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ABSTRACT: Potholes, recognized as the second most frequent pre-crash event, severely compromise traffic safety while posing critical threats
to vehicle structural safety and ride comfort. Existing countermeasures, primarily active suspension control and longitudinal speed regulation,
struggle to mitigate these structural impacts without increasing the probability of multi-vehicle conflicts, particularly rear-end collisions.
Leveraging the extended preview information regarding pothole geometry and locations provided by vehicle-to-everything (V2X) communication,
this study proposes a vehicle-dynamics-aware motion planning framework that introduces proactive intra-lane lateral maneuvering to expand
conventional mitigation strategies. The framework systematically integrates microscopic tire-pothole impact mechanics, vertical quarter-car
dynamics, and car-following behaviors into a unified closed-loop simulation environment. A curriculum learning strategy is incorporated into the
Soft Actor-Critic (SAC) algorithm to progressively increase task complexity, thereby mitigating the training instability caused by abrupt and sparse
physical impact penalties. Comprehensive simulations covering diverse pothole geometries, preview distances, speed ranges, and car-following
interactions validate the framework. For geometrically avoidable hazards, the trained policy executes proactive lateral bypassing, achieving a
95.8% impact-load compliance rate while reducing travel time over the defined pothole-passage interval by approximately 50%. Under
unavoidable conditions, the policy performs adaptive speed regulation, achieving a 46.7% impact-load compliance rate while reducing the rear-
end collision rate from 13.3% to 1.7% compared with braking-heavy baselines. Overall, this approach expands vehicle capabilities in localized
hazard mitigation, demonstrating the potential of integrating low-level physical dynamic boundaries into motion planning frameworks.

KEYWORDS: pothole handling; intelligent connected vehicles; motion planning; vehicle dynamics; traffic safety; reinforcement learning; soft
actor-critic (SAC)

1 Introduction To mitigate pothole hazards, vehicles rely primarily on active

Pothole hazards pose severe operational risks to both human-driven suspension control and longitudinal speed regulation (Audi UK, 2017;
BYD Global, 2023; Huang et al., 2023; Wu et al., 2020; Zhang et al., 2023).

These interventions depend heavily on onboard line-of-sight sensors,

and autonomous vehicles, constituting one of the most frequent pre-

crash events (National Highway Traffic Safety Administration,

2002, 2006, 2009). When encountering these road-surface defects, such as cameras and LiDAR, to detect road-surface defects (Chaaban et

drivers typically suffer from limited preview time and delayed reaction al, 2025; Daimler Communications, 2017; Jaguar Land Rover, 2015;

capabilities. Consequently, rather than executing smooth and safe Zhao et al,, 2024), which inherently restricts the preview horizon due to
maneuvers, they are frequently forced into instinctive and abrupt sensing ranges and visual occlusions. While these systems provide
evasive actions, such as severe hard braking or sudden steering. These essential localized detection and enable basic impact mitigation (Huang

abrupt maneuvers destabilize the ego vehicle, disrupt following traffic, etal, 2023; Liu et al, 2024; Theunissen et al,, 2021; Wu etal, 2020), such

and may contribute to single-vehicle road departures and multi-vehicle strategies exhibit inherent physical and interactive limitations. While

rear-end collisions (Ahmad et al., 2023; Khattak et al., 2021). active suspensions are designed to absorb vertical shocks, they are
Furthermore, the high-speed traversal of these geometric constrained by limited actuator strokes; under severe pothole
discontinuities generates transient impact loads capable of damaging excitations, the suspension easily exhausts its travel limit, transmitting
chassis and suspension components (Radu et al., 2023; Zhang et damaging rigid impacts directly to the vehicle chassis (Theunissen et
al, 2020). Such widespread structural degradation results in al, 2021; Wu et al, 2020). Similarly, although longitudinal speed
substantial economic losses, inflicting an estimated $3 billion in annual regulation lessens impact severity, the requisite aggressive braking

vehicle repair costs (AAA East Central, 2024; AAA Western and abruptly disrupts traffic flow and exacerbates rear-end collision risks,
Central New York, 2023). Therefore, mitigating pothole hazards particularly in tight car-following scenarios (Du et al., 2022; Sun et al,,

can be viewed as a coupled challenge of ensuring vehicle structural 2018). Crucially, conventional systems manage vertical impacts and
safety and maintaining interactive traffic stability, which urgently longitudinal kinematics in isolation, forcing a rigid compromise:
requires proactive interventions through intelligent autonomous prioritizing chassis protection endangers rear-end safety, whereas
driving systems. sustaining longitudinal velocity risks severe structural damage (Du et

al,, 2022; Hussain et al,, 2025; Wu et al,, 2020; Zhang et al., 2023).
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The advent of vehicle-to-everything (V2X) communication and
cloud-based  hazard beyond-visual-range
information sharing (DiLorenzo and Yu, 2023; Jaguar Land Rover,
2015). By aggregating and broadcasting defect data across connected
networks, these technologies establish an extended preview horizon
that overcomes the spatial limitations of conventional line-of-sight
sensors (Du et al, 2022; Zhang et al, 2023). This extended spatial
awareness empowers intelligent vehicles to acquire pothole

services facilitates

information well before reaching the hazard, securing the crucial time
window required for proactive interventions. Specifically, the extended
preview unlocks the operational space necessary for tactical motion
planning, given our empirical finding that 71.4% of potholes can be
safely bypassed within the ego-lane. It enables the execution of smooth,
coordinated lateral-longitudinal maneuvers—such as proactive intra-
lane bypassing or adaptive speed regulation.

To exploit the extended operational space provided by connected
hazard information, this study proposes a vehicle-dynamics-aware
motion planning framework for proactive pothole-hazard mitigation.
Specifically, by constructing a reinforcement learning environment that
integrates multi-scale simulations, the proposed framework unifies
transient tire-pothole impact mechanics and interactive traffic
constraints within a closed-loop evaluation system. The main
contributions of this study are summarized as follows:

1) A vehicle-dynamics-aware motion planning framework is
proposed to expand vehicle capabilities in mitigating pothole hazards,
underpinned by a multi-scale closed-loop simulation environment.
This environment systematically integrates microscopic tire-pothole
impact mechanics, vertical quarter-car dynamics, and car-following
behaviors, thereby providing the multi-domain physical feedback
necessary to drive reinforcement learning policy optimization.
Through the learned policy, the framework enables flexible maneuvers,
including proactive intra-lane lateral bypassing, straddling, and
adaptive speed regulation.

2) A curriculum learning strategy is integrated into the Soft Actor-
Critic (SAC) framework to mitigate the learning instability caused by
abrupt and sparse physical impact penalties. By progressively exposing
the SAC agent to increasingly complex pothole geometries and traffic
conditions, this tailored training paradigm ensures robust policy
convergence in the highly non-convex, multi-objective pothole-
handling task.

