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Abstract

Icing poses a severe threat to the safety, durability, and operational reliability of transporta-
tion infrastructure in cold regions. Existing studies have mainly focused on ice detection,
icing prediction, and deicing technologies, while the links between icing evolution, in-
frastructure response, risk diagnosis, and autonomous regulation remain insufficiently
integrated. This review establishes an integrated framework from icing evolution to in-
telligent perception, state cognition, risk diagnosis, and autonomous regulation. The
multiphysics evolution of pavement icing is discussed in terms of ice nucleation, growth,
interfacial adhesion, and freeze-thaw-induced degradation. The effects of temperature,
moisture, surface characteristics, and traffic loading are considered. Then, multiscale icing
perception is reviewed, with emphasis on environmental parameters, vehicle-pavement
mechanical responses, and distributed self-powered sensing based on triboelectric, piezo-
electric, and other mechanisms. Data-driven models, physics-informed learning, and
digital twins are examined for icing-state recognition and future-state prediction. Icing
risks are classified into mechanical safety, infrastructure durability, and traffic operation,
providing a quantitative link between icing states and engineering consequences. Adaptive
mitigation is discussed through passive surface and thermal regulation, active energy-
efficient heating, and closed-loop control. Finally, five research directions are proposed,
including self-powered icing intelligence, icing foundation models, infrastructure-scale
sensing networks, digital twins of icing evolution, and self-adaptive roads. This review pro-
vides a unified perspective for the development of self-aware and autonomous ice-resilient
transportation infrastructure.
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1. Introduction

Road icing remains a persistent challenge for transportation infrastructure in cold
regions, with impacts extending far beyond temporary surface conditions [1,2]. In the
United States, over 70% of roads are located in regions with substantial snowfall. Snowy,
slushy, and icy pavements are associated with more than 1300 fatalities and 116,800 injuries
each year. Average arterial speeds can decrease by 30-40% under snowy or slushy con-
ditions. Winter road maintenance also accounts for roughly 20% of state transportation
agency maintenance budgets, with more than US$2.3 billion spent annually on snow and
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ice control [2,3]. These phenomena demonstrate that icing is not merely a transient surface
hazard but also a complex infrastructure challenge affecting safety, mobility, durability,
and pavement performance. With the development of intelligent transportation infras-
tructure, a new management paradigm is therefore required. Road icing has gradually
been transformed from an external hazard requiring human intervention into a control-
lable infrastructure state supported by self-perception, state cognition, prediction, and
adaptive response.

Pavement icing is governed by coupled thermal, moisture, interfacial, and mechanical
processes. Ice nucleation is initiated under suitable thermodynamic and surface condi-
tions [4,5]. Ice growth is then controlled by heat transfer, water migration, and phase
transition. Ice adhesion is further affected by surface chemistry, microtexture, and inter-
facial interactions [6,7]. Subsequently, repeated freeze-thaw cycles induce pore damage,
interfacial debonding, cracking, and structural performance loss [8-10]. These processes
are strongly affected by pavement materials, surface morphology, environmental condi-
tions, and traffic loading. Therefore, icing should not be described only by the presence
or thickness of an ice layer. A more complete description should include the icing state,
its temporal evolution, and its mechanical consequences. However, these processes have
often been investigated separately. A unified framework from ice formation to pavement
degradation is still lacking.

Substantial progress has also been made in pavement icing perception and predic-
tion [11,12]. Environmental parameters, including temperature, humidity, precipitation,
water film, and surface conditions, are routinely monitored via stationary sensors and
optical systems. Simultaneously, friction, tire-road interaction, vibration, and deforma-
tion have also been explored as indicators of icing-induced mechanical changes. More
recently, triboelectric, piezoelectric, and other self-powered sensing technologies also pro-
vide new opportunities for distributed road monitoring [13-15]. On the computational
front, Data-driven models have been applied to icing classification and freezing-time pre-
diction. Long short-term memory networks, support vector machines, and other machine
learning techniques are introduced for ice recognition and freezing time prediction [16,17].
Physics-informed models have further incorporated heat transfer, moisture transport,
and phase-transition constraints. Digital twins have provided a broader framework for
real-time state updating and future-state forecasting [18,19]. These developments have
shifted icing research from simple condition detection toward multiscale perception and
spatiotemporal cognition.

Despite these significant advances, several critical bottlenecks persist. First, existing
perception systems are still largely focused on environmental variables or single-point
icing identification [20,21]. The relationship between environmental conditions, ice state,
tire-road interaction, and pavement response is rarely considered in an integrated man-
ner. Second, conventional wired sensing grids rely heavily on external power, complex
wiring, and periodic maintenance [22-24]. Their spatial scalability is limited. Although
self-powered sensing exhibits strong potential, its long-term stability under low temper-
atures, high moisture, abrasion, and cyclic traffic loading remains insufficiently under-
stood [25,26]. Third, purely data-driven models suffer from poor generalization when
operational scenarios deviate from training datasets, whereas physics-informed models
remain bottlenecked by high model complexity and computational cost. Fourth, digital
twins can extend prediction from local conditions to infrastructure-scale evolution, yet
multisource data fusion, model updating, and real-time computation remain challeng-
ing [27-29]. Beyond these technology-specific limitations, a more fundamental system-level
bottleneck persists: sensing, prediction, risk diagnosis, and mitigation regulation remain
largely decoupled. A unified closed-loop framework connecting perception, prediction, risk
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diagnosis, autonomous regulation, and feedback evaluation remains largely absent from the
existing literature.

To address these gaps, this review integrates the latest breakthroughs in intelligent road
icing management from physical evolution to autonomous regulation within a structured
narrative framework. As shown in Figure 1, the multiphysics evolution of pavement icing
is discussed, including ice nucleation, ice growth, interfacial adhesion, and ice-induced
mechanical degradation. The corresponding state variables are then linked to multiscale
icing perception. Environmental parameters, mechanical responses, and distributed self-
powered sensing are compared. Data-driven recognition, physics-informed prediction, and
digital-twin-enabled forecasting are subsequently reviewed to establish the cognition layer
between perception and future-state prediction. Icing consequences are further evaluated
from mechanical safety, infrastructure durability, and traffic operation perspectives. Passive
adaptation, active thermal regulation, and closed-loop autonomous icing management are
then discussed. Finally, five key future research directions are proposed: self-powered icing
intelligence, icing-specific Al foundation models, infrastructure-scale sensing networks,
digital twins of icing evolution, and self-adaptive smart roads. Through this framework,
road icing is redefined from a condition to be detected into a dynamic infrastructure state
that can be perceived, predicted, diagnosed, and adaptively regulated. It should be noted
that the evidence supporting these links is uneven: the mechanism-state relationships
and individual sensing, recognition, and prediction modules are experimentally validated,
whereas network-scale risk diagnosis, decision-making, and infrastructure-level closed-
loop regulation currently represent conceptual integration of results from different studies.

Traditional passive management Autonomous icing intelligence
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Figure 1. Evolution from icing detection to icing intelligence.

2. Multiphysics Evolution of Icing States in Transportation Infrastructure

Road icing is a dynamic multiphysics evolution process governed by coupled thermal,
moisture-transport, mechanical, and interfacial processes. In cold-region transportation,
atmospheric conditions, pavement thermal properties, surface chemistry, and vehicle-
induced mechanical loading continuously modify the formation and evolution of ice
layers [30,31]. Consequently, the same environmental condition may produce significantly
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different icing states on different pavement surfaces. Existing studies have largely focused
on individual aspects of icing formation, including ice nucleation, frost growth, and ice
adhesion. However, the transition from microscopic ice formation to macroscopic trans-
portation hazards remains insufficiently understood. In particular, a unified description
of how environmental forcing drives transitions among thermal, interfacial, mechanical,
and structural icing states is still lacking. Establishing such a state-evolution framework is
essential for identifying physically meaningful sensing indicators and enabling adaptive
icing management.

2.1. Ice Nucleation on Pavement Surfaces

Ice nucleation represents the initial stage of pavement icing evolution, during which
supercooled water undergoes a transition from a metastable state to stable ice crystals.
Under natural conditions, homogeneous nucleation is rarely observed because of its high
energy barrier. Heterogeneous nucleation dominates on pavement surfaces, where mineral
particles, surface defects, pores, and chemical impurities provide preferential nucleation
sites [32,33]. The nucleation process is primarily controlled by interfacial energy, surface
wettability, and microstructural characteristics. Hydrophilic surfaces generally facilitate ice
formation by strengthening water-surface interactions, whereas hydrophobic and superhy-
drophobic surfaces delay nucleation by reducing effective contact areas and increasing the
nucleation barrier. For asphalt pavements, the heterogeneous distribution of aggregates,
binders, voids, and aging products further increases the spatial variability of ice nucleation
behavior. Therefore, icing initiation is determined by the coupled effects of environmental
forcing and pavement surface state rather than temperature alone.

Experimental studies have demonstrated the influence of pavement characteristics on
ice nucleation and early-stage icing evolution. Yu et al. [34] developed a low-temperature
adhesion testing system to investigate asphalt—ice interfacial behavior, and observed that
the completion of water—to-ice phase transition coincided with the initial development of
ice adhesion. Li et al. [35] further investigated pavement surfaces with different roughness
levels. The increased roughness accelerated freezing by enlarging the water—surface contact
area and reducing the nucleation energy barrier, while the overall freezing sequence
remained unchanged (Figure 2). Despite these advances, most existing studies have been
conducted under controlled laboratory conditions. The effects of traffic loading, repeated
wetting—drying cycles, and surface aging on ice nucleation remain insufficiently understood.
More importantly, the quantitative relationship between environmental forcing, pavement
surface state, and nucleation probability remains poorly established. Such relationships are
essential for developing early-warning indicators that can identify the transition from a
non-icing to an incipient-icing state.

2.2. Ice Growth Dynamics Under Coupled Environmental Conditions

Following nucleation, ice growth is governed by coupled heat transfer, moisture
transport, and phase-transition processes. The evolution of ice thickness is affected by
multiple environmental factors (e.g., air and pavement temperature, humidity, precipitation,
wind speed, pavement thermal properties, and water availability) [36,37]. Thus, pavement
icing represents a dynamic process involving continuous energy and mass exchange.
During the early stage, a thin layer of supercooled or liquid water may persist on the
pavement surface. Subsequently, heat removal drives progressive solidification and ice-
layer growth. Meanwhile, nonuniform temperature and moisture distributions within the
pavement structures can result in spatial variability in freezing rate and ice thickness.
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Figure 2. Freezing process at different levels of surface roughness.

Pavement surface characteristics further regulate ice growth morphology. Surface
roughness and texture can modify freezing behavior, ice propagation pathways, and the re-
sulting ice morphology. Traffic-induced mechanical loading can further disturb and deform
ice layers, resulting in dynamic changes in ice thickness and surface conditions. To capture
these processes, several models have been developed to predict pavement icing evolution
based on heat transfer and phase-transition theories. As shown in Figure 3, Yang et al. [38]
established a thermal phase-transition model and demonstrated that lower temperature
and higher wind speed accelerated icing development. Ling et al. [39] further considered
salt spray environments and found that salt concentration could delay freezing by mod-
ifying heat transfer conditions. Finite difference models were subsequently proposed to
estimate icing time based on environmental parameters, showing good agreement between
simulations and experiments [40]. An icing-time prediction equation (Equation (1)) based
on wind speed (vyinq) and rainfall amount (f,qin¢a11) Was also proposed. The model was
validated in laboratory experiments and achieved a prediction error of 9.12%:

tw = (0.76M,qingan + 0.25333) x (0.060692 0.7516304ing + 3.35839) x (10.1095¢T«/ 133613 4 0 55804) (1)

wind

where t,, is the time required for all surface water to condense into ice (), vyinq is the wind
speed (m/s), T, is the air temperature (K), and /i aingay1 is the amount of rainfall (mm).

Collectively, these studies demonstrate an evolution from empirical freezing-time
correlations toward physically based thermal and phase-transition models. Nevertheless,
most existing formulations remain strongly dependent on controlled boundary conditions
and simplified assumptions regarding moisture supply and surface characteristics. Their
ability to represent heterogeneous pavement surfaces, transient water availability, traffic-
induced disturbance, and repeated freeze-thaw processes remains limited. The coupled
effects of traffic loading, pavement aging, and repeated freeze-thaw cycles remain insuffi-
ciently understood. A multiphysics framework integrating these interacting processes is
therefore needed to achieve more realistic prediction of pavement icing evolution under
field conditions.
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Figure 3. Ice growth research under coupled environmental conditions. (a). Ice-water phase transition
zone. (b). The theory of road heat conduction (reprinted from [39] under the CC BY 4.0 license).

2.3. Ice Adhesion Evolution at Pavement Interfaces

After ice formation, the ice-pavement interface determines the persistence and re-
moval difficulty of ice layers. Ice adhesion is governed by the coupled effects of surface
microstructure and interfacial chemistry, including mechanical interlocking, hydrogen
bonding, van der Waals interactions, and chemical bonding [32,41]. Surface asperities and
pores promote ice anchoring, whereas surface chemistry and interfacial energy regulate
molecular interactions between ice and pavement.

As shown in Figure 4, the quasi-liquid layer (QLL) theory provides an important
framework for interpreting ice adhesion at solid—ice interfaces [42,43]. A thin disordered
water layer between ice and pavement can modify interfacial bonding and affect adhesion
strength. Beyond interfacial structure, ice adhesion is also strongly affected by temperature,
freezing rate, and freeze-thaw cycling [44]. Lower temperatures increase ice stiffness and
enhance bonding strength, whereas repeated freeze-thaw cycles alter surface morphology
and interfacial conditions. These effects indicate that ice adhesion is intrinsically coupled
with the thermal and environmental history of the pavement—ice system. Surface modifica-
tion has therefore emerged as an important strategy for regulating ice adhesion. Recent
studies have shown that surface modification strategies, such as superhydrophobic and
low-surface-energy coatings, can reduce ice adhesion by weakening ice-surface interac-
tions. However, their practical effectiveness faces considerable challenges under realistic
service condition, such as traffic-induced abrasion, repeated freeze-thaw cycling, moisture
exposure, surface contamination, and environmental aging. These adverse factors can
gradually erode the material’s original icephobic performance.

Therefore, ice adhesion should be considered as a dynamic interface state rather than
a constant material property. This distinction is particularly important for icing intelligence
because the same ice thickness may correspond to substantially different removal difficulty
and hazard levels depending on interfacial adhesion. Incorporating adhesion evolution
into the broader icing-state framework is therefore essential for predicting ice persistence,
evaluating icing-related risks, and designing adaptive icing mitigation strategies.

2.4. Freeze-Thaw and Ice~Load-Induced Pavement Degradation

Ice formation affects not only short-term traffic safety but also long-term pavement
degradation. During freeze—thaw cycles, internal stresses are generated by water expan-
sion, ice crystallization, and thermal contraction. At the microscale, ice formation within
pores can generate hydraulic pressure and initiates microcracks. With repeated cycling,
these defects accumulate and develop into interconnected damage networks, resulting
in stiffness reduction, surface deterioration, and durability loss [45,46]. For asphalt pave-
ments, freeze-thaw degradation is mainly associated with moisture damage and weakened
binder-aggregate adhesion [47]. Ice formation at the aggregate-binder interface acceler-
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ates stripping and structural deterioration. For cement-based pavements, pore-structure
evolution and crack propagation dominate the degradation process. Meanwhile, cyclic
traffic loading further promotes damage accumulation. The coupled effects of traffic
loading and freeze-thaw actions can produce more severe deterioration than individual
loading conditions.
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Figure 4. Ice adhesion evolution mechanism. (a). Ice-pavement adhesion mechanism. (b). Mechanis-
tic modeling framework for damage on icy road surfaces.

Recent experimental studies have confirmed the significant influence of coupled
freezing and mechanical actions on pavement performance. Zhang et al. [48] investi-
gated freeze—thaw damage in semi-flexible pavement using microscopic observations and
mechanical tests, revealing interface deterioration and strength reduction after repeated
cycles (Figure 5a). Sun et al. [49] combined freeze—thaw experiments, accelerated wear
tests, and three-dimensional texture measurements, demonstrating that the interaction be-
tween temperature variation and cyclic loading resulted in accelerated surface degradation
(Figure 5b). These findings indicate that the mechanical consequences of icing emerge
from the cumulative evolution of moisture, thermal, interfacial, and mechanical states.
Accordingly, icing should be considered as a coupled environmental-mechanical hazard
rather than a temporary surface condition.

Overall, pavement icing should be understood as a dynamic multiphysics state-
evolution process rather than a binary surface condition. Ice nucleation, growth, interfacial
adhesion, and freeze-thaw-induced degradation form interconnected stages. Accord-
ingly, the key challenge for icing intelligence is not limited to detecting whether ice exists.
It also requires characterizing the evolution of icing states, quantifying the strength of
cross-physical-scale coupling, and identifying the functional and structural consequences
brought by these states. This physical understanding lays the foundation for multiscale
perception, state cognition, risk diagnosis, and autonomous regulation discussed in the
following sections.
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Figure 5. Ice-induced pavement degradation. (a). The freeze-thaw test flow chart. (b). Variation
trend of pavement wear performance under freeze-thaw-load coupling (reprinted from [49] under
the CC BY 4.0 license).

3. From Sensing to Perception: Multiscale Icing Information Acquisition

Accurate understanding of pavement icing requires the acquisition of multidimen-
sional information beyond the presence of ice layers. Conventional icing monitoring
systems mainly rely on wired sensors or localized measurements of temperature and
humidity [50,51]. Although these approaches provide valuable information for icing pre-
diction, their applications are restricted by high installation costs, limited spatial coverage,
and insufficient capability for capturing dynamic pavement responses. Recent advances in
sensing technologies have enabled a transition from simple parameter measurement toward
intelligent perception of icing states. Environmental conditions, interfacial characteristics,
and mechanical responses can be continuously monitored through distributed sensing
architectures. In particular, self-powered sensing technologies [52,53] based on triboelectric,
piezoelectric, and mechanically programmable systems provide new opportunities for
infrastructure-scale icing perception without external power supplies. These multiscale
signals provide the essential data foundation for subsequent icing cognition, risk diagnosis,
and autonomous regulation.

3.1. Physical Parameter Perception

Environmental conditions provide the fundamental drivers for pavement icing evo-
lution. Temperature, humidity, precipitation, and surface water conditions are widely
monitored as basic indicators of icing states [54,55]. Among these parameters, pavement
surface temperature is considered a critical variable because ice formation is closely asso-
ciated with thermal conditions near the freezing threshold. Various sensing approaches,
including temperature sensors, infrared thermography, and fiber-optic systems are devel-
oped to capture thermal variations during icing processes.
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Moisture-related parameters were incorporated to improve the understanding of
icing initiation. Water-film thickness, humidity, and surface wetness provide additional
information regarding the availability of freezing water. As shown in Figure 6, Jiang
et al. [56] monitored pavement temperature variations using vehicle-mounted sensors
and demonstrated that frost formation could occur when surface temperature decreased
below the dew point, highlighting the importance of coupled temperature and moisture
conditions. Casselgren et al. [57] selected three characteristic wavelengths of 980 nm,
1310 nm, and 1550 nm to design a testing method that can handle ambient light, achieving
real environment road classification based on near-infrared (NIR) images to distinguish dry,
humid, frosty, icy, and snowy roads, with a detection accuracy of over 90%. Similarly, an
integrated optoelectronic sensing system based on infrared LEDs and phototransistors was
developed to estimate asphalt ice-layer conditions with different pavement structures [58].
The ice layer thicknesses of asphalt concrete-13 (AC-13), stone matrix asphalt-13 (SMA-13),
and open graded friction course-13 (OGFC-13) were measured to be 0.219 mm, 0.261 mm,
and 0.326 mm, respectively. Despite these advances, physical parameter perception mainly
describes external environmental states and provides limited information on the functional
consequences of icing. Identical temperature and humidity conditions may result in
different icing risks due to variations in pavement materials, surface morphology, and traffic
loading. Therefore, environmental sensing alone cannot fully characterize the evolution
and impact of pavement icing.
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Figure 6. Physical parameter perception methods. (a). Pavement temperature perception (reprinted
from [56] under the CC BY 4.0 license). (b). Principle of photoelectric sensing.

Future perception systems should combine environmental parameters with interfacial
and mechanical responses, enabling a transition from isolated physical measurement
toward comprehensive icing state perception.

3.2. Mechanical Response Perception

Mechanical response perception provides direct information on the functional impact
of pavement icing. Unlike environmental parameters, mechanical signals reflect the inter-
action between ice-covered pavements and moving vehicles. The formation of ice layers
alters tire—road friction, contact behavior, and vibration transmission characteristics, which
are directly related to driving safety [59,60]. Among these responses, friction variation is
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considered a key indicator of icing-induced hazards. Tire-road friction measurement sys-
tems have been developed to evaluate changes in surface anti-skid performance under icy
conditions. As shown in Figure 7a, a tire-road friction monitoring system was established
to enable quasi-continuous evaluation of friction evolution during vehicle operation [61].
This system achieves quasi-continuous monitoring and long-term dynamic evaluation of
road friction force. Miao et al. [62] further developed a non-contact monitoring method
for evaluating the anti-skid performance of ice-covered asphalt pavement by combining
thermal excitation with a pendulum friction model, achieving reliable friction estimation
with monitoring accuracy of 0.83. In addition, intelligent tires equipped with integrated
sensors were investigated for direct monitoring of tire-road friction conditions, provid-
ing a potential approach for real-time icing perception [63] (Figure 7b). Beyond friction
measurement, vehicle-induced vibration and deformation responses provide additional
information regarding pavement icing states [31]. Ice-induced changes in surface stiffness
and contact conditions can modify dynamic interactions between vehicles and pavements.
These mechanical responses can therefore serve as indirect indicators of icing severity and
traffic safety risks. However, conventional mechanical sensors usually require external
power supplies and fixed installation, limiting their deployment in large-scale road net-
works. Moreover, mechanical signals are strongly coupled with vehicle characteristics,
loading conditions, and pavement structures, making icing-related responses difficult to
isolate using single-parameter measurements.

= <Data Interaction. — —

: o

D)

/”/// ///,

__.._-
//

Figure 7. Mechanical response perception for pavement icing. (a). Tire-road continuity monitoring
system (reprinted from [61] under the CC BY 4.0 license). (b). Tire sensors for friction monitoring:
(i) tire sensor, (ii) internal cross-section of tire (reprinted from [63] under the CC BY 4.0 license).

https:/ /doi.org/10.3390/pr14213425


https://doi.org/10.3390/pr14213425

Processes 2026, 14, 3425

11 of 32

3.3. Distributed and Self-Powered Perception

Conventional sensor networks are constrained by wiring complexity and battery
replacement, which limits their long-term deployment in cold-region transportation in-
frastructure. Self-powered sensing [64,65] provides a promising solution by converting
environmental or mechanical energy into electrical signals for continuous monitoring.
Triboelectric nanogenerators (TENGs) [66,67] generate electrical outputs through contact
electrification and electrostatic induction, enabling simultaneous energy harvesting and
mechanical sensing. Traffic-induced deformation and tire-road interaction can be directly
converted into electrical signals, providing a potential pathway for self-powered icing
perception. Piezoelectric sensors [68] utilize electromechanical coupling to transform
pavement vibration and deformation into measurable outputs. Moreover, mechanically
programmable metamaterial sensors [69,70] allow mechanical states to be encoded through
designed structural responses, providing additional flexibility for distributed perception.

The development of distributed sensing networks further enhances the spatial un-
derstanding of pavement icing. Sensor deployment strategies have been optimized to
improve coverage efficiency and reduce system complexity. Ye et al. [71] investigated
the effect of thin water film on road anti-skid performance from indoor experiments to
on-site simulations. Meanwhile, TENG-based systems were explored for icing-related
applications by utilizing friction-induced electrical signals during water—ice phase tran-
sitions [72] (Figure 8). Tire-integrated triboelectric sensing systems were developed [73],
where machine learning algorithms are used to extract driving and road-condition informa-
tion from friction-generated electrical signals. Despite these advances, several challenges
remain for practical implementation in cold-region infrastructure. Signal stability under
low temperature and high humidity conditions, long-term durability under repeated traffic
loading, and decoupling of environmental and mechanical interference require further
investigation. In addition, reliable interpretation of self-powered electrical signals remains
challenging due to the complex relationship between sensor outputs and icing states.
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Figure 8. The TENG for ice self-powered sensing (reprinted from [72] under the CC BY 4.0 license).
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As shown in Table 1, distributed and self-powered sensing provides component-
level evidence for autonomous icing monitoring without external power infrastruc-
ture. Energy harvesting, mechanical response sensing, and intelligent signal interpre-
tation have been demonstrated separately. However, their calibration, fusion, and long-
term operation across infrastructure-scale networks have not yet been validated as an
integrated system.

Table 1. Intelligent icing perception strategies.

Perception Mode

Key Variables Technologies Main Advantages Key Challenges

Physical parameter
perception [74,75]

Mechanical response
perception [76-78]

Distributed &
self-powered
perception [79,80]

Thermal sensors;

T, RH, water film, ice . . Direct icing-state Weak correlation
IR/NIR imaging; O . o
morphology . . characterization with traffic risk
fiber optics
Friction coefficient TENG sensors; . .
o : i’ . ) . Direct evaluation of Load-dependent
vibration, tire-road intelligent tires; : . . .
I : functional impact signal coupling
contact vibration sensing
atial icing ma TENG,; piezoelectri Battery-fr - .
Sp eng map, NG; piezoelectric ery-iree, Durability and signal
dynamic response, sensors; large-scale .
. . decoupling
electrical output metamaterial sensors deployment

In summary, intelligent icing perception requires a transition from isolated envi-
ronmental monitoring toward multidimensional information acquisition. Physical pa-
rameter perception provides fundamental information on icing initiation through tem-
perature, humidity, and water-related conditions, while mechanical response percep-
tion reveals the functional consequences of icing through friction variation, tire-road
interaction, and dynamic responses. Furthermore, distributed and self-powered sensing
technologies enable large-scale and energy-independent monitoring by integrating en-
ergy harvesting with signal generation. The combination of environmental, mechanical,
and self-powered sensing approaches provides a comprehensive information founda-
tion for icing state cognition, risk diagnosis, and autonomous regulation of cold-region
transportation infrastructure.

4. Icing State Cognition and Prediction

Multiscale sensing provides diverse information on pavement icing. However, raw
measurements do not directly represent the current or future icing state. Data interpreta-
tion is required. Icing cognition can be defined as the transformation of heterogeneous
sensing data into identifiable icing states, such as icing onset, ice thickness, surface con-
dition, and risk level. Prediction further extends this process from the current state to its
future evolution.

Early icing prediction was based on empirical correlations and statistical regres-
sion [81,82]. These methods are simple and computationally efficient. However, their
performance is often limited by nonlinear interactions among temperature, moisture,
pavement properties, and traffic conditions. Machine learning provides a more flexible
alternative. Multisource time-series data are directly used to identify hidden patterns and
nonlinear relationships [83]. Nevertheless, purely data-driven models may perform poorly
under rare weather conditions and extrapolation scenarios. Physical constraints are increas-
ingly incorporated into learning frameworks. Digital twins provide an extension by linking
real roads with virtual models and continuously updating future icing states. Accordingly,
icing cognition is evolving from data-based recognition toward physics-informed and
digital-twin-enabled forecasting.
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4.1. Data-Driven Recognition

Data-driven methods were increasingly used to identify pavement icing states from
environmental and sensing data. Early studies mainly relied on statistical regression and
support vector machines [84-86]. More recent approaches have incorporated random
forests, gradient boosting, and deep neural networks [87,88]. Common input variables
include pavement temperature, air temperature, relative humidity, precipitation, wind
speed, water-film thickness, and friction coefficient. Time-series and multimodal data have
further improved the representation of icing evolution.

Different learning strategies have been developed for different prediction tasks. Classi-
fication models are used to distinguish dry, wet, frosty, icy, and snowy surfaces. Regression
models are used to estimate freezing time and other continuous icing parameters. Hu
et al. [89] applied an LSTM model to connected-vehicle data and achieved classification
accuracies of 100%, 99.06%, and 98.02% for dry, snowy, and icy surfaces, respectively
(Figure 9a). Shangguan et al. [90] developed an improved support vector regression
(SVR) model for icing-time prediction using field environmental data and cross-validation
(Figure 9b). More recently, large-scale datasets have enabled deep learning models to learn
more complex icing patterns. Wang et al. [91] developed the Highwaylce dataset and
the IceAlarm model using variables including temperature, friction coefficient, icing rate,
water-film thickness, and salinity (Figure 9¢c). An average absolute error of approximately
6 min was reported for ice-formation time prediction. Probabilistic learning has also been
introduced. Zhou et al. [92] used NGBoost to predict ice-formation time while providing
quantitative uncertainty information under varying meteorological conditions (Figure 9d).
These studies demonstrate the increasing capability of data-driven models in icing state
recognition and short-term prediction. Their main advantage lies in the ability to capture
nonlinear relationships without requiring explicit governing equations. However, model
reliability remains strongly dependent on data quality and representativeness. Sensor noise,
missing data, class imbalance, and variations in pavement conditions can reduce prediction
accuracy. Performance may also deteriorate under extreme weather conditions that are
poorly represented in the training data.
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Figure 9. Data-driven recognition based on machine learning. (a). LSTM networks (reprinted
from [89] under the CC BY 4.0 license). (b). The prediction accuracy of SVR (reprinted from [90]
under the CC BY 4.0 license). (c). IceAlarm model. (d). NGBoost model.
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Therefore, data-driven methods provide an effective basis for current-state recogni-
tion and short-term icing prediction. Their predictive capability remains limited when
conditions fall outside the training domain. Physical constraints and mechanistic knowl-
edge are thus required to improve model robustness and extrapolation under complex
icing conditions.

4.2. Physics-Informed Prediction

Purely data-driven models may perform poorly when icing conditions fall outside
the training domain. Physics-informed prediction provides an alternative by incorpo-
rating the governing mechanisms of pavement icing into the learning process [93,94].
Heat transfer, moisture transport, and ice-water phase transition are the main physical
processes. Their governing equations and boundary conditions can be introduced as
physical constraints [95-97]. The prediction is then guided by both measured data and
physical laws.

Physics-informed neural networks (PINNs) are a representative approach. The gov-
erning equations are incorporated into the loss function together with the data error. The
balance between physical and data constraints can also be adjusted during training. For
example, a road icing prediction model based on artificial neural networks was proposed.
Under the conditions of a learning rate of 0.7 and 5 hidden units, the model’s prediction
accuracy exceeds 90% [98] (Figure 10a). Combining wavelet transform convolution, an
improved TimesNet network was constructed for predicting and warning of high-frequency
dynamic and sudden local changes in road icing. The model achieved a prediction accuracy
of 98.83% [99] (Figure 10b). Xing et al. [100] further applied a PINN to thermal reflection
prediction during road icing. Compared with the finite difference method, the prediction
error was reduced by 94.2%. These results indicate that physical constraints can improve
prediction accuracy and physical consistency, particularly when available data are limited.
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Figure 10. Physics-informed prediction for pavement icing. (a). The road icing prediction results
(reprinted from [98] under the CC BY 4.0 license). (b). The WTConv-TimesNet for Road Icing
(reprinted from [99] under the CC BY 4.0 license).
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Despite these advantages, physics-informed models remain sensitive to the quality
of the physical description. Simplified equations may not fully represent heterogeneous
pavement structures, surface moisture, or traffic-induced disturbances. The computational
cost can also increase when multiple physical fields are coupled. Therefore, physics-
informed prediction should not replace data-driven learning. A hybrid framework is more
appropriate, in which sensing data are constrained by thermal and phase-change physics
to improve robustness under sparse data and extreme weather conditions.

4.3. Digital Twin Enabled Icing Forecasting

Digital twins extend icing prediction from isolated point forecasting to continuous
spatiotemporal forecasting. A virtual representation of the physical road is established
by integrating sensing data, meteorological information, traffic conditions, and numerical
models [14,52,101]. Real-time measurements are used to update the virtual model. Future
icing states are then predicted and fed back to the physical infrastructure.

For pavement icing, surface temperature, moisture, traffic loading, and pavement
conditions can be continuously assimilated into the digital twin. Thermal and phase-change
models were used to simulate icing evolution. Machine learning can further be introduced
to reduce the computational cost of repeated simulations. The future state of ice formation
can therefore be estimated across both time and space. Zhu et al. [102] proposed a digital
twin framework that integrates sensor, traffic, and meteorological data for early warning of
adverse road conditions, including icing and water accumulation (Figure 11a). A physics-
based road icing model and its DeepONet surrogate model were adopted to characterize
the uncertainty of icing occurrence under different cooling scenarios. In the 60 min advance
prediction, the probabilities of icing occurring in mild, moderate, and severe cooling
scenarios were 0.06, 0.54, and 0.96, respectively [103]. Yu et al. [104] combined digital
twins with multi-time-series stacking to predict highway pavement performance, achieving
a prediction accuracy of 94.90% (Figure 11b). The major advantage of digital twins lies
in continuous state updating. Local sensing data can be integrated with road-network
information to generate spatial icing maps. Changes in ice thickness, surface condition,
and icing risk can then be forecast over different time horizons. The road state can thus be
shifted from a measured condition to a continuously updated future state. This capability
provides an important basis for proactive icing management.

However, practical implementation remains challenging. Large-scale digital twins
require high computational capacity. Multisource data must also be synchronized across
different spatial and temporal scales. Missing measurements, sensor uncertainty, and
changing pavement properties can further affect model updating. Lightweight models,
reduced-order simulations, and efficient data assimilation are therefore required for real-
time deployment.

Overall, icing cognition is evolving from data-driven state recognition toward physics-
informed and digital-twin-enabled forecasting (Table 2). Because the three paradigms
differ in data requirements, physical incorporation and prediction targets, their perfor-
mance has been summarized qualitatively in Table 2. Data-driven models provide efficient
recognition and short-term prediction but rely heavily on labeled data. Physics-informed
models improve physical consistency and extrapolation by coupling sensing data with
thermal and phase-transition constraints. Digital twins integrate multisource data and
physical models to enable continuous spatiotemporal forecasting. This progression estab-
lishes a computational pathway from current-state recognition to future-state prediction,
providing quantitative inputs for subsequent icing risk diagnosis and autonomous regu-
lation. However, digital twins of icing evolution remain largely conceptually proposed
rather than validated end-to-end. The progression should be interpreted as a staged
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pathway from component-level state recognition to partial-integration future-state predic-
tion. System-scale coupling with risk diagnosis and autonomous regulation remains to
be demonstrated.
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Figure 11. Digital twin enabled pavement icing forecasting. (a). Framework for pavement diagnostics
using digital twin (reprinted from [102] under the Creative Commons Attribution License 4.0).
(b). The digital twin learning process (reprinted from [104] under the CC BY 4.0 license). The ellipsis
in panel (b) denotes i omitted individual learners.

Table 2. Quantitative comparison of icing cognition and prediction methods.

Paradigm Data Physics Output Representative Metrics
High classification accuracy
Data-driven [102] High (requires Negligible Current §tate /icing for 1c1pg-stat.e recogmt.lon;
labeled samples) time short icing-time error in a
single-dataset study
High (thermal & Good agreement between
Physics-informed Moderate phase-transition Physically consistent ~ predicted and measured
[103] constraints coupled state pavement thermal state in a
with sensing) case study
High . . Continuous Imp rc?ve?d spatiotemp oral
. . . High (continuously . prediction accuracy in a
Digital twin [104] (multi-source spatiotemporal
. updated) tunnel-pavement
fusion) future state

digital-twin case

5. From Hazard Detection to Risk Diagnosis

Ice presence alone does not define the severity of pavement icing. The same ice state
can produce different consequences under different traffic, pavement, and environmental
conditions [105,106]. Risk diagnosis is required to translate icing states into measurable
engineering risks. This section considers three risk dimensions, including mechanical risk,
durability risk and traffic risk. Mechanical risk is related to friction loss and vehicle stability.
Durability risk is associated with freeze-thaw damage and material degradation. Traffic
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risk reflects the effects of icing on vehicle operation and road capacity. These dimensions
provide complementary measures of icing severity and form the basis for subsequent
autonomous regulation.

5.1. Mechanical Risk Diagnosis

Pavement icing directly alters tire-road interaction and reduces available friction. The
friction loss is affected by ice thickness, surface temperature, ice morphology, pavement
texture, and tire conditions. Therefore, ice thickness alone cannot fully represent the
mechanical risk. The tire-road friction coefficient provides a more direct indicator of
driving safety [107-109]. Its reduction increases braking demand and weakens lateral
stability. Vehicle speed and loading further affect the safety margin. The mechanical risk
can be conceptually formulated as a function of multiple interacting variables:

R ~ f(hi, u, v, L) (2)

where I is ice thickness, y is the tire-road friction coefficient, v is vehicle speed, and L
represents vehicle loading. It is important to note that Equation (2) represents a qualitative
dependency framework. In practical applications, the specific coefficients and interaction
terms for this relationship would require site-specific calibration using field monitoring
data (e.g., from intelligent tires or roadside sensors) combined with regression analysis or
machine learning algorithms.

The link between friction and vehicle stability has been demonstrated in both simula-
tion and field-based studies. To quantify mechanical risk levels, specific thresholds were
established based on the tire-road friction coefficient (). Low risk is defined when u > 0.6,
where vehicle stability is generally maintained. Medium risk corresponds to 0.35 < u < 0.6,
requiring increased braking distances and cautious driving. High risk is identified when
u < 0.35, a critical threshold where collision frequency increases markedly and lateral
stability control becomes essential [110]. These thresholds are calibrated by local accident
data and intelligent tire feedback.

Zhu et al. [111] showed that vehicle stability can be lost even at low speed on icy
surfaces, while lateral stability control effectively reduces sideslip and lateral response
(Figure 12a). The lateral stability controller can effectively control the lateral angular ve-
locity of the vehicle during steering, significantly reducing the deviation of the vehicle’s
center of gravity sideslip angle, and suppressing lateral acceleration. An event-based traffic
analysis further showed that collision frequency decreased when the friction coefficient
exceeded 0.60 and increased markedly below 0.35 [112] (Figure 12b). Dan et al. [113]
quantitatively analyzed the effect of road surface temperature on the anti-skid perfor-
mance of wet, icy, and snowy roads by simulating different frozen road conditions in
a cryogenic laboratory. The results indicate that the anti-skid performance of icy roads
decreases as the friction coefficient decreases. The degradation rate is higher than that of
wet roads.

These results indicate that friction loss can be directly linked to safety risk. A risk
level can therefore be defined using friction and vehicle-response thresholds. Limited
friction loss corresponds to low risk, whereas severe friction degradation and unstable
vehicle response indicate high risk. Mechanical diagnosis thus provides a quantitative
link from ice state to immediate traffic safety, rather than simply identifying whether ice
is present.
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Figure 12. Pavement icing risk diagnosis. (a). The 4-wheel 8-DOF vehicle mechanical model and
its yaw velocities (reprinted from [111] under the CC BY 4.0 license). (b). Workflow of event-based
traffic empirical analysis framework (reprinted from [112] under the CC BY 4.0 license).

5.2. Infrastructure Durability Diagnosis

Icing also causes progressive pavement degradation. Repeated freezing and thawing
generate internal stresses through water expansion, thermal contraction, and ice formation
in pores. Microcracks can be initiated and accumulated with increasing freeze—thaw
exposure [114,115]. The damage mechanisms depend on pavement composition. In asphalt
mixtures, moisture damage and aggregate-binder debonding are important. In cement-
based materials, pore evolution and freeze—thaw cracking are more dominant.

Freeze-thaw exposure and traffic loading can further interact. Material damage re-
duces structural integrity, while repeated wheel loads promote crack growth. Durability
risk should therefore be assessed under coupled environmental and mechanical condi-
tions [116]. A damage index can be conceptually expressed as

D ~ f(Ngr, AT, M, L) ©)]

where Nt is the number of freeze—thaw cycles, AT is the temperature variation, M is the
moisture condition, and L represents traffic loading. Similar to Equation (2), this expression
serves as a conceptual framework identifying critical damage drivers. This relationship
needs to be quantified through accelerated laboratory freeze-thaw testing to determine
the specific damage evolution rate of the material. Then validate based on long-term
on-site performance data. The determination of durability risk thresholds [117] relies on the
degradation rate of key mechanical parameters (e.g., bending stiffness or splitting strength)
relative to the number of freeze—thaw cycles (Nr).

Experimental studies have confirmed the progressive degradation of asphalt mixtures
under freeze-thaw exposure. As shown in Figure 13, Cao et al. [118] reported reductions
in low-temperature splitting strength and water stability with increasing freeze-thaw
cycles. Islam et al. [119] further showed that bending stiffness decreased with increasing
freeze-thaw cycles, whereas the change in indirect tensile strength was less pronounced.
These results indicate that different mechanical properties exhibit different sensitivities to
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Figure 13. The influence of freeze—thaw cycles on pavement performance (reprinted from [118] under
the CC BY 4.0 license).

Therefore, durability diagnosis should not rely on a single mechanical parameter.
Strength, stiffness, water stability, and surface damage can be combined to characterize
degradation. Increasing damage accumulation corresponds to a transition from low to high
durability risk. This approach extends icing assessment from immediate traffic safety to
long-term pavement performance.

5.3. Traffic Risk Diagnosis

Icing can propagate from local pavement conditions to network-level traffic risk.
Reduced friction promotes lower vehicle speeds and more conservative driving behavior.
Traffic capacity can decrease, while travel time and congestion can increase [120-122].
Unlike mechanical risk, which focuses on individual vehicle stability, traffic risk reflects the
collective response of vehicles to icing conditions. Traffic performance can be characterized
by vehicle speed, capacity, travel time, queue length, and traffic demand. A traffic risk
index can be conceptually defined as

Rt ~ f(AV, AC, AT, Q) @)

where Av is the reduction in vehicle speed, AC is the capacity loss, AT is the increase in
travel time, and Q is traffic demand. This equation illustrates the functional dependencies
of network-level risk. To transform this conceptual relationship into a quantitative tool for
traffic management, parameters must be calibrated using microscopic traffic simulation
models (e.g., VISSIM) that are validated against historical congestion data during winter
storm events.

Traffic risk levels [123] are classified by comparing real-time traffic parameters against
baseline free-flow conditions. The effects of icing on traffic stability have been observed in
cold-region roads. As shown in Figure 14, Pei et al. [124] showed that traffic congestion on
snowy and icy roads exhibited greater fluctuations and faster transitions than under normal
conditions. Spatial congestion was also less stable. Other studies showed that intersection
delay increases with snowfall severity and traffic demand [125], indicating a progressive
reduction in traffic-carrying capacity under adverse winter conditions. Data-driven and
traffic-flow models are used to quantify these effects. Icing forecasts can be combined with
traffic demand and road-network information to identify sections with high operational
risk [126]. The spatial distribution of icing can then be linked to changes in speed, capacity,
and delay. The diagnosis chain can be summarized as icing severity, vehicle response,
traffic degradation and network risk.
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Figure 14. Traffic congestion patterns on snowy and icy roads identified by clustering analysis
(reprinted from [124] under the CC BY 4.0 license).

Thus, icing diagnosis can be extended from individual vehicle safety to network-level
operational performance. This provides a quantitative basis for identifying critical road
sections and supporting subsequent autonomous regulation.

Icing risk should be characterized by its engineering consequences (Table 3). Mechani-
cal diagnosis quantifies immediate vehicle safety through friction and stability. Durability
diagnosis captures long-term pavement degradation under freeze-thaw and traffic loading.
Traffic diagnosis extends local icing effects to network-level capacity and delay. These
three dimensions establish a multiscale pathway from icing state to safety, durability, and
operational risk, and provide quantitative inputs for autonomous decision-making and reg-
ulation. However, a unified risk diagnosis continuously coupled with sensing, prediction,
and regulation remains conceptually proposed.

Table 3. Quantitative framework for icing risk diagnosis.

Risk Dimension Scale Key Variables Quantitative Indicators Risk Output
Mechanical . Braking distance, .
[127-129] Vehicle hi, u,v, L sideslip Safety risk
Durability Strength loss, en
[130,131] Pavement Ngr, AT, M, L stiffness loss Durability risk
Traffic [132-134] Network AV, AC, AT, Q Speed loss, capacity, loss, delay Traffic risk

6. Autonomous Icing Regulation and Adaptive Mitigation

Icing control is shifting from passive response toward adaptive regulation. The control
objective is not limited to ice removal. Ice formation and adhesion should be suppressed
with minimal energy input. Functional materials provide passive adaptation through
surface and thermal regulation [64]. Active thermal regulation is introduced when the
icing risk becomes critical [135]. These functions can be further integrated with sensing
and prediction to establish a closed-loop management system.

6.1. Passive Adaptation

Passive adaptation is achieved by regulating the pavement-ice interface or pave-
ment thermal state. Superhydrophobic surfaces reduce water retention and interfacial
contact [136,137]. Ice nucleation and adhesion can be suppressed. Their performance is
mainly governed by surface wettability, texture, and surface chemistry.
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Thermal regulation provides another passive strategy. Geothermal systems can use
subsurface heat to moderate pavement temperature and reduce icing probability [138].
Phase-change materials can regulate pavement temperature through latent heat storage
and release [139] (Figure 15a). Liu et al. [140] reported that phase-change asphalt reduced
thermal conductivity by more than 50%, increased temperature regulation efficiency by over
30%, and improved ice-melting capacity by more than 20% (Figure 15b). Other functional
additives are shown to reduce the freezing point to —12.9 °C, indicating enhanced resistance
to icing [141] (Figure 15c).

Tce and snow melting ability

Improvement Rate
Melting time (Min)

035% 0.4% 0.45%
I (cc and snow melting ability mprovement Rate Note: S1-S9 represent samples with different anti-icing additive.

Figure 15. Passive adaptation deicing method. (a). Example of thermographic image used to validate
IoT sensor data, confirming higher surface temperatures in the thermally activated section (reprinted
from [139] under the CC BY 4.0 license). (b). Phase-change permeable asphalt mixture ice- and snow-
melting capacity value test results (reprinted from [140] under the CC BY 4.0 license). (c). Melting
efficiency results (reprinted from [141] under the CC BY 4.0 license).

These strategies provide different forms of passive adaptation. Surface modification
mainly regulates interfacial ice formation and adhesion, whereas thermal materials regulate
the pavement temperature. Their combined use may improve icing resistance without
continuous external energy input. However, performance can deteriorate under surface
abrasion, material aging, moisture exposure, and repeated freeze—thaw cycles. Long-
term durability and service-life stability should therefore be considered alongside initial
anti-icing performance.

6.2. Active Regulation

Passive adaptation may not be sufficient under severe icing conditions. Active thermal
regulation is required when the pavement state approaches a critical risk level. Conduc-
tive materials and embedded heating elements provide direct thermal control [142-144].
However, continuous heating over large pavement areas requires substantial energy.
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Carbon-based conductive fillers, such as graphite and carbon fiber, are commonly
used to establish conductive networks within asphalt mixtures. Li et al. [145] reported a
heating efficiency of 78.85% and an ice-melting efficiency of 50.03% for conductive asphalt
concrete containing 30% graphite and 0.4% carbon fiber (Figure 16). Conductive asphalt
with enhanced mechanical performance was developed through the incorporation of SBS-
modified asphalt and carbon black [146]. However, large-area and continuous heating remain
energy intensive. Energy harvesting can provide an alternative power source for localized
thermal regulation. Mechanical energy from traffic and environmental thermal gradients can
be converted into electrical energy by triboelectric, piezoelectric, or thermoelectric systems.
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Time (min)

—=— Internal temperature of the specimen

The simulated deicing test

+— Surface temperature of the specimen
—— Ambient temperature

Figure 16. Conductive asphalt concrete and its performance (reprinted from [145] under the CC BY
4.0 license).

The harvested energy can be stored and supplied when the icing risk reaches a critical
level. The energy balance can be expressed as

Eheat < Eharves’f + Estored (5)

where Ej,oy; is the energy required for thermal regulation, Ep,pves; is the harvested energy,
and Eg;ypeq is the stored energy.

However, in practical applications, the effective energy balance is governed by system
efficiencies and environmental losses. The actual available energy (E,y,i;) for heating can
be refined as

Eavail = Enarvest X Heconv X fstor — Elogs (6)

where #conv represents the conversion efficiency of the harvesting system (e.g., thermoelec-
tric or piezoelectric efficiency), #stor denotes the round-trip efficiency of the energy storage
device, and Ej,gs accounts for transmission and self-discharge losses.

The required heating power (Preq) must compensate for rapid heat dissipation. Un-
like ideal conditions, significant thermal energy is lost to the underlying pavement layers
via conduction and to the cold air via convection. Therefore, the heating system is de-
signed with a safety margin to overcome these dynamic thermal losses. Additionally,
low-temperature performance poses a critical challenge. Extreme cold can degrade the
output voltage of thermoelectric modules if the temperature gradient is insufficient, and it
typically reduces the charge acceptance and discharge capacity of electrochemical storage
systems. Consequently, the energy management strategy must adapt to these temperature-
dependent efficiency drops to ensure reliable de-icing performance.

This approach supports localized and event-triggered heating rather than continuous
heating. Heating intensity can be adjusted according to icing severity. Energy demand
can therefore be reduced while the required pavement function is maintained. The key
challenge is to match the available harvested energy with the thermal demand under
realistic traffic and weather conditions.
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6.3. Closed-Loop Risk-Based Control Framework

Passive and active regulation can be integrated with intelligent perception and icing
prediction to form a closed-loop control framework. This framework distinguishes between
four key stages, including sensing, prediction, decision-making, and actuation. Pavement
states are acquired through distributed sensing, and future icing conditions are predicted
using data-driven or physics-informed models. Based on these predictions, a control
decision is made by comparing the risk with predefined thresholds [147-149]. Finally,
actuation is triggered. Passive adaptation is maintained under low-risk conditions, whereas
active regulation is activated when the risk becomes critical. The pavement response is
subsequently measured and used to update the control state.

Dynamic thermal control and risk-based prediction have demonstrated component-
level feasibility of parts of this framework. In a laboratory-scale experimental study, Chen
et al. [150] developed a thermoelectric cooling system for active pavement temperature
control. The target temperature was tracked with a steady-state error below 0.08 °C and
an accuracy of 99.7% (Figure 17a). Although this study was conducted under controlled
conditions rather than in a full-scale field environment, it validated the high-precision
capability of the actuation stage. Mo et al. [151] further developed a data-driven icing
risk threshold model for geothermal deicing. The system achieved a prediction accuracy
of 90.7%, with an average prediction error of 0.71 min (Figure 17b), which supports the
reliability of the prediction stage. These results quantitatively validate the actuation and
prediction stages, respectively, and provide a technical foundation for future field-scale
integration. The closed-loop process can be conceptually defined by sensing, predic-
tion, decision, regulation, and feedback. Control intensity and regulated areas can be
adjusted according to the spatial and temporal evolution of icing. While full autonomy
requires further integration, this risk-based approach allows regulation to be initiated
before severe icing develops. This reduces the dependence on reactive control and unnec-
essary energy input. Such a framework provides a foundation for intelligent cold-region
transportation infrastructure.

As summarized in Table 4, passive systems modify the interfacial or thermal state,
while active systems provide direct and localized thermal control. The proposed have
heterogeneous evidence levels: heating efficiency up to 78.85% is a material-level demon-
stration, temperature-tracking accuracy of 99.7% is a component-level thermal-control
demonstration, and icing-risk prediction accuracy of 90.7% is a model-level validation in
a separate case. These results support the feasibility of individual functions toward au-
tonomous icing management, but they do not yet demonstrate an end-to-end autonomous
icing system.

Table 4. Component-level quantitative performance of adaptive icing regulation.

. Quantitative N
Strategy Mechanism Performance Key Limitation
Phase-change asphalt Thermal reeulation k > 50%; regulation rate: >30%; Thermal
[140] & ice-melting > 20% capacity
Conductive . Heating efficiency: 78.85%;
asphalt [145] Joule heating ice-melting: 50.03% Energy demand
Active thermal Temperature 0. ) o
control [150] tracking Error < 0.08 °C; accuracy: 99.7% Power supply
Risk-based . ) o) . ) . Data
control [151] Dynamic threshold Accuracy: 90.7%; error: 0.71 min dependence
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Figure 17. Autonomous icing management. (a). Structural design diagram of active simulation
device (reprinted from [150] under the CC BY 4.0 license). (b). Two-stage experimental process and
prediction results in cold pavement (reprinted from [151] under the CC BY 4.0 license).

7. Conclusions and Future Perspectives

This review establishes an integrated framework linking icing evolution, multiscale
perception, state cognition, risk diagnosis, and autonomous regulation for cold-region
transportation infrastructure. The results show that pavement icing should be treated as a
dynamic infrastructure state shaped by coupled thermal, moisture, interfacial, mechanical,
and structural processes. Recent advances in environmental sensing, self-powered sensing,
data-driven recognition, physics-informed prediction, and digital-twin modelling provide
complementary capabilities for identifying icing states. This framework can support risk-
based maintenance, adaptive thermal regulation, and closed-loop decision-making, thereby
reduce passive intervention and improve operational safety. However, the reviewed litera-
ture remains limited by fragmented validation conditions, short-term monitoring, scarce
field-scale deployment, inconsistent datasets, and insufficient assessment of long-term
durability under realistic traffic and climate loading. Current evidence mainly supports
individual subsystems, including mechanism characterization, sensing modules, recog-
nition algorithms, prediction models, and laboratory-scale thermal actuation, whereas
network-scale multimodal sensing, unified risk diagnosis, and infrastructure-level closed-
loop regulation remain conceptual and require systematic validation.

As shown in Figure 18, future research should move beyond isolated sensing and
control toward autonomous ice-resilient infrastructure.
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@

Self-powered icing intelligence

The sensing systems will move from battery-powered nodes toward self-powered
distributed perception. TENG, PENG, and TEG technologies can convert traffic and envi-
ronmental energy into both power and sensing signals. The key challenge is long-term op-
eration under low temperature, moisture, abrasion, and repeated loading. Multi-functional
self-powered sensors may provide a basis for continuous icing intelligence.

@)

Al foundation models for icing

Icing prediction will evolve from task-specific models toward icing foundation models.
Large-scale meteorological, pavement, traffic, and icing datasets can be jointly learned.
Physical constraints can also be incorporated to improve reliability under unseen weather
conditions. A dedicated foundation model could support icing-state recognition, evolution
prediction, and risk assessment within a unified framework.

®)

Infrastructure-scale sensing networks

Icing perception should be extended from single-point monitoring to road-network
sensing. Distributed self-powered nodes, connected vehicles, roadside sensing, and remote
observations are jointly used. Spatial data fusion should enable continuous icing maps
across road networks. Adaptive sensor deployment and edge computing are important for
reducing communication and computational costs.

@)

Digital twins of icing evolution

Future digital twins represent not only the current pavement state but also icing
evolution and accumulated damage. Thermal state, ice growth, traffic loading, and freeze—
thaw degradation are coupled within the virtual model. Continuous data assimilation
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keeps the digital twin synchronized with the physical road. This would enable both
short-term icing forecasting and long-term infrastructure health management.

(5) Self-adaptive roads

The ultimate goal is to develop roads that can sense, predict, respond, and adapt.
Surface materials, sensing units, energy systems, and thermal regulation should be co-
designed as an integrated infrastructure. The control state could then be adjusted according
to local icing risk. Such systems would move road infrastructure from externally controlled
assets toward self-adaptive and autonomous transportation systems.

The future of cold-region transportation infrastructure lies not only in better ice
detection but also in roads that can perceive their environment, anticipate icing evolution,
assess its consequences, and adapt their own functional state.
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