving
prediction robustness [2]. Overall, surveillance imagery now provides richer and more
reliable input data, while traditional vision-based techniques continue to offer advantages
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in terms of simplicity, cost-effectiveness, and real-time feasibility—forming a comple-
mentary path alongside deep learning approaches toward practical, engineering-grade
visibility estimation.

The reduction in rearward visibility caused by water spray generated from tire–water
film interaction can be regarded as a form of localized visibility degradation. This complex
process is currently investigated primarily through modeling and experimental studies.
There has also been research into the spray and splash generated by tires on wet roads. On
the simulation front, Flintsch et al. used SPH (Smoothed Particle Hydrodynamics) methods
to study spray characteristics from airplane tires on flooded runways, identifying four
spray types and their formation mechanisms [6]. Qu simulated the effects of tire speed and
water film thickness on spray using SPH (Smoothed Particle Hydrodynamics), providing
insight for engine water ingestion risk assessment [12]. Wang et al. applied a Monte Carlo
model to simulate photon scattering in water mist aerosols and proposed a visibility model
using water film thickness and vehicle speed as variables [13]. On the experimental side,
the Society of Automotive Engineers (SAE) has issued official guidelines for evaluating
spray clouds via optical extinction and contrast [14]. Do, M.T. et al. established a nonlinear
relationship between tire spray and pavement texture depth through experiments [15].
Whether on aircraft runways or wet highways, tire-induced spray affects visibility to
varying degrees depending on water film thickness, vehicle speed, vehicle type, and
pavement structure. Developing a real-time, dynamic visibility model remains a major
challenge for digital road infrastructure under adverse weather conditions.

In summary, the main monitoring difficulty faced by highway systems lies in the
significant spatial variability of meteorological parameters due to the spatial extensiveness
of linear infrastructure (often spanning tens to hundreds of kilometers). The dynamically
coupled visibility field varies greatly (affected by vehicle speed and water film thickness
during spray formation). Existing fixed-point meteorological sensors (e.g., visibility meters)
are constrained by their location and sampling frequency, making it difficult to capture
visibility changes around moving vehicles. This study thus focuses on two key scientific
questions: (1) how to develop a dynamic image-based visibility recognition method capable
of identifying atmospheric visibility and water spray phenomena; (2) how to build a
visibility calculation model that couples mechanical spray and natural fog. Solving these
problems holds great practical significance for the development of intelligent real-time
warning systems and the optimization of road segment management strategies.

Here we couple monocular surveillance imagery with a Monte Carlo-based multiple-
scattering model to retrieve pixel-level visibility. Specifically:

(i) The Materials and Methods establishes a visibility estimation model based on the dark
channel prior theory, integrating lane line geometric calibration to compute image
transmittance for global visibility estimation. Through optical experiments on tire
splash aerosol and Monte Carlo scattering simulations, a dynamic coupling model for
local visibility loss is developed. Building on localized visibility impairment, a safety
potential field model is introduced that incorporates dynamic visibility, inter-vehicle
distance, and relative speed to construct a real-time quantifiable driving risk indicator
LVRFF (low-visibility risk field force).

(ii) In the Results, we summarize the preprocessing of vehicle trajectory tracking from
surveillance data and road pixel coordinate transformation, with detailed explanation
of the dynamic visibility model construction.

(iii) The discussion section presents comparative analysis between visibility calcula-
tions using the dark channel prior algorithm versus meteorological station data
and laser sensor measurements, demonstrating the method’s accuracy and robust-
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ness. Further comparisons highlight the advantages of the LVRFF over traditional
conflict indicators.

2. Materials and Methods
The overall technical route of this study is shown in Figure 1.

Figure 1. Dynamic Visibility Detection and Vehicle Risk Quantification on Highways.

2.1. Vehicle Trajectory Information Extraction and Coordinate Conversion

Relying on the roadside CCTV video data collected by CY Expressway in Sichuan
Province, China, the camera is located at stake k176+372, from 7:00 to 10:18 on
4 November 2022, with a duration of about 3 h. The weather is light rain to clear, there is
fog interfering with visibility in the road section, and there is a certain thickness of water
film on the ground, which gradually dries over time. During the data collection period, the
total number of vehicles passing through the road section: 537, small vehicles: 395, large
vehicles: 142. The focal length of the camera is 6.2 mm, the height above the ground is
6.5 m, and the layout position is in the center of the separation belt.

In order to realize the vehicle detection and recognition, the research selects the Yolo
V5 deep learning algorithm model, which uses a single neural network to predict the
rectangular boundary and category probability of each object in a single forward transfer,
and has the advantages of fast detection speed and convenient deployment. At the same
time, in order to realize the continuous tracking of vehicle trajectory, the research selects the
stone sort algorithm to realize the continuous tracking of vehicle trajectory. The algorithm
predicts the continuous position of the detection target based on the Siamese network and
Kalman filter. This tracking algorithm is also more suitable for developing road monitoring
data with lower deployment cost and complexity.

To accurately extract vehicle motion information and calculate the extinction coefficient
using the dark channel prior algorithm, this study adopts a monocular vision-based camera
calibration method. The internal and external parameters of the camera—including rotation
angle, pitch angle, focal length, and installation height—are computed, and a coordinate
transformation is achieved by establishing a mapping between the image coordinate
system and the world coordinate system [16]. The “VWL” method is employed for camera
calibration [17], which determines the camera parameters based on fixed road marking
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lengths and spacing. Once the camera parameters are obtained, a conversion between the
three-dimensional physical coordinate system and the image pixel coordinates is performed
according to Equation (1). The camera focal length is 8.35 mm, the camera rotation angle
is −0.0649 rad, the camera pitch angle is 0.2418 rad, and the camera height is 6.50 m. The
process of coordinate transformation and camera calibration is illustrated in Figure 2.

αu
αv
α

 =

 f cos θ − f sin θ 0 0
− f sin ϕ sin θ − f sin ϕ cos θ − f cos ϕ f h cos ϕ

cos ϕ sin θ cos ϕ cos θ − sin ϕ h sin ϕ




x
y
z
1

 (1)

where f : camera focal length; θ: camera rotation angle; ϕ: camera pitch angle; h: camera
height (all classified as external camera parameters); α: scale factor; (u, v) : coordinates
of a point in the image coordinate system; and (x, y, z) : corresponding coordinates in the
real-world 3D coordinate system.

As shown in Figure 2, a vanishing point is determined based on the road markings, as
illustrated in Figure 2b. A set of parallel road markings is selected as the width calibration
reference, and a road marking with a known length is chosen as the length calibration
reference, as shown in Figure 2a. Considering the accuracy requirements for monitoring
vehicle motion information, an effective monitoring area is selected based on the real-world
distance corresponding to each pixel. The coordinate projection of this area is shown in
Figure 2c. The effective monitoring area has a width of 11.34 m and a length of 69 m.

2.2. Image-Based Visibility Estimation Using the Dark Channel Prior Algorithm

This study directly computes visibility by estimating atmospheric transmittance from
surveillance images, and this machine vision-based approach is enabled by the dark channel
prior theory. Atmospheric transmittance describes the proportion of light that reaches
the camera after passing through fog and suspended droplets, and its decay is governed
by the extinction coefficient, which quantifies the attenuation of light per unit distance.
Higher extinction coefficients correspond to stronger scattering, reduced visual contrast,
and shorter visibility distances. The dark channel prior provides an effective means to infer
transmittance from a single image by exploiting the observation that, under normal outdoor
conditions, at least one color channel in non-sky regions contains very low pixel intensities.
In foggy weather, these normally dark pixels become brighter due to airlight, and the
degree of deviation from their expected minima allows transmittance—and subsequently
the extinction coefficient—to be estimated. By integrating the dark channel prior with the
physical atmospheric scattering model, the method establishes a mapping from pixel-level
optical characteristics to real-world meteorological visibility, enabling robust visibility
estimation without relying on specialized instruments.

Under low-visibility weather conditions such as fog and haze, visibility estimation
based on scattering theory requires the calculation of atmospheric transmittance and
extinction coefficient. To address this challenge, this study integrates a physical model
of atmospheric scattering with the dark channel prior theory and proposes a method for
estimating visibility using a single image frame. First, based on Koschmieder’s law [18], an
atmospheric scattering model is established to reveal the quantitative relationship between
the brightness attenuation of a target object, transmittance, and extinction coefficient.
Then, leveraging the dark channel prior theory [11]—originally developed for image
defogging—a transmittance estimation model is constructed by analyzing the minimum
channel characteristics of non-sky region pixels. Considering the refractive effects of
aerosol particles in the actual atmosphere, an empirical correction factor is introduced
to adjust the estimated transmittance. Finally, by establishing a conversion relationship

https://doi.org/10.3390/su18020625

https://doi.org/10.3390/su18020625


Sustainability 2026, 18, 625 6 of 27

between transmittance and the extinction coefficient, the model enables the mapping
from image features to meteorological visibility parameters. This method reduces the
reliance on specialized instruments in traditional visibility observation and provides a
robust theoretical framework for vision-based visibility monitoring. As light propagates
through foggy conditions, it interacts with suspended particles in the atmosphere, resulting
in scattering effects including attenuation and airlight. Based on the phenomenon of light
scattering, the image of a target object I(x) captured by CCTV equipment can be expressed
by Equation (2).

I(x) = J(x) e−β(x)d + A
(

1− e−β(x)d
)

(2)

 
(a) Road marking reference 

 
(b) Extension line intersection detection 

 
(c) Road grid projection 

Figure 2. Camera calibration and coordinate system projection.
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Here x: the wavelength of light, J(x): the intrinsic brightness of the object, A: the
global atmospheric light value, β: the extinction coefficient, and d: the optical distance
between the monitoring device and the observed object.

Based on Koschmieder’s law and the attenuation principle of atmospheric light propa-
gation, image contrast decreases exponentially with increasing distance. The contrast C
can be expressed by Equation (3).

C = C0 e−βd (3)

Here C: the brightness contrast value received by the sensing device at an opti-
cal distance d; and C0: the relative brightness difference between the object and its
surrounding environment.

According to research definitions, visibility refers to the maximum horizontal distance
at which a person with normal vision can clearly see and identify the outline of an object
against the sky background under specific weather conditions [19], or recognize a luminous
point at night. As defined by authoritative meteorological organizations [20], when the
contrast between the target and its background drops to a certain threshold value, the max-
imum distance at which the human eye can observe the target is termed the meteorological
visibility distance. Therefore, the visibility V can be expressed by Equation (4):

V =
−ln(0.05)

β
(4)

According to Equation (3), if the target formula calculates visibility according to the
monitoring image, the extinction coefficient can be observed as an alternative index.

He et al. proposed that in most non-sky regions of an outdoor image, some pixels
always have the smallest pixel value in the R, G, B three color channel (at least one color
channel), and the minimum value of light intensity in this area is very small (tending
to 0) [11]. According to its definition, the expression of dark channel image is Equation (5):

Jdark(x) = min
y∈σ(x)

(
min

c
Jc(y)

)
(5)

where Jdark(x): the dark channel image of the image; Jc(y): a color channel of J; c: the index
value of RGB three primary color channel; min

y∈σ(x)
: the minimum value in the neighborhood

of pixel X; min
c

: a pixel of a color channel in the image is minimized. And based on the dark

channel prior theory, the study found that the dark channel value of other regions except
the sky region always tended to 0.

According to the light scattering theoretical model mentioned above, it is combined
with the dark channel prior theory. When solving the atmospheric transmittance value, it
is necessary to first calculate the global atmospheric light value A, conduct dark channel
treatment for Equation (1), and take the minimum value in the local windows on both sides
and R, G, B channels. IC represents the input hazy image, which is first normalized by
the global atmospheric light value A, and then processed using the definition of the dark
channel to obtain its dark channel map. The atmospheric transmittance can be obtained as
follows Equation (6):

t(x) = − min
y∈σ(x)

(
min

c
IC(y)/A

)
+ 1 (6)

Since the atmosphere itself contains fine dust, water vapor and other components,
which will have refractive effects on the image reading of the sensor and human eyes, the
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atmospheric transmittance is reduced as Equation (7), α is the haze-preserving coefficient,
typically set to 0.95 [21]:

t(x) = − αmin
y∈σ(x)

(
min

c
IC(y)/A

)
+ 1 (7)

2.3. Visibility Estimation Model for Tire-Splash-Induced Spray

In rainy days, due to the effect of load in the process of rolling water film on vehicle
tires, the process of forming water mist belongs to compression atomization. This form of
atomization is to use compressed air to form high-speed air flow through the small nozzle,
and the negative pressure generated will drive the water film to spray on the barrier (tire)
together, splashing around under the high-speed impact, so that the droplets become misty
particles and eject from the air outlet pipe (the gap between tire and road surface). The
water mist generated by the automobile tire passing through the road with water film will
absorb and scatter photons, thus affecting the visibility. On the highway, the higher speed
also causes the water mist with larger influence range and longer dissipation time. This
phenomenon, which is jointly affected by the vehicle and the water film, will actually cause
dynamic loss to the driver’s visual field, while the traditional roadside visibility meter
cannot provide effective early warning and control data support.

The Federal Highway Administration (FHWA) of the United States initially conducted
a real vehicle study of tire sputtered water mist in a closed laboratory [6]: assuming that the
vehicle sputtered water mist in a fixed space, the vehicle selected a common car model, the
study space size was 4.0 m × 2.5 m × 1.6 m, the volume was 16 m3, and the corresponding
size range of the surrounding area of the vehicle was 4.4 m × 2.6 m × 1.7 m. the water
volume calculation formula of the sidewave (tire side) and the tire wave (directly behind
the tire) was as following Equation (8):

MT = vb(1− k) hg γw

MS = 0.9γw vb
(

h− kh f − ( 1− k) hg

) (8)

where v: vehicle speed, m/s; b: tire width, m; h: water film thickness, m; γw: water density,
kg/m3; MT and MS are the water volume of side wave and tire wave, respectively, kg/s;
k: the ratio of the width of the non-groove of the tire tread, taken as 0.75; H f : thickness of
water film brought up by each rotation of tire; and Hg: water film thickness on the tread.

In terms of water-film thickness acquisition, this study adopted an empirical regression
model based on experimental results for calculation [22]. The key parameters influencing
water-film thickness in this model include the average pavement texture depth, rainfall
intensity, and road gradient. It should be noted that texture depth is typically measured
using precise techniques such as ground-penetrating radar or the sand-patch method.
However, since the present research focuses on evaluating the impact of rain–fog coupling
on visibility and driving risk based on a monocular camera, the drainage characteristics of
pavement materials were not included in the study scope. Therefore, referring to the typical
properties of AC-type asphalt pavement, the texture depth was simplified and assumed to
be 1.2 mm [23]. On this basis, the water-film thickness model was further simplified to be
dependent only on rainfall intensity and road gradient, and its computation is expressed as
Equation (9):

WT = 0.005979×MTD0.11 × RAIN0.59 × CSLP−0.42−MTD (9)

where WT: water-film thickness, mm; MTD: average structural depth of road surface, mm;
RAIN: rainfall intensity, mm/h; and CSLP: slope of road surface.
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Optically, the strict definition of visibility is the path length through which the lumi-
nous flux of the parallel beam emitted by the incandescent lamp is weakened to 5% of
the initial value in the atmosphere. Therefore, it is only necessary to carry out the whole
process numerical simulation of the path of photons to reduce the number of photons to the
path length that can be reached by only 5% of the initial value. For the random behavior
of photons in this process, the Monte Carlo method is used to simulate the model study.
Each photon will have four possibilities in the scattering process, namely escape, collision,
scattering and absorption. This possibility is random and can be defined as the probability
density function. At the same time, the collision between photons will change its original
trajectory, that is, the numerical simulation of multiple scattering. The simulation model
is shown in Figure 3, and the pseudo code of photon motion simulation based on Monte
Carlo is shown in Algorithm 1.

Figure 3. Simulation of photon propagation.

In this study, the spray cloud is represented as an equivalent monodisperse system,
characterized by the Sauter Mean Diameter (SMD) [13]. The scattering characteristic
parameters of water-mist particles can be defined using Mie theory [24], including the
extinction coefficient KC, absorption coefficient Ka, scattering coefficient Ks, the scattering
phase function P(θ), and the amplitude functions S1 and S2 of the scattered light. In this
study, the Monte Carlo simulation of water-mist particle motion is conducted based on the
scattering parameters obtained under different vehicle speeds and water-film conditions.
The detailed data structure can be found in [13].

As shown in Equation (10), d is the photon transport step [25], which represents the
distance a photon travels between two consecutive scattering events.

d = − lnr1

πr2N0KS
(10)

where r1: a random variable within the interval [0, 1]; r: the radius of a water-fog particle;
N0: the number of water-fog particles per unit volume; φ: the azimuth angle, given by
φ = 2πr3; r3: a random variable uniformly distributed in [0, 1]; θ: the scattering angle,

which can be obtained inversely from r4 =
∫ θ

0 P(θ)dθ∫ π
0 P(θ)dθ

; and r4: a random variable within [0, 1].
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Algorithm 1 Simulation algorithm of the fate of a photon

Monte Carlo Photon Simulation Procedure

N← total number of photons
L← distance from source to detection plane (z = 0)
K_a← scattering coefficient
K_s← the scattering phase function
K_c← extinction coefficient (K_a = Kc + K_s)
count← 0 // Counter for photons reaching detection plane

for i in range(N):
z← L
while z > 0:
r1← random number in [0, 1]
if r1 ≤ K_a/K_c:
// Photon is absorbed
break
else:
// Photon is scattered
ξ← random number in [0, 1]
d←−ln(ξ)/K_c // Step length sampled from exponential distribution
if d > z:
// Photon escapes before reaching detection plane
break
else:
z← z–d
θ, φ← sample from phase function P(θ)
// Update photon direction, assuming following Mie theory
// For simplicity, assume motion remains along -z for now

if z ≤ 0:
count← count + 1
R← count/N
V← the minimum L where R ≥ 0.05

return V

2.4. Dynamic Visibility Coupling and Risk Model

Although from an optical point of view, visibility is usually defined as the path length
corresponding to the attenuation of the luminous flux of the parallel beam emitted by the
incandescent light source to 5% of the initial value in the process of propagation in the
atmosphere [26], in engineering applications (such as highway traffic and airport opera-
tion), visibility more often refers to the maximum horizontal distance that normal vision
individuals can recognize and distinguish target objects of specific size in the daytime [27].
In this study, the concept of dynamic visibility is introduced to reasonably describe the
driving visibility affected by the superposition of regional fog and water fog in front of
the vehicle. When the rear vehicle follows closely in the water mist area aroused by the
vehicle in front, its visual distance will be significantly reduced due to the local water mist
blocking effect; At the same time, if there is a generalized haze background (i.e., global
fog) in the external environment, the local visibility will be further limited. Therefore, the
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dynamic visibility can be regarded as the forward visual range that the driver can actually
perceive under the joint action of multi-source visual range obstacles, which has significant
spatio-temporal variation characteristics and is significantly affected by the distance from
the vehicle in front.

According to the optical experiment of water mist splashed by the truck, the extinction
level recovers to a negligible value between 1 and 2 s after the end of the truck crosses the
detection line [28]. To incorporate this temporal decay into the model, we convert it into
a spatial attenuation term. Assuming the leading vehicle travels at a constant speed v0,
the corresponding decay distance of the water-mist tail can be expressed as Ld = v0 × ∆t,
where ∆t ∈ [1, 2]. Consequently, the instantaneous visibility of the following vehicle is
not only determined by the Euclidean distance D but also dynamically modulated by the
dispersal of the mist tail over time. This spatial–temporal coupling enables the real-time
risk evaluation model to capture the transient evolution of visibility under rain–fog coupled
conditions. We use uneven extinction in the air to characterize the range of water mist.
Assuming that the horizontal distribution of water mist caused by the front vehicle is the
same width as the lane (3.75 m), and the longitudinal distribution length of water mist is
the speed of the front vehicle, the Euclidean distance between the target vehicle and the
end of the front water mist is as following Equation (11):

D =

√
(ys − 2v0)

2 + xs2 (11)

where ys: the longitudinal distance between the vehicle in front and the target vehi-
cle; v0: front vehicle speed; and xs: the lateral distance between the vehicle ahead and
the target vehicle.

Further, the dynamic visibility of the target vehicle can be obtained as Equation (12)–(14).
According to the AASHTO grade-based stopping sight distance (SSD) formulation [29], the
driver’s perception–reaction time is assumed to be 2.5 s and the braking deceleration is
taken as 3.4 m/s2 Given that the roadway grade within the analyzed segment is G = 0 (the
studied road length is less than 100 m, and thus the influence of grade is negligible), the
SSD expression simplifies to Equation (14).

V = (D + V2)k (12)

k = e
D−ssd
V1−ssd (13)

ssd = 2.502v+
v2

6.7926 + 19.6G
(14)

where V: the dynamic visibility of the target vehicle in the actual road conditions; D: the
Euclidean distance between the target vehicle and the rear end of the fog ahead; k: the
correction coefficient of dynamic visibility based on global visibility and stopping sight
distance; V2: visibility within the range of water mist; and V1: global visibility.

In order to better describe and identify the risk of driving in the dynamic visibility
environment, we refer to the relevant research on the collision risk in the work zone [30],
use the safety potential field model [31], and introduce the dynamic visibility to quantify the
vehicle collision risk. As shown in Figure 4, in the vehicle safety potential field, the vehicle
in front is regarded as the interactive object, and the virtual collision point between the
target vehicle and the interactive object in front is defined as the point with the maximum
field strength on the contour of the interactive object, which is most likely to be the location
where the potential collision occurs.

As visibility changes, both the distribution pattern and the intensity of the potential
field are dynamically adjusted: when visibility decreases, the field gradient becomes
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steeper, and the local risk force becomes concentrated and propagates forward; when
visibility is good, the risk field tends to flatten. To ensure the continuity of the potential
field under different visibility conditions, a Sigmoid normalization function is applied to
the visibility parameter, allowing the risk intensity to vary smoothly with the degree of
visual degradation.

Figure 4. Driver visibility field and risk field force.

In the model, the field force exerted by surrounding vehicles on the target vehicle
is defined as the low-visibility risk field force (LVRFF), and its calculation is given by
Equation (15):

F = QE = Q
SSD×V−1

T∗
= e0.125(v−v0) cos ϕ × ξv√

y2 + ξ2x2
× ssd× (D + V2)

−1 × e
ssd−D
V1−ssd (15)

where Q: the risk parameter, representing the relative speed between the target vehicle
and the vehicle in front; E: visibility-dependent field intensity term; ssd: stopping sight
distance; v: target vehicle speed; v0: speed of the preceding vehicle; D: the Euclidean
distance between the target vehicle and the rear end of the fog ahead; T∗: the equivalent
time-based distance; V: dynamic visibility; ξ: equivalent parameter, depending on the ratio
of transverse and longitudinal safety distances; V2: visibility within the range of water mist;
and V1: global visibility.

The definition of the risk correction coefficient in the model is given as Equation (16),
As expressed in the exponential term, Q = e0.125(v−v0) cos ϕ, the crash risk increases nonlinearly
with both the speed difference and the directional alignment between interacting vehicles.
When ϕ→ 0 , cos ϕ ≃ 1, and the exponential term dominates, producing a rapid increase in
the field force as v− v0 rises.

Q = e0.125(v−v0) cos ϕ (16)

The term E = SSD/V, Equation (17), defines the visibility-dependent field intensity,
which reflects how the dynamic visibility environment modifies the spatial distribution of
crash risk. Physically, it represents the ratio between the driver’s required stopping sight
distance (SSD) and the available dynamic visibility E. When the driver’s visual range V
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approaches or falls below the SSD threshold, the value of increases E sharply, indicating a
rapid escalation of potential crash risk.

E = SSD/V (17)

The speed-dependent correction coefficient is obtained empirically as Equation (18),
which comprehensively accounts for both the lateral and longitudinal safety distances. As
vehicle speed increases, the weight of lateral risk gradually decreases, and the longitudinal
interaction becomes the dominant factor influencing overall risk.

ξ = 0.01476 + 0.8v−1 (18)

This term is introduced to capture the nonlinear amplification effect of reduced visibil-
ity on the risk force. As visibility decreases, the exponential component—enhanced by the
Sigmoid function—becomes more pronounced, leading to an exponential increase in the
overall risk force.

In addition, unlike the Time to Collision (TTC) metric, which considers only longitu-
dinal collisions, the model introduces a vehicle interaction geometric angle parameter in
Equation (19).

ϕ = arctan
y

ξx
(19)

Based on the geometric interaction angle between vehicles, an equivalent time-based
distance T∗ is proposed as Equation (20). The equivalent distance decays with speed
through the inverse dependence of ξ = 0.01476 + 0.8v−1. When v increases from 10 m/s to
30 m/s, δ decreases by nearly 60%, implying that the influence of lateral spacing on total
risk weakens while longitudinal distance becomes dominant.

T∗ =
ξv√

y2 + ξ2x2
(20)

3. Results
3.1. Measurement of Visibility Within Spray and Fog Range

When the surveillance camera is exposed to the outside environment, the extinction
coefficient K contained in the image is independent of the transmission distance of light in
the atmosphere, but related to the visibility distance in the air. The normal visual response
threshold of the human eye, that is, the minimum brightness contrast that the human eye
distinguishes the target from the background, is 0.02, that is, t (x) = 0.02. On the premise
that the actual distance between the road monitoring equipment and the reference object
is known, the real-time visibility value in the environment of the monitoring equipment
can be estimated only by using the dark primary color prior algorithm to calculate the
atmospheric transmittance t of the monitoring video frame.

According to the relevant provisions of the Chinese standard GB 5768-2009 road
traffic signs and markings [32], the length of expressway lane line is 6 m, and the distance
between two lane lines is 9 m. under the premise of ensuring the pixel accuracy, this paper
selects multiple adjacent lane lines as reference objects to process the image, calculates the
extinction coefficient, and then obtains the estimated value of global atmospheric visibility.
The calculation formula of atmospheric visibility is as follows in Equation (21).

V =
ln(ta/tb)

dab
(21)
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where V: atmospheric visibility; ta, tb: the transmissivity corresponding to the AB two-
point pixels in the image; and dab: the distance between the real physical coordinates
corresponding to the two points in the image, which is obtained by reference to the length
of the road grid markings and the actual lane lines.

To obtain the observation distance between each point on the road and the camera, we
first determine the horizontal distance from the point to the light pole based on its position
relative to the 6 m lane markings (with 9 m spacing between markings). Then, using the
height of the light pole, we apply trigonometric conversion to calculate the actual distance
of the observation point. After obtaining the actual distances of multiple observation points
from the camera, along with their corresponding vertical pixel coordinates in the image,
we fit the overall distribution relationship to derive a mapping between pixel coordinates
and the actual physical distance from the camera for all points in the image. the distance
relationship between a point in the road and the camera is shown in Figure 5:

Figure 5. Conversion of Image Pixel Coordinates to Distances between Camera and
Observation Points.

Based on the Monte Carlo model, the motion path of photons under different water
mist particle number concentrations was calculated, and the vehicle speeds of 60 km/h,
80 km/h and 120 km/h were selected for simulation calculation at the water film thickness
of 0.5 mm, 1 mm, 2.5 mm and 5 mm, respectively. Finally, the visibility data under different
vehicle speeds and water film thickness are obtained as shown in Figure 6.

By using Python 3.8’s sklearn library to conduct multiple nonlinear regression analysis
on the data, the fitting model is as Equation (22).

V = 238.942− 1.028v + 3.637h + 0.004v2 − 0.201vh + 1.031h2 (22)

where V is the visibility range (m), v is the vehicle speed (km/h), and h is the water-film
thickness (mm).

The determination coefficient R2 = 0.9832 of the model shows that the model can
explain 98.23% of the visibility variation. The results of data analysis show that under
the condition of fixed water film thickness, the visibility decreases by about 1.402 m on
average for every 1 km/h increase in vehicle speed; while under the condition of fixed
vehicle speed, the visibility decreases by about 18.094 m for every 1 mm increase in water
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film thickness. The coefficients of quadratic and interactive terms in the model also show
significance, revealing the nonlinear joint effect between vehicle speed and water film
thickness, that is, when the vehicle speed is high and the water film is thick, the visibility
decreases more significantly. It can be seen that the vehicle speed and water film thickness
have a superimposed negative impact on the driving sight distance under the rainfall
or road area water environment, which significantly aggravates the driving risk. It is
particularly noteworthy that under high-speed driving conditions, the water mist formed
between the tire and the wet road surface has a strong blocking effect on the front field
of vision. If the distance between the vehicle and the front workshop is small, and the
vehicle is in the water mist area aroused by the front vehicle for a long time, the driver’s
visual range may be rapidly reduced to 200 m or even 100 m, which is far lower than the
safe stopping visual distance required for high-speed driving. In addition, the weakening
of braking performance on slippery roads will further reduce the vehicle’s emergency
handling capacity, and it is very easy to induce serious accidents such as rear end collision.
Therefore, the spatial position and relative distance of the water mist formed between the
vehicle and the vehicle in front have become the key factors affecting the dynamic change
in driver’s visibility, which should be paid attention to in the actual driving control.

Figure 6. Surface graph of the relationship between visibility, water film thickness, and vehicle speed.

3.2. Driving Risk Distribution Under Low-Visibility Conditions

Figure 7 shows the scatter distribution and fitting curve between the low-visibility
risk field force F and dynamic visibility V and shows that F decreases significantly with
the increase of V (the slope of the fitting curve is significantly less than zero, R2 ≈ 0.6,
p < 0.001), indicating that the proposed index can sensitively and accurately reflect the
impact of real-time visibility changes on driving risk. According to Rating of early-warning
of road traffic under fog weather conditions [33], 200 m is the visibility control threshold,
and about 18% of the observation points in this sample (scattered points are located in
the shadow area of v < 200 m) need to implement speed limit or control measures; The F
corresponding to these low visibility periods are generally high, which further verifies the
response ability of the risk indicators to the situation of insufficient visibility. The orange
mark indicates the stopping sight distance (SSD) at which the current dynamic visibility is
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lower than the corresponding speed—this kind of sample accounts for about 12% of the
total—and its F value is higher than that of the SSD satisfaction group under the same V
condition, indicating that the risk increases significantly when the stopping sight distance
is insufficient. On the other hand, only about 4% of the observation points have v > 470 m
(i.e., they are not disturbed by the water mist splashed by the vehicle in front), and the
corresponding F is the lowest and the distribution is the most concentrated, which proves
the interference effect of the water mist splashed by the vehicle in front on road visibility
and its adverse impact on driving safety.

Figure 7. Distribution of the Low-Visibility Risk Field Force.

By observing the high-risk vehicles in the video, we found that they can be roughly
divided into two situations: as shown in Figure 8, the target vehicle approaches the water
mist caused by the vehicle in front during driving and keeps a certain following distance
from the vehicle in front; in another case, as shown in the figure, the target vehicle is
overtaken, and when the overtaking vehicle exceeds the target vehicle it begins to be
affected by water spray.

Figure 9 shows the box diagram comparison of the risk F under the two driving
scenarios of following and overtaking under the interference of low visibility. In the car
following situation, the median of F is about 2.57, the interquartile distance (IQR) is about
0.36 and the whisker range is about 2.25 to 2.99, indicating that the risk distribution is
relatively concentrated and there is no extreme outlier. In contrast, in the case of being
overtaken, the median F rose to about 3.23, and the IQR narrowed to about 0.14, but the
whisker extended outward to about 2.99 to 3.42.

Overall, the dispersion patterns and tail behavior of F across the two scenarios demon-
strate that overtaking under limited visibility produces substantially higher transient risk
compared with stable following. These findings quantitatively validate the sensitivity of
the proposed LVRFF metric in distinguishing risk levels associated with different driving
behaviors in low-visibility conditions.
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(a) The target vehicle follows the vehicle ahead 

(b) The target vehicle is overtaken by vehicle ahead 

Figure 8. High-risk driving scenarios.

 
Figure 9. Distribution of potential field forces in following and overtake states overtaking introduces
more pronounced fluctuations in instantaneous risk and a tendency toward higher-risk states. This
difference arises from the distinct visibility dynamics between the two scenarios. During following,
drivers tend to maintain a more consistent headway, which limits rapid changes in dynamic visibility
and mitigates the influence of spray generated by the preceding vehicle. During overtaking, however,
the higher relative speed and reduced lateral clearance cause a sharper decline in visibility. Moreover,
because spray-induced extinction dissipates with a delay, the target vehicle remains exposed to
degraded visibility for a longer duration even after the overtaking maneuver is completed.

https://doi.org/10.3390/su18020625

https://doi.org/10.3390/su18020625


Sustainability 2026, 18, 625 18 of 27

4. Discussion
In practical applications, it is essential to clarify how roadway images captured by

external CCTV cameras correspond to the visual experience of the driver inside the vehicle.
Although the camera is mounted above the road, the geometric transformation established
through camera calibration enables each pixel in the surveillance image to be mapped to
its corresponding real-world position and distance. By further converting atmospheric
transmittance into extinction coefficients and visibility values, the system approximates
the forward sight distance that a driver would perceive along the same roadway segment.
Thus, the externally captured images provide a reliable surrogate representation of the
driver’s actual visibility field, allowing the dynamic visibility model to reflect both global
fog conditions and localized spray interference encountered by the following vehicle.

From an engineering perspective, the proposed method can be integrated into existing
highway infrastructure through roadside CCTV networks and centralized traffic manage-
ment platforms. Once the real-time visibility deteriorates below the predefined thresholds,
the system can automatically trigger warnings delivered through variable message signs
(VMS), in-vehicle navigation systems, or connected-vehicle communication modules (e.g.,
LTE-V/5G). This provides drivers with timely speed adjustment or lane-change advisories,
enhancing safety under adverse weather conditions.

4.1. Accuracy Verification of the Channel Prior-Based Dehazing Method

After calculation, the air perspective rate based on the dark channel prior algorithm
is obtained, and then the visibility of CCTV images taken in this period is obtained. The
sampling is carried out every five minutes, and compared with the data measured by
the visibility meter provided by the highway operation management department and the
visibility analytic value of the official image.

To rigorously verify the accuracy of this visibility measurement method and its robust-
ness under different road environments and visibility conditions, this study selected a rain
and fog weather event on 14 September 2023, as the observation scenario. Visibility identi-
fication and analysis were conducted using data from four surveillance cameras along the
PL Highway. The sampling period covered the entire rainfall process. This regional rainfall
was accompanied by the formation and development of fog. As the rain intensity shifted
from moderate to light, visibility gradually improved, and the fog condition weakened
from dense to light. For accuracy verification and comparison, visibility observation data
from fixed meteorological stations along the highway, as well as visibility data provided by
local weather stations, were simultaneously collected. Based on the information provided
in the image, this study has classified visibility levels according to the visual requirements
for vehicle driving as follows:

(1) Good (G): Visibility greater than 10 km.
(2) Fair (K): Visibility between 5 km and 10 km.
(3) Moderate (M): Visibility between 2 km and 5 km.
(4) Poor (N): Visibility between 0.5 km and 2 km.
(5) Very Poor (P): Visibility between 0.2 km and 0.5 km.
(6) Extremely Poor (Q): Visibility less than 0.2 km.

The distribution of surveillance cameras and the sources of meteorological data are as
following Table 1 and Figure 10.

To verify the reliability of the dark channel prior algorithm combined with camera pa-
rameter calibration among similar physical model-based approaches, this study also adopts
the Canny edge detection horizon method for comparison [34]. The method estimates the
extinction coefficient of fog and subsequently derives the visibility distance by analyzing
the horizon position and vertical luminance variation in road scenes. The core idea is that,
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under foggy conditions, the luminance contrast of distant objects decays exponentially with
increasing distance; therefore, the vertical luminance gradient in the image can be used to
infer fog density and visible range. The algorithm first applies the Canny–Deriche operator
to extract image edge features and determines the horizon position through Hough trans-
form combined with RANSAC fitting, thereby achieving geometric calibration between
the road plane and camera perspective. Under the flat-world assumption, the vertical
image coordinates are then mapped to real-world distances. By computing the row-wise
luminance variation curve of the road region, the algorithm identifies the inflection point
where the luminance gradient changes abruptly—corresponding to the visual boundary
of the fog layer. Finally, according to the Koschmieder atmospheric scattering model, the
extinction coefficient of fog is estimated, from which the visibility distance is calculated.

Table 1. CCTV Information.

Station Number Time
Average Hourly

Rainfall
(mm/h)

Average Hourly
Visibility (m) Fog Grade

Road
Grade

(%)

K2524+000 8:46–10:58 12.6 184.5 Extremely Poor (Q) 0.5

K2036+200 12:45–14:14 9.4 648.0 Poor (N) 0.8

K1047+800 7:05–10:41 3.3 405.9 Very Poor
(P) 1.5

K1078+700 11:35–14:25 1.2 512.1 Poor (N) 1.6

  
(a) K2524+000_8:46–10:58 (b) K2036+200_12:45–2:14 

  
(c) K1047+800_7:05–10:41 (d) K1078+700_11:35–2:25 

Figure 10. Video Overview of Rainfall and Fog.

The highway operating unit uses a roadside infrared forward-scatter visibility sensor.
The model of this sensor is DNQ1. Its core principle is to calculate the meteorological
optical range (MOR), i.e., visibility, by measuring the scattering intensity of infrared light
by suspended particles in the air (such as fog, haze, rain, and smoke) to derive the atmo-
spheric extinction coefficient. It consists of an optical transmitter, an optical receiver, and a
microprocessor controller. The transmitter emits infrared light pulses, while the receiver
simultaneously detects the intensity pulses of light scattered by atmospheric particles. All
information is collected by the measurement microcontroller. The operational data of the
instrument are shown in Table 2:
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Table 2. Visibility sensor parameters.

Monitoring Range
(km) Accuracy Frequency (Hz) Scattering Angle

Range (◦)
Peak Wavelength

(nm) Bandwidth (nm)

5~8 95% 1 39~51 850 100

Combining the meteorological conditions in Table 1 with the comparative results in
Figure 11a–d, it can be observed that the dark channel prior algorithm maintains good
stability and robustness in visibility estimation under different rainfall intensities and
fog levels.

 
(a) K2524+000_8:46–10:58 (b) K2524+000_12:45–2:14 

  
(c) K1078+700_7:05–10:41 (d) K1078+700_11:35–2:25 

Figure 11. Comparison of visibility data based on dark channel prior algorithm, meteorological
stations, and laser sensors.

In the time period at station K2524+000, when the average hourly rainfall was 12.6 mm
and visibility was only 184.5 m (fog level: poor, n), the algorithm still stably output results
with a standard deviation of 34.7 m and an accuracy of 86% (compared to sensor data),
almost consistent with the infrared forward scatter sensor data, with maximum fluctuations
below ±40 m. In contrast, the meteorological station data showed severe oscillations
(500–2500 m). When the rainfall decreased to 9.4 mm and visibility improved to 648 m
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(fog level: good, k), with noticeable changes in the observation interval, the algorithm’s
estimated values increased synchronously, showing a trend consistent with the sensor
control group and indicating its effective response to changes in atmospheric transmittance.

Similarly, in the time periods 7:05–10:41 and 11:35–14:25, the average hourly rainfall
was 3.3 mm and 1.2 mm, with visibility values of 405.9 m and 512.1 m, corresponding to
fog levels “fair (m)” and “good (k)”, respectively. Under these conditions, the results of
the dark channel prior algorithm remained highly consistent with the infrared sensor data,
with errors controlled within ±60 m and strong data robustness. The standard deviation of
the algorithm remained low, whereas the meteorological station observations still exhibited
significant random fluctuations.

Furthermore, the comparison revealed that both the infrared forward scatter sensor
and the dark channel prior algorithm showed larger data fluctuations under average hourly
rainfall of 9.4 mm and 12.6 mm compared to lower rainfall conditions, with standard
deviations reaching 67.8 m. The working principle of the sensor involves measuring the
forward-scattered light intensity of infrared radiation by suspended particles (such as
raindrops, fog droplets, dust, etc.) in a small spatial area between the transmitter and
receiver. The speculated reasons for data disturbances may include lens contamination
caused by raindrops adhering to the sensor lens and surveillance camera lenses, secondary
effects such as splashing water and spray accompanying rainfall, and the heterogeneous
nature of convective heavy rainfall, which further interferes with visibility recognition in
the current area.

Overall, in the observational experiments at the station locations, the dark channel
prior algorithm accurately captured visibility trends under four different rainfall levels
(1.2–12.6 mm) and visibility ranges (184.5–648 m), demonstrating significant noise resis-
tance. Compared to the discrete errors in meteorological station data caused by localized
precipitation, light conditions, and fog droplet scattering, the algorithm effectively elimi-
nates brightness drift effects under mixed rain–fog conditions by extracting the reflectance
of dark pixels in non-sky regions based on optical principles. Thus, it exhibits higher
stability and engineering applicability in all-weather visibility estimation. Moreover, me-
teorological station data struggle to provide effective visibility predictions for multiple
sections along the entire highway, whereas densely deployed surveillance cameras enable
meteorological condition analysis at a 1 km segment level.

In comparison with the visibility data obtained using the Canny edge detection
method, the dark channel prior algorithm demonstrated higher robustness across all
four scenarios. The Canny-based approach achieved relatively high accuracy on segments
K2524+000 and K2036+200, reaching 91% and 86%, respectively. However, on segments
K1047+800 and K1078+700, the presence of overhead structures and the concave curvature
of the roadway caused inconsistent edge responses at block boundaries, leading to blocking
artifacts and greater deviations in visibility estimation. These results indicate that the
dark channel prior algorithm possesses superior deployability and adaptability for diverse
detection scenarios.

4.2. Risk Analysis of a Visibility-Based Safety Potential Field

Surrogate Safety Measures (SSMs) serve as primary quantitative indicators for mi-
croscopic collision risk. They assess the likelihood of a vehicle collision by evaluating the
temporal and spatial proximity between a vehicle and an obstacle [35]. An event where
the proximity exceeds a specific threshold is defined as a traffic conflict. SSMs are cate-
gorized into deceleration-based measures and time–proximity-based measures. Among
deceleration-based surrogate safety measures, the Deceleration Rate to Avoid a Collision
(DRAC) is one of the most prominent representatives [36]. It is defined as the minimum
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deceleration required for a following vehicle to avoid a collision with a leading vehicle,
assuming the leading vehicle maintains a constant speed while the following vehicle brakes
with a certain deceleration.

Time–proximity-based surrogate safety measures, which comprehensively consider
vehicle speed and spatial distance, can more accurately assess driving risks. Representative
indicators in this category include Time to Collision (TTC) [35] and Time to Accident
(TA) [37]. TTC is defined as the remaining time before two vehicles collide if they maintain
their current speeds and directions. However, both TTC and DRAC are only applicable
in scenarios where the speed of the following vehicle is greater than that of the leading
vehicle. This limitation implies that TTC and DRAC have constraints in evaluating collision
risks in emergency braking situations. To address this, some researchers have proposed
TA as an evaluation metric, defined as the time required for the following vehicle to reach
the position of the leading vehicle. The key difference between TA and TTC lies in the
assumption that in TA, the following vehicle maintains a constant speed while the leading
vehicle performs emergency braking.

The driving risk indicator F derived from risk field theory requires further compari-
son with traditional safety surrogate measures. This study extracted vehicle trajectories
from surveillance data under foggy and non-foggy conditions, calculating three conflict
indicators—TTC, TA, and DRAC—as well as the driving risk indicator F. The statistical
distributions of these four vehicle risk indicators under normal visibility (visibility < 200 m)
and good visibility (visibility > 500 m) are shown in Figure 12. The following trends can
be observed:

The DRAC threshold is –3.4 m/s2 [38], and the TTC threshold is 3 s (i.e., the 1/TTC
threshold is 0.33 s−1) [39]. In the study samples, both TTC and DRAC values were below
their respective thresholds under both foggy and normal weather conditions, indicating
their low sensitivity to collision risk. This makes them inadequate for characterizing real-
time risk conditions during risk monitoring, and they are only suitable as quantitative
measures of overall risk over longer time frames.

The driving risk indicator F demonstrates significantly better discriminative ability
compared to the other three conflict indicators. When integrated with the risk field model
that accounts for dynamic sight distance, F effectively enhances sensitivity to risk fac-
tors such as relative speed, following distance, and visibility—a critical meteorological
factor—under low-visibility conditions.

Reduced visibility and rainfall significantly increase the risks associated with routine
car-following and lane-changing maneuvers. However, traditional TTC, DRAC, and TA
indicators struggle to provide sensitive risk discrimination when meteorological conditions
change. Calculations based solely on vehicle acceleration changes and relative positioning
fail to identify high-risk behaviors when the driver’s sight is obstructed. As shown in
Figure 13, a comparison of visibility while following a preceding vehicle under rainy-foggy
conditions versus normal conditions reveals that spray kicked up by vehicles traveling
at high speeds severely impairs the driver’s observation of the road ahead. The driving
risk indicator F effectively couples the additional visibility reduction caused by preceding
vehicle spray with the existing fog, thereby directly quantifying the collision risk with
the vehicle ahead at the current speed. Consequently, it holds significant advantages
for identifying risky driving in adverse weather. Moreover, the model also incorporates
considerations of vehicle interactions captured by indicators like TTC and TA, making it
more comprehensive and reliable for broader applications.

Recent studies have also emphasized that relying on a single surrogate safety mea-
sure (SSM) may provide an incomplete representation of crash risk [40]. To address this
limitation, the present study does not rely solely on one SSM; instead, the proposed LVRFF
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index integrates dynamic visibility, relative speed, and geometric interaction factors into
a unified risk-field formulation. This approach, although not based on PCA, effectively
captures the multidimensional nature of driver risk perception under coupled rain–fog
conditions and therefore meets the same objective of fusing heterogeneous risk indicators
into a more comprehensive metric.

  
(a) Frequency distribution of 1/TTC (b) Frequency distribution of 1/TA 

  
(c) Frequency distribution of 1/DRAC (d) Frequency distribution of F 

Figure 12. Frequency distribution of four risk conflict indicators under two visibility levels.
 

 

Figure 13. Comparison of the impact of the presence or absence of water spray on driver visibility.

As shown in Figure 14, four time periods with similar visibility conditions (400 m
< visibility < 600 m) but different traffic densities were selected for analysis. The Low-
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Visibility Risk Field Force (LVRFF) of vehicle samples within each period was computed.
The results indicate that the average LVRFF under higher traffic volumes is greater than
that under lower traffic volumes, demonstrating that dense traffic flow increases collision
risk due to spray-induced visual occlusion.

Figure 14. Comparison of LVRFF Trends under Different Traffic Densities. a: 87 veh/15 min,
b: 62 veh/15 min, c: 54 veh/15 min, d: 50 veh/15 min.

Meanwhile, the standard deviation of LVRFF in period b (2.80) is higher than that
in period a (2.68). This is because, in denser traffic conditions, vehicles tend to adopt
more conservative driving strategies after speed reduction, rather than frequent overtaking
or close following. In contrast, during period b, the smaller total number of recorded
interactions includes several overtaking maneuvers that sharply reduced headway time,
thereby increasing the dispersion of LVRFF.

Compared with the quantitative assessment of overtaking and following risks shown
in Figure 9, LVRFF proves to be more effective for identifying risky driving behaviors
under low-visibility conditions, providing a finer basis for setting minimum safe following
distances and maximum speed limits to prevent crashes caused by adverse weather such
as rain and fog.

The results obtained in this study demonstrate the quantitative advantages of the
proposed Low-Visibility Risk Field Force (LVRFF) in capturing transient risk under rain–fog
conditions. Compared with traditional surrogate safety measures such as TTC, TA, and
DRAC, LVRFF exhibits substantially higher sensitivity to visibility degradation, especially
in scenarios where spray-induced occlusion plays a dominant role. Across the analyzed
datasets, LVRFF identified approximately 2–3 times more high-risk events when visibility
fell below 200 m, reflecting its capability to integrate dynamic visibility, inter-vehicle
distance, and relative speed into a unified risk indicator. Furthermore, LVRFF effectively
distinguishes risk variations across different traffic densities, where the medium-density
condition—characterized by frequent overtaking and abrupt headway changes—shows
significantly elevated risk values compared with high-density flow. These quantitative
findings confirm that LVRFF provides a robust and responsive metric for evaluating driving
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risk in adverse weather, offering meaningful implications for real-time traffic management
and visibility-based warning systems.

From the perspective of sustainable transportation, this study provides a practical
solution for enhancing highway safety and operational resilience under adverse weather
conditions. By leveraging existing roadside CCTV infrastructure, the proposed dynamic
visibility recognition and risk assessment framework avoids the need for additional energy-
intensive sensing equipment, thereby reducing deployment cost and maintenance burden.
The ability to deliver real-time, section-level visibility and risk information supports long-
term, data-driven traffic management strategies, contributing to safer, more reliable, and
sustainable highway operations.
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