The remainder of this paper is organized as follows: Section 2
reviews related literature on vehicle control technologies for pothole-
hazard driving and reinforcement learning applications. Section 3
presents the proposed methodology, detailing the physics-informed
impact mechanics model, the vehicle-dynamics-aware motion
planning framework, and the curriculum learning strategy. Section 4
describes the experimental setup. Section 5 presents the experimental
results, focusing on learning dynamics and emergent pothole-handling
strategies. Section 6 presents an illustrative sequential-hazard case and
discusses study limitations. Finally, Section 7 summarizes the main
findings and outlines directions for future research.

2 Literature Review

2.1.  Vehicle Control Technologies for Pothole-Hazard
Driving

Research on pothole hazards has gradually evolved toward
integrated vehicle control and planning methodologies that exploit
preview information to reduce impact loads and ride discomfort
while ensuring executable motion (Chaaban et al., 2025; Jaguar
Land Rover, 2015). At the system level, numerous studies have
incorporated pothole detection and evasion into autonomous driving
perception modules provide pothole
localization together with geometric information, and subsequent

architectures, where
planning or control modules generate feasible avoidance strategies
(Chaaban et al., 2025; Daimler Communications, 2017; Jaguar
Land Rover, 2015; Zhao et al., 2024). These integrated systems
improve the feasibility of pothole-aware autonomous driving;
however, many existing formulations still treat pothole handling
primarily as a geometric avoidance problem. As a result, planning
and control layers often overlook physically informed objectives and
constraints that directly characterize transient wheel-pothole
interactions and the resulting vertical dynamics, even though these
factors are critical for evaluating structural risk and ride comfort
during pothole encounters.

Within the control and motion-planning literature, pothole impact
mitigation has mainly developed along two complementary
directions, namely preview-based suspension control and
longitudinal speed regulation. Preview-based suspension control
utilizes look-ahead road information to proactively adjust active or
semi-active suspension responses, thereby reducing body vibration
and wheel-load variation compared with purely reactive strategies
(Theunissen et al., 2021). In parallel, longitudinal speed regulation
mitigates pothole-induced excitation by adapting the traversal speed
before wheel entry, because the resulting vertical disturbance jointly
depends on road geometry and vehicle speed (Sun et al., 2018).
Building on these insights, recent studies have increasingly combined
preview suspension control with velocity planning to jointly balance
ride comfort, longitudinal smoothness, travel efficiency, and impact
mitigation (Huang et al., 2023; Liu et al., 2024; Wu et al., 2020).
Nevertheless, these approaches remain largely centered on
longitudinal mitigation of the previewed disturbance, with limited
consideration of lane-bounded lateral maneuvering opportunities
and interactive traffic constraints.

Beyond comfort-oriented control, pothole-aware planning has
increasingly incorporated safety considerations arising from vehicle
interactions. Recent work has inferred road-induced vibration from
the vertical response of a leading vehicle, thereby enabling
anticipatory speed planning while maintaining interaction safety
(Zhang et al., 2023). Such developments suggest that pothole-
hazard driving is no longer merely a problem of individual vehicle
vibration management, but rather an interactive planning and control
problem under limited observability.

2.2. Reinforcement Learning for Motion Planning and
Vehicle Control

Reinforcement learning (RL) has been widely studied as a unifying
framework for motion planning and vehicle control because of its
ability to optimize policies in nonlinear and stochastic environments
through iterative interaction. By encoding multiple objectives within a
structured reward design, RL enables coordinated optimization across
safety, comfort, efficiency, and constraint satisfaction. Existing surveys
have categorized RL applications throughout the autonomous driving

(B 72 4mm | Sci@pen

Tsinghua University Press



3

stack, including high-level behavior planning in interactive traffic,
motion planning under complex kinematic and dynamic constraints,
and low-level tracking and stabilization control (Aradi, 2022; J. Hu
et al., 2025; Wu et al., 2024). Collectively, these studies indicate
that RL is particularly advantageous in long-tailed or highly
interactive scenarios where handcrafted rules are often insufficient.
A parallel line of research has investigated RL for vehicle control
problems characterized by strong dynamic coupling and parametric
uncertainty. In such settings, conventional controllers may be sensitive
to modeling inaccuracies or varying operating
Representative applications include suspension vibration mitigation,
preview-based chassis control, and speed planning over rough or

conditions.

degraded road surfaces, all of which involve nonlinear dynamics and
competing performance objectives (Du et al., 2022; Wang et al., 2023;
Zhao et al,, 2024). Recent developments have increasingly incorporated
physics-guided and constraint-aware learning formulations, in which
action spaces are restricted to physically meaningful control variables
and safety-critical bounds are explicitly enforced to improve
deployability and reduce unsafe exploration (Zhao et al., 2024).

Safety concerns have further driven the development of safe RL for
autonomous driving, since unconstrained exploration is incompatible
with safety-critical applications. Recent reviews have emphasized
constrained optimization, risk-sensitive objectives, and formal safety
filters designed to enhance constraint satisfaction during both training
and deployment (Fang et al, 2025; Inamdar et al, 2024). Hybrid
architectures that combine RL with model predictive control (MPC)
have also emerged, leveraging the structural guarantees and
constraint-handling capability of MPC while allowing RL to adapt
controller parameters across varying conditions (Wang et al, 2023).
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These studies suggest that practical RL-based planning and control
benefits from structured formulations that explicitly unify physical
constraints, interaction safety, and real-time feasibility within a closed-
loop evaluation framework.

In the context of pothole-hazard driving, the key challenge lies not
merely in selecting RL as an optimization tool, but in constructing an
RL-compatible problem formulation and training environment that can
accurately capture wheel-pothole impact mechanics, vertical vehicle
dynamics, and interaction-safety constraints within surrounding traffic.
This perspective motivates the development of multi-physics
simulation environments and maximum-entropy RL formulations
capable of learning motion planning strategies under sparse reward
feedback and heterogeneous pothole geometries while maintaining
physically interpretable safety compliance (Aradi, 2022; Fang et al,
2025; Inamdar et al., 2024).

3 Methodology

This section presents the proposed hierarchical framework for
pothole-aware motion planning. As illustrated in Fig. 1, the
framework integrates tactical motion planning with detailed
modeling of vehicle-road interaction mechanics within a closed-loop,
multi-physics simulation environment. The architecture simulates
interactive traffic dynamics concurrently with mechanism-informed
structural impacts to assess risks and define failure boundaries.
Within this hierarchy, a high-level RL agent processes the scenario
state and outputs a tactical action consisting of a target speed and a
target lateral offset.
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Fig. 1. Overall framework of the proposed vehicle-dynamics-aware hierarchical autonomy for pothole hazards.

3.1. Impact Mechanics Modeling
To quantitatively evaluate the risk of structural damage during
pothole traversal, we model the problem from a multibody contact

dynamics perspective rather than relying solely on classical vertical
vibration theory (Radu et al., 2023; Zhang et al., 2020). This formulation
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is necessary to capture the impulsive loads associated with tire and rim
failures.

The adopted quarter-car and tire-pothole impact models quantify
vertical response and transient wheel-impact loads but do not
represent coupled lateral-vertical dynamics, vehicle roll, lateral load
transfer, or tire-force saturation.

3.1.1. Suspension Dynamics via Quarter-Car Model

The vehicle vertical response is modeled using a 2-DOF quarter-car
system consisting of a sprung mass msand an unsprung mass m,,.
The upward vertical direction is defined as positive. The variables z
and z, denote the dynamic displacements of the sprung and
unsprung masses from their static equilibrium positions, respectively,
while z, denotes the road-profile displacement relative to the
nominal road plane. Because the equations are expressed relative to
static equilibrium, gravitational and static tire-load terms do not
explicitly appear.

Defining the suspension deflection and relative velocity as

Az =2z,—127,, Az=12%,-17,
the equations of motion are
myz, = —F,, (1)
{muiu = Fs - Ftire,z'

where F is the force transmitted through the suspension and
Fiire is the signed vertical tire-restoring force associated with the
road-profile input.

The suspension force comprises the linear spring force, asymmetric
damping force, and bump-stop force:

FS = ksAZ'I'Fdamp +Fbsi (2)
CsrepAz, AZ >0,
Faamp = {cs'compAz, Az <0, @)

and

Fig. 2. Proposed mechanism-informed model for tire-pothole

edge impact analysis.
kb (AZ - Zmax)' Az > Zmax»
Fys = kb(AZ + Zmax)J Az < ~Zmax (4)
0, | AZ |< Zpyay,

Under the continuous-contact approximation, the signed vertical
tire-restoring force is expressed as

Ftire,z = kt(zu - Zr) + ct(zu - Zr): (5)

where k, and c, are the vertical stiffness and damping coefficient
of the tire, respectively.

Eqs. (1)-(5) describe the road-profile-induced quarter-car response.
The wheel-pothole edge-impact model introduced in Section 3.1.2 is
evaluated separately, and its contact force is not superimposed on Eq.
(1). The quarter-car model provides the sprung-mass acceleration and
dynamic tire-load response, whereas the edge-impact model
provides the peak contact load used in the structural-durability
evaluation. This separation avoids double counting of the pothole
excitation.

3.1.2. Wheel-Pothole Impact Dynamics

When the wheel encounters the leading edge of a pothole at high
speed, a short-duration but high-magnitude impact load is generated
(Radu et al.,, 2023; Zhang et al., 2020). To capture this process,
we adopt a reduced-order contact-impact formulation that accounts
for the wheel’s forward motion and the local wheel-edge contact
geometry, as illustrated in Fig. 2. At the onset of contact, the critical
contact angle & is determined by the pothole depth 2, and the
effective tire radius A%

b,
0, = arccos (1 - —) (6)
R,
where 2, denotes the pothole depth and 4 denotes the effective

tire radius. The normal contact force is modeled using a penetration-
based nonlinear contact law with a Hunt-Crossley-type velocity

correction:
F, = max(K.8"(1 + a.v,.), 0) 7

where A7 is the effective contact stiffness, J is the normal
penetration depth, 7is the contact force exponent, @z is the velocity
correction coefficient, and 2 is the compressive normal relative
velocity at the contact point.
Tangential interaction is modeled using Coulomb sliding friction:
F f= HF n (8)
where pis the sliding friction coefficient. The resultant contact force
is decomposed into longitudinal and vertical components according
to the instantaneous contact angle 6:
{Fx =F,sin0 + F; cos 6 ©)
F, =F,cos0 — F;sin0

To quantify the severity of the edge strike, we define the
peak resultant wheel-hub load during the impact interval as

Fpeqw = max /FA(t) + F2(t) (10)

t€[0, Timp ]
where 7w denotes the effective contact duration. This physics-
based metric is used as the impact-load indicator in the subsequent
tactical decision-making process. The key parameters of the impact
model are summarized in Table 3.
3.2. Hierarchical Planning Framework
The proposed framework adopts a vehicle-dynamics-aware
hierarchical architecture that separates tactical action generation from
trajectory realization. The internal architecture of the planning agent
isillustrated in Fig. 3. As shown in Fig. 3, the system operates through
a closed-loop interaction between three core modules: a high-level
strategic layer, a low-level execution layer, and a physics-informed
simulation environment. Unlike conventional continuous control
where the policy operates at a high frequency (e.g., 10 Hz), our tactical
decision-making is formulated as an episodic, single-step
optimization problem. Upon previewing a hazard, the agent selects a
one-step tactical decision, and the episode terminates after the low-
level controllers execute the maneuver and physical outcomes are
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evaluated. Consequently, the process is modeled as a continuous-
action contextual bandit problem, or equivalently, a single-step
Markov Decision Process (MDP) defined by the tuple (S, A, R)
without a temporal discount factor.

High-Level Tactical Layer

Strategic Decision-Making
(SAC Policy mg)

Tactical Intention

v at [Vig s Vgoull

Low-Level Execution Layer

Reference
Path

Prer(D)

Trajectory Generation
(Bézier Curve)

Pisrz

Control Commands

\/ [Throttle, Steering]

Simulation Environment

Fig. 3. Architecture of the hierarchical decision-making and low-

level execution layers.

e State SpaceS: Encodes the initial mission context s0 at the exact
moment the pothole is previewed, including the ego vehicle’s
kinematics (e.g., initial velocity v.g,), the pothole’s geometric
attributes (length Ly, width W}, depth Dp), and the relative state of
surrounding traffic.

e Action SpaceA: A continuous space representing the one-step
tactical action u = [V, ¥iq¢ | Here, v,g denotes the target
traversal velocity, and y,, specifies the target lateral offset within
the lane boundaries.

e RewardR: Maps the selected tactical action and its resulting
episode outcome to a scalar return that encodes trade-offs among
passage efficiency, rear-end safety, ride comfort, and structural
durability.

The high-level policy 76 (1 | s4) is optimized using the Soft Actor-
Critic (SAC) algorithm (Haarnoja et al., 2018). Although typically
applied to sequential tasks, SAC is particularly advantageous in this
single-step context due to its maximum-entropy framework. In our
highly constrained environment, naive optimization frequently
causes the policy to collapse into suboptimal local minima (e.g.,
passive hard braking without lateral avoidance). SAC’s entropy
regularization promotes robust exploration in the continuous tactical
action space. Under this single-step formulation, the critic is trained
from the terminal reward of the selected tactical action, while the
entropy term helps preserve exploration diversity. The selected
tactical action is subsequently executed by the low-level layer, where
a quintic Bézier generator constructs a smooth reference path and the
Stanley and PID controllers generate the steering and longitudinal
commands. The lateral offset, steering command, and curvature-
dependent execution speed are bounded during trajectory generation
and tracking, as detailed in Section 4.1.

3.3. Reward Function

The reward function is designed to balance passage efficiency, rear-
end interaction safety, ride comfort, and structural durability.
Because the framework operates as a single-step decision process and
the low-level controller is designed to complete the maneuver,
premature termination cannot be exploited to avoid penalties.
Accordingly, the episode return is formulated as the negative
weighted sum of physically grounded penalty terms. The total
reward Ry, is defined as

Rtotal = Weff reff + Wrear Trear + Wcomf rcomf + Wdura T dura (11)
where Worr, Wioar, Weomp, Waurg > 0 are  scalar  weights  that
prioritize competing objectives, and each r < 0 is a physically
grounded penalty term computed over the episode rollout.

3.3.1. Passage Efficiency

To discourage overly conservative behaviors such as unnecessary
stopping or crawling, the agent is penalized for the squared relative
delay. To support magnitude normalization across heterogeneous
scenarios, the efficiency penalty is normalized by the reference travel

time:
2

max(0, T,., —T
Teff = —< (0. T ref)) (12)

T,ef

where Tt denotes the elapsed time from episode initialization, with
the ego vehicle located at x = 0, until it reaches x = x + 5 m, where x,
is the longitudinal position of the pothole center. The reference travel
time is defined as Trr = (xy + 5)/vini, representing the time required to
cover the same distance at the initial vehicle speed vinit.
3.3.2. Traffic Safety

Rear-end collision risk induced by aggressive braking is
quantified using the inverse time-to-collision (iTTC) relative to the
following vehicle. The traffic-safety penalty is accumulated over

the episode rollout as
N

Fooar = —Z(max(O, iTTC, — iTTCy))? 13)
k=1

Following empirical car-following safety analyses (Hussain et al,,
2025), we set iTTCar = 0.33 s (corresponding to TTC = 3.0 s) to
maintain a conservative car-following safety margin.
3.3.3. Ride Comfort

Ride comfort is evaluated using ISO-weighted sprung-mass
accelerations in the vertical and longitudinal directions. To accurately
reflect human perception, the raw accelerations are filtered using the
ISO 2631-1 frequency weighting, yielding ISO-weighted sprung-
mass accelerations azw and ax,w. The unified comfort penalty is
defined as

Teoms = — (RMS(az,,)" + Wipn RMS(a,)’) (14)

where wy,, balances longitudinal braking intensity against the

. . . _ |1on 2.
primary vertical suspension response. Here RMS(x) = fﬁ k=1 X31S

computed over episode samples, and the ISO 2631-1 weighting is
realized in discrete time at the simulator sampling interval At.
3.3.4. Structural Durability

This component explicitly enforces the vehicle-dynamics-aware
safety constraint, targeting the risk of wheel and rim damage during
edge strikes. The penalty activates when the peak resultant force /A
exceeds a warning threshold Aiyar:

2

r __ ma X(O' Fpeak - Fwarn) (15)
dura Flim - Fwarn
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where Fy;,,, denotes the catastrophic rim failure limit. Based on full-
vehicle impact experiments (Zhang et al., 2020), we set F 4 =
10.6 kN to represent the onset of potential mechanical damage and
Fi;m = 15.15 kN as the hard physical boundary.
3.3.5. Reward Calibration

The objective weights are empirically tuned following the
principle of magnitude normalization, such that the unweighted
penalty components (7ef, v, fomy, i) remain within the same order
of magnitude under typical pothole encounter scenarios. This
normalization prevents any single metric with inherently large
numerical scale from dominating gradient updates. Building upon
this baseline, scalar weights are further adjusted to reflect safety-
first priorities in mixed traffic, where durability and comfort are
prioritized over efficiency. The detailed parameter configuration is
summarized in Table 1.

Table 1. Configuration of reward function weights.

Objective component Symbol Value
Passage Efficiency Werr 1.0
Traffic Safety Wrear 10.0
Unified Ride Comfort Weoms 10.0
Longitudinal sub-weight Wion 1.0
Structural Durability Waura 20.0

3.4. Curriculum Learning Strategy

In the high-speed pothole-handling task, the agent faces a highly
non-convex reward landscape caused by the coupling among
impact safety, ride comfort, traffic interaction, and lane-bounded
maneuvering. Standard reinforcement learning often struggles in
such settings because useful policies are difficult to discover
through unconstrained exploration alone, especially when severe
impact events induce sparse and high-variance penalties (Lin et al.,
2025; Narvekar et al, 2020). To improve training stability, we
employ a two-stage curriculum learning strategy that gradually
increases task complexity, following the general principle of
progressive task sequencing in curriculum-based reinforcement
learning (Lin et al., 2025; Narvekar et al., 2020). The core idea is to
first establish a reliable longitudinal protection policy, and then
introduce more diverse pothole geometries that require
coordinated lateral-longitudinal decision-making,.

Stage I: Longitudinal anchoring. In the first stage, the agent is
primarily exposed to large and difficult-to-bypass potholes. This
stage simplifies the decision structure and encourages the policy to
learn the dominant relationship between speed reduction and
impact-load mitigation, thereby establishing a stable safety-oriented
baseline.

Stage II: Lateral-longitudinal coordination. After the initial
anchoring stage, the training distribution is expanded to include a
mixture of large unavoidable potholes, wheel-path potholes, and
randomly located moderate potholes. This stage requires the agent
to jointly optimize target speed and lateral offset, enabling the
emergence of coordinated avoidance, straddling, and compliant
traversal behaviors.

Ensure: Trained tactical policy .
1: Initialize stochastic policy , and value networks Qg,,Qg, -
2:for episodee = 1to M do
3: if e <300 then

4:  Sample a training scenario from the Stage-I distribution.

5. else

6: Sample a training scenario from the Stage-II mixed
distribution.

7: endif

8:  Observe initial preview state s, (vehicle kinematics, pothole
geometry, and traffic context).

9:  Tactical decision (single-step high-level):

10: Generate tactical action u, = [Vtngtgt] ~ 1y (| S )-

11: Execution and physical interaction (continuous low-level):

12: Generate a reference path using a quintic Bézier curve based on
U,.

13:  Execute closed-loop tracking via Stanley and PID controllers
until the hazard is passed.

14:  Compute the episodic physical outcomes, including peak
impact force F, and traffic-safety indicators.

15: Policy evaluation and update:

16: Calculate the episodic return Ry, using Eq. (11).

17:  Store terminal transition (g, Ue, Riotap, Sterm, d = 1) in replay
buffer B.

18: Update 1y and Qg , using the SAC objective for terminal one-
step returns.

19: end for

Algorithm 1 Training and interaction procedure of the proposed
hierarchical framework

Require: Replay buffer B; total episodes M.

In the implemented training schedule, Stage I occupies the first 300
episodes. From episode 301 onward, the training distribution switches
to a mixed regime consisting of 30% large unavoidable potholes, 40%
wheel-path potholes, and 30% randomly located potholes. The
complete training and interaction procedure, including the stage-
dependent scenario sampling strategy, is summarized in Algorithm 1.
This schedule-based curriculum avoids abrupt exploration over the full
task space at the start of training and improves convergence robustness
in the coupled multi-objective environment.

4 Experimental Setup

This section describes the experimental setup used to train and
evaluate the proposed vehicle-dynamics-aware motion planning
method for pothole handling. We first introduce a Gymnasium-
based multi-physics environment that integrates quarter-car
vertical dynamics, tire—pothole impact interaction, and reaction-
time-delayed car-following behavior. We then present the
empirical parameterization adopted for pothole geometry
sampling. Baseline strategies are summarized in Section 4.3, and
SAC implementation details are provided in Section 4.4.
4.1. Integrated Multi-Physics Simulation Environment

The environment follows the Gymnasium interface to provide a
standardized  agent-environment interaction loop  for
reinforcement learning (Towers et al, 2024). Each episode is
initialized such that the ego vehicle approaches a pothole with an
initial speed uniformly sampled from [60, 120] km/h, and a
stochastic preview distance sampled from [10, 100] m to emulate
variability in detection range.
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The ego vehicle is initialized at x = 0, and the pothole center is
positioned at x = x, according to the sampled preview distance.
Each episode terminates when the ego vehicle reaches x =x, +5m.

At each decision step, the agent observes a state vector that
encodes (i) the current longitudinal speed, (ii) the preview distance
to the pothole, and (iii) the pothole geometry and lateral alignment
relative to the ego lane. The agent outputs a two-dimensional
continuous tactical action u = [vtgt' ytgt], where v, denotes the
target traversal speed and y, denotes the target vehicle-center
lateral offset. The admissible lateral offset is determined by the lane
width and vehicle footprint, thereby keeping the commanded
vehicle position within the lane. The high-level policy is therefore
responsible only for tactical target generation, while the low-level
trajectory generator and controllers realize the maneuver subject to
the prescribed execution bounds.

During lateral maneuver execution, the target vehicle-center
offset is bounded within [-0.85, 0.85] m, and the front-wheel
steering command generated by the Stanley controller is limited to
+30°. For each generated Bézier path, the maximum curvature
Kmaxis calculated, and the execution speed is constrained by

Qat,max (16)

vexec - ’
Kmax

where ajy¢max = 4.0 m/s?. Accordingly, the nominal path-
based lateral acceleration vZeckmay i maintained within the
prescribed limit. These bounds constrain the commanded
maneuver at the planning and control levels; they do not constitute
comprehensive full-vehicle handling-stability validation.

The ego vehicle’s vertical dynamics are modeled by a 2-DOF
quarter-car system, capturing sprung-mass and unsprung-mass
dynamics for comfort evaluation and impact-transient coupling.
Key parameters used in the simulator are summarized in Table 2.

Table 2. Quarter-car model parameters.

Sliding friction coefficient H 0.80

Equivalent wheel mass m,, 50 kg

Interactive traffic is modeled by a following vehicle governed by
the Intelligent Driver Model (IDM) (Treiber et al., 2000). To reflect
realistic rear-end pressure during pothole handling, the follower is
initialized with short time headways consistent with naturalistic
observations (Zhu et al., 2016). Moreover, a perception-reaction
delay is incorporated to avoid idealized instantaneous responses;
we follow empirical reaction-time ranges reported in car-following
studies (Chang and Chon, 2005). Table 4 reports the IDM and
reaction-time settings used for simulation.

Table 4. Follower IDM and reaction-time parameters.

Parameter Symbol Setting
Initial time headway Tinie U(0.5,1.2)s
Desired time headway (IDM) T U(0.5, Tyni)s
Desired speed Vo U(33,36)m/s
Max acceleration a 1.4m/s?
Comfortable deceleration b 2.0m/s?
Hard braking limit Donax U(4,6)m/s?
Reaction time T, U(0.8,1.2)s
Integration step (traffic) At 0.02s

Parameter Symbol Value

Sprung mass mg 350 kg
Unsprung mass my 45 kg
Suspension stiffness kg 3.0 x 10*N/m
Tire stiffness k¢ 2.0 X 105N/m
Tire damping C 200 N-s/m
Compression damping Cs,comp 1000 N-s/m
Rebound damping Cs reb 3000 N-s/m
Maximum suspension travel = Zmax 0.10m
Bump-stop stiffness kp 5.0 X 105N/m

To explicitly capture edge-strike transients beyond acceleration-
only surrogates, the simulator invokes the mechanism-informed
tire-pothole impact model introduced in Section 3.1. For each
episode, the impact solver returns the peak resultant impact load,
which is used by the impact-load objective and enables constraint-
aware tactical learning under pothole hazards. The main
parameters used in the impact model are summarized in Table 3.

Table 3. Parameters used in the wheel-pothole impact model.

Parameter Symbol Value
Effective tire radius Ry 0.31m
Normal contact stiffness K. 2.0 x 10°N/m"
Contact force exponent n 1.0

Velocity correction coefficient — apc 0.25

4.2. Empirical Parameterization of Pothole Geometries

Scenario  generation is based on empirical pothole
measurements to ensure realistic defect severities in both training
and evaluation. Each pothole is parameterized by its geometric
dimensions, namely length Z, width I}, and depth D, These
parameters are estimated from two independent data sources (Fig.
4), including the Road Surface Reconstruction Dataset (RSRD)
(Zhao et al, 2024) and an in-house dataset comprising 130,325
pothole records (annotations) from 109,501 road images collected
in Shanghai and Zhejiang Province during a July-August 2025
survey campaign. Each record corresponds to one pothole and
includes its image reference, defect type, measured width, length,
height/depth, and area. In this study, the two sources play an equal
role: both are used to statistically characterize pothole size
distributions and enlarge the coverage of observed defect
geometries, rather than introducing appearance- or texture-level
variation.

Aggregating the measurements yields a long-tailed severity
profile: most potholes are of moderate size, while a non-negligible
subset exhibits large width and depth that may induce critical
edge-strike loads. Accordingly, we sample L, € [0.2,1.0]m, W,, €
[0.3,1.0] m, and D, € [0.03,0.15] m to construct realistic yet
diverse pothole hazards, together with the preview-distance
variability = described in Section 4.1. This
parameterization enables controlled scenario diversity for policy
learning and evaluation. The empirical distributions of length,
width, height/depth, and area in the in-house data, together with
RSRD, were used to determine these simulation ranges and retain
severe upper-tail cases. Evaluation potholes are generated by the
stratified sampling protocol in Section 5.2.1 rather than drawn
directly from the image records.

data-driven
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(a) RSRD samples.
Fig. 4. Representative pothole samples from the two data sources
used for geometry parameterization.

Geometric avoidability is determined from the available
lateral clearance. With a lane width Wiae = 3.5 m, a vehicle
width Wven = 1.8 m, and a total clearance allowance ¢ = 0.10
m, the required passage width is Wreq = Wven + ¢ =1.90 m. The

(b) In-house dataset samples.

admissible vehicle-center offset is

Won LBOmM 5,225m

1
W, 060m §_0.65m
0 5 10 5 20 25
Longitudinal position (m)

Lateral position (m)

l: Ego vehicle  _7 Projected footprint [N Pntlmlsl

(a) An avoidable pothole.

Wlane -

Vel <

For a pothole of width W; centered at yp, the free passages

above and below the pothole are

§ = Wlane _ _ ﬂ § = Wlane wp (18)

FTT TN T T Ty T T,

A pothole is classified as avoidable when either S; or S- is no
smaller than Wieq; otherwise, it is classified as unavoidable.

Avoidable cases must additionally intersect at least one
nominal tire-track band for y. = 0, ensuring wheel-pothole
contact under straight traversal; rejection sampling enforces

these conditions. Representative cases are shown in Fig. 5.

er
b _ 0.85m (17)

Wor 180 m 5, 0Alm
175 -

W, 200m § 110m

0 5 0 15 2 25
Longitudinal position (m)

-1.75

Lateral position (m)
=

||:| Ego vehicle C_J Projected footprint [ Polholel

(b) An unavoidable pothole.

Fig. 5. Geometric classification of potholes.

4.3. Baseline Strategies

To evaluate the effectiveness of the proposed method, we
benchmark against four representative strategies spanning passive
execution, longitudinal-only learning and optimization, and
geometry-driven lateral avoidance.

1. Constant Speed (CS): A passive baseline that maintains the
initial speed and lane-center trajectory throughout the scenario,
providing a reference for unmitigated pothole traversal.

2. RL-based Speed Control (RL-SC): Drawing on prior work (Du
et al, 2022), this baseline learns longitudinal speed regulation
to reduce vertical excitation and energy consumption, but does
not use lateral avoidance.

3. Optimization-based Speed Planning (Opt-SP): Following prior
work (Zhang et al., 2023), this baseline optimizes a longitudinal
speed profile under a lane-keeping assumption to mitigate
road-induced excitation, but does not use lateral maneuvering
space.

4. Heuristic Avoidance System (HAS): Following prior work
(Chaaban et al,, 2025), this baseline applies geometry-based
clearance rules to generate lateral maneuvers. It bypasses the
pothole when feasible and otherwise decelerates, without
explicitly considering impact-load constraints.

5. Curriculum ablation (Proposed w/o Curriculum): This variant
retains the observation and two-dimensional action spaces, SAC
architecture, ~ reward  formulation, training  budget,
hyperparameters, and following-vehicle initialization of the
complete method, but samples the target scenario distribution
from the beginning instead of using the staged curriculum. The
comparison between the two variants therefore isolates the effect
of curriculum scheduling within the proposed framework.

4.4. Reinforcement Learning Implementation Details

The proposed method is trained using Soft Actor-Critic (SAC),
which serves as the optimizer for the single-step tactical policy.

Table 5 summarizes the main hyperparameters used in training.

Unless otherwise stated, Section 5 reports the mean and sample
standard deviation across five independent repetitions.
Table 5. Main hyperparameters used for SAC training.

Parameter Symbol Value

Actor learning rate MNn 3x10™*
Critic learning rate Nq 3x107*
Target network update rate T 0.005

Batch size B 64

Replay buffer size |B| 1x 10°
Updates per episode - 8

Warm-up episodes - 200

Entropy temperature [od autof, ot = -2
Hidden width -- 256

5 Experimental Results

This section reports the experimental results and analyzes the
performance of the proposed method in pothole-handling
scenarios. We first examine the learning dynamics to assess the
proposed two-stage training strategy (Section 5.1). We then
compare the proposed method with representative baselines
under factorized scenario settings (Section 5.2), followed by
representative case studies that illustrate the learned decision logic
(Section 5.3). The proposed method and its curriculum ablation use
the training hyperparameters summarized in Table 5, and the
reported results are aggregated over multiple random seeds.
5.1. Training Performance and Convergence Analysis

We examine the training performance to assess the role of the
proposed two-stage training strategy in stabilizing policy
optimization under coupled safety, comfort, and interaction
objectives. Specifically, we compare the proposed two-stage
training scheme with the proposed method without curriculum
learning (Proposed w/o Curriculum), trained under the same
hyperparameter setting but without curriculum staging. Fig. 6
plots the episodic return during training, where solid lines denote
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the mean over five random seeds and the shaded regions indicate
the corresponding variability. The vanilla SAC baseline shows
persistently higher return variance and a lower final return plateau.
This pattern is consistent with sparse, high-magnitude penalties
induced by rare but severe events, such as excessive impact loads
or rear-end conflicts, which amplify gradient noise and destabilize
value estimation during training.

oF

—200

=400

~600 -

Average Reward

—800

-1000 :
SAC + Curriculum

— SAC

1200 500 1000 1500 2000 2500 3000
Episode
Fig. 6. Training curves of episodic return.

In contrast, the proposed staged training yields a faster rise in
return and markedly reduced variability across seeds. In Stage 1,
the agent is exposed to simplified conditions that emphasize the
dominant relationship between longitudinal speed regulation and
impact-load mitigation, allowing it to learn a reliable baseline for
satisfying the impact-load constraint. In Stage 2, more challenging
lateral maneuvering and interactive constraints are introduced,
which initially causes a transient fluctuation in return as the policy
adapts to the expanded feasible set. After adaptation, the learning
curve stabilizes with substantially lower variance, indicating that
the staged strategy improves optimization stability and leads to
more consistent convergence in the coupled multi-objective
environment.

5.2. Comparative Performance Analysis

To evaluate the robustness of the proposed framework, we use a
stratified sampling protocol to generate evaluation episodes. This
section outlines the experimental design, defines the performance
metrics, and presents a quantitative comparison against the
baseline strategies.

5.2.1 Experimental Design and Metrics

Experimental Protocol: Evaluation scenarios are constructed

using a stratified factorial protocol over three key dimensions:

(i) Preview distance (Short: 10-30 m; Medium: 30-60 m; Long: 60-
100 m);

(ii) Pothole depth (Shallow: 3-8 cm; Deep: 8-15 cm); and

(iii) Avoidability (Avoidable vs. Unavoidable, determined by
whether a feasible geometric solution exists within the lane
boundaries).

This yields 3 x 2 x 2 =12 core scenario groups. Within each
repetition, 20 scenarios are generated for each group with
randomized traffic behavior (IDM parameters) and ego vehicle
initial speed (vmr € [60, 120] km/h), yielding 240 evaluation
episodes per method. The complete evaluation is repeated five
times using independent training and evaluation seeds. All
methods share the same scenario manifest within each repetition;
Tables 6-8 report the mean + sample standard deviation across the
five repetition-level summaries.

Performance Metrics. To provide a multidimensional
assessment of the tactical decision-making capability, we report six
episode-level metrics:

e Avoidance rate (%): The percentage of episodes in which the
tire footprint does not intersect the pothole polygon, resulting
in zero impact force.

e Impact-load compliance rate (%): The percentage of episodes
in which the peak resultant wheel-impact force satisfies Fpeak <
Fim. This metric specifically evaluates compliance with the
prescribed impact-force limit within the adopted tire-pothole
model.

e Collision rate (%): The percentage of episodes involving a rear-
end collision with the following vehicle (gap< 0).

e Travel time (s): The elapsed time from episode initialization,
when the ego vehicle is located at x =0, until it reaches a point 5
m beyond the pothole center, i.e., x=xp+5m.

e Vertical / Longitudinal Acceleration RMS (m/s?): The root
mean square (RMS) of the sprung mass vertical acceleration (a,)
and longitudinal acceleration (ay), characterizing ride comfort
and braking intensity, respectively.

5.2.2 Emergent Pothole-Handling Strategies

Before analyzing aggregated statistics, we examine the physical
validity of the learned policy. As illustrated in Fig. 7, the proposed
method demonstrates three distinct in-lane handling strategies: left
nudge, right nudge, and straddling (center pass). These behaviors
are not manually specified, but instead emerge from the reward
design, and provide the kinematic basis for the quantitative
performance improvements reported below.
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Fig. 7. Visualization of emergent in-lane pothole avoidance behaviors learned by the proposed method. (a) Left nudge. (b) Right nudge. (c)

Straddling (center pass).
5.2.3 Quantitative Results

We compare Constant Speed (CS), RL-based Speed Control (RL-
SC), Optimization-based Speed Planning (Opt-SP), Heuristic
Avoidance System (HAS), Proposed w/o Curriculum, and the
complete Proposed method. RL-SC and Opt-SP use longitudinal
actions only, whereas HAS and both proposed variants can use
intra-lane lateral motion. Comparisons with the longitudinal-only

planners therefore reflect the benefit of the joint longitudinal-lateral
planning formulation together with method-specific differences;
the paired comparison between Proposed and Proposed w/o
Curriculum is used specifically to assess curriculum scheduling.
The results are reported for all scenarios (Table 6), avoidable
scenarios (Table 7), and unavoidable scenarios (Table 8).

Table 6. Performance statistics across all 240 evaluation episodes.

Method Avoidance Rate Travel Time (s) Impact-load Collision ~ Rate Vertical RMS  Longitudinal

(%) compliance rate (%) (m/s"2) RMS (m/s"2)
(%)

CS 0.0+0.0 2.45+0.04 221422 0.0£0.0 1.72 £0.03 0.00 % 0.00

RL-SC 0.0£0.0 4.63+0.29 55.4+3.6 125+2.6 1.47 +0.02 1.79 +£0.04

Opt-SP 0.0+0.0 4.74+0.28 554 +3.6 125+24 1.46 £0.02 1.79 £ 0.04

HAS 154+1.7 4.74+0.28 62.1+23 125+24 1.26 +0.02 1.79 +£0.04

Proposed w/o 41.1+19 298+0.19 69.4+3.6 14+0.6 1.19+£0.07 1.52£0.11

Curriculum

Proposed 46.2+1.7 2.71+017 71.2+1.3 08+05 1.08 +0.06 1.41+0.08

Overall Performance (Table 6): The proposed method achieves
the highest avoidance rate (46.2%) and impact-load compliance
rate (71.2%), while keeping the collision rate at 0.8%. Rather than
optimizing a single outcome, this combination indicates a
favorable balance among pothole avoidance, wheel-impact

Curriculum, the complete method improves the mean value of all
six reported metrics, supporting the contribution of staged training
to the overall balance. These findings are interpreted as simulation-
based evidence within the adopted vehicle model and prescribed
motion limits.

mitigation, and rear-end interaction risk. Relative to Proposed w/o
Table 7. Performance statistics in 120 avoidable pothole scenarios.

Method Avoidance Rate Travel Time (s) Impact-load Collision ~ Rate  Vertical RMS  Longitudinal

(%) compliance rate (%) (m/s"2) RMS (m/s"2)
(%)

CS 0.0+0.0 246+0.05 25.8+4.0 0.0£0.0 1.09 £0.05 0.00 0.00

RL-SC 0.0+0.0 475+0.24 56.7 5.9 11.7+3.2 1.13+0.04 1.81+0.04

Opt-SP 0.0+0.0 4.75+0.24 56.7 +5.9 11.7+32 1.13£0.04 1.81£0.04

HAS 30.8+34 475+0.24 70.0+3.2 11.7+32 0.72 +0.04 1.79 +0.04

Proposed w/o 87.2+39 2.84+0.21 925+26 1.5+1.1 0.18+0.18 1.71+£0.15

Curriculum

Proposed 92.5+4.2 2.36+0.21 95.8+1.4 0.0£0.0 0.07 + 0.04 1.21+0.14

Performance in Avoidable Scenarios (Table 7): When lateral
bypass is feasible, the proposed method achieves a 92.5%
avoidance rate, compared with 30.8% for HAS, and reduces
vertical RMS to 0.07 m/s2 Together with the approximately 50%
reduction in travel time over the defined pothole-passage interval
relative to longitudinal-only braking strategies, these results show

that exploiting intra-lane lateral space is the main source of the
impact-mitigation and efficiency advantage in avoidable scenarios.
The curriculum ablation further indicates that staged training
improves the coordination of lateral maneuvering and speed
control.

Table 8. Performance statistics in 120 unavoidable pothole scenarios.

Method Avoidance Rate Travel Time (s)

(%)

Impact-load
(%) compliance rate (%)

Vertical
(m/s"2)

Collision ~ Rate RMS  Longitudinal

RMS (m/s"2)
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Cs 0.0+0.0 244 +0.04 18.3+3.2 0.0£0.0 2.34+0.03 0.00 £ 0.00
RL-SC 0.0£0.0 451+0.37 54.2+2.0 133+18 1.81+0.02 1.77 +0.05
Opt-SP 0.0+0.0 4.73+0.35 54.2+2.0 13.3+1.8 1.79 £ 0.02 1.78 £0.05
HAS 0.0+0.0 4.73+0.35 54.2+2.0 13.3+1.8 1.79 £ 0.02 1.78 £0.05
Proposed w/o 0.0 = 0.0 3.25+0.38 418 +6.7 28+13 210+0.11 210+0.11
Curriculum

Proposed 0.0+0.0 3.06+0.16 46.7+54 1.7+0.7 2.08 +£0.08 1.61+0.06

Trade-offs in Unavoidable Scenarios (Table 8): When lateral
avoidance is infeasible, the braking-heavy baselines achieve higher
impact-load compliance (54.2%) but incur a 13.3% collision rate.
The proposed method reduces the collision rate to 1.7% while
retaining 46.7% impact-load compliance, indicating a more

balanced compromise between wheel-impact mitigation and rear-
end interaction risk. Its improvement over Proposed wj/o
Curriculum in both measures further suggests that staged training
also benefits longitudinal speed regulation when avoidance is
unavailable.
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Fig. 8. Distributional comparison of key metrics across evaluation episodes. Error bars denote the standard deviation across five

independent repetitions.
5.3. Case Studies of Representative Scenarios

To complement the aggregate statistics in Section 5.2, we present
two representative episodes to interpret the behavioral
mechanisms of the proposed method. The selected cases are drawn
from the avoidable and unavoidable groups, respectively, and are
chosen to highlight two recurrent decision patterns observed in
evaluation: (i) lateral avoidance under elevated rear-end collision
risk and (ii) speed regulation to satisfy the impact-load limit when
avoidance is infeasible. In both cases, we compare the proposed

Speed Profile

»»»»»

(a) HAS.

method against the baselines defined in Section 4.3 using the same
scenario realization and traffic seed.

5.3.1 Case I: Lateral avoidance under elevated rear-end
collision risk

This case belongs to the avoidable group, where a deep pothole
can be bypassed within lane boundaries. The ego vehicle
approaches the hazard at v, = 76. 1 km/h with a closely
following vehicle, creating a constrained car-following condition
with limited braking margin. Fig. 9 compares the time histories
and outcomes of different strategies.
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Fig. 9. Case I (avoidable, v, = 76.1km/h): Comparison of baseline strategies and the proposed method under tight car-following

constraints. (a) HAS. (b) Opt-SP. (c) RL-SC. (d) Proposed method.

Across the baselines, the dominant response is aggressive
deceleration to reduce the pothole-induced vertical excitation.
Although this behavior mitigates impact severity, it does not
explicitly account for rear-end collision risk under tight car-
following conditions. Consequently, the rapid speed reduction
leads to a violation of the rear-end safety margin and results in a
rear-end collision in this episode.

In contrast, the proposed method adopts a joint decision that
couples lateral feasibility with interaction safety. Rather than
relying on strong braking, it executes a controlled lateral bypass
maneuver while maintaining a flow-consistent speed profile. This
behavior preserves the rear-end safety margin and simultaneously

Time (5

(c) RL-SC.

avoids the pothole, yielding zero structural impact in this episode.
This case illustrates that, when avoidance is feasible, joint lateral—
longitudinal planning can preserve rear-end safety while
eliminating the impact load.
5.3.2 Case Il: Impact-load-constrained speed regulation in
unavoidable hazards

This case belongs to the unavoidable group, where the hazard
spans the lane and geometric avoidance is infeasible. The ego
vehicle approaches an unavoidable pothole at v;,; = 68.1 km/h.
Under this setting, the decision primarily concerns how to reduce
the impact load without inducing excessive rear-end risk. Fig. 10
compares the resulting speed profiles and safety outcomes.

=< : =

(b) Opt-SP.
== |
- T -]
(d) Proposed method.

Fig. 10. Case Il (unavoidable, vi,;; = 68.1km/h): Comparison under an unavoidable hazard, highlighting impact-load-constrained speed

regulation. (a) HAS. (b) Opt-SP. (c) RL-SC. (d) Proposed method.

Baseline methods again reduce speed to a near-minimum level
to minimize impact. Although such over-braking can reduce the
instantaneous impact load, it substantially compresses the rear gap
and increases rear-end risk, which is undesirable in mixed traffic.

The proposed method employs an impact-load-constrained
regulation strategy, guided by the calibrated impact-load limit
(Flim = 15.15kN). It decelerates to a compliant yet non-extreme
speed of 29.1 km/h, resulting in an impact force of 12.53 kN
(below Fy;,,). By avoiding excessive braking, the proposed method
preserves a larger rear-end safety margin while ensuring
compliance with impact-load constraints. This case further
illustrates the trade-off discussed in Section 5.2: in unavoidable
hazards, strict impact minimization may conflict with interaction

safety. The proposed approach addresses this trade-off through
risk-prioritized, threshold-aware speed regulation.

6 Discussion

The experimental results presented in Section 5 show that the
proposed framework consistently outperforms the baseline
strategies in single-hazard scenarios. We additionally provide
preliminary qualitative evidence from one sequential-hazard case.
6.1. llustrative Evaluation in a Sequential-Hazard Scenario

Although the training curriculum primarily considers single-
pothole scenarios, road defects may occur consecutively in practice.
We therefore use a representative sequential-hazard case to
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qualitatively examine how the trained policy responds to
successive potholes.

As shownin Fig. 11, the agent performs a lateral nudge to bypass
the first pothole, stabilizes the vehicle trajectory, and subsequently

prepares for the next maneuver. The velocity profile also shows
that the agent recovers speed during the safe interval between the
two hazards rather than adopting a passive stop-and-go strategy.
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Fig. 11. Illustrative response in a sequential-hazard scenario. The ego vehicle coordinates successive maneuvers and recovers speed

during the safe interval between potholes.

This case illustrates the policy's ability to coordinate successive
lateral and longitudinal adjustments within one episode. A
systematic quantitative evaluation across diverse multi-hazard
scenarios remains a subject for future work.

6.2. Limitations and Implementation Considerations

Several limitations should be considered when interpreting the
present results. First, the simulations assume accurate knowledge
of pothole location and geometry. Localization errors, geometry-
estimation uncertainty, and V2X communication delays are not
explicitly modeled; therefore, robustness to imperfect preview
information remains to be evaluated. Second, the quarter-car
model captures vertical suspension responses and transient impact
loads but does not represent their coupling with lateral and roll
dynamics. Although the target lateral offset, steering command,
and curvature-based nominal lateral acceleration are bounded,
these constraints only restrict the commanded maneuver within
the prescribed operating range. They do not reproduce lateral load
transfer, tire-force saturation, or vehicle-roll responses during high-
speed avoidance. Further evaluation using a coupled full-vehicle
or high-fidelity multibody dynamics model is therefore required.

From an implementation perspective, recent autonomous-
LiDAR,
multimodal, and vision-language perception for road-scene
understanding, while pothole-specific sensor fusion further
supports localized surface-hazard acquisition (Y. Hu et al., 2025;
Pan et al,, 2024; Cai et al,, 2025). Given a validated pothole state,
policy decision-making satisfies the real-time requirement, and the
trajectory-generation/controller stack provides planning-constraint
checks before execution; end-to-end validation under perception
uncertainty remains future work.

7 Conclusion

This study presented a vehicle-dynamics-aware motion
planning framework for pothole-hazard autonomous driving. In
contrast to existing methods that mainly emphasize geometric
avoidance or isolated suspension control, the proposed approach
combines a mechanism-informed tire-pothole impact model with
curriculum-based reinforcement learning, enabling the agent to
balance impact-load compliance, ride comfort, and traffic safety
under tight physical constraints.

driving research demonstrates mature camera,

The primary findings of this study are summarized as follows.

(1) Improved impact-load compliance. In unavoidable hazard
scenarios, the proposed framework achieves an impact-load
compliance rate of 46.7%, compared with 18.3% for the
passive constant-speed baseline. This result shows that the
learned policy can effectively reduce excessive impact loads
even when full geometric avoidance is not possible.

(2) Improved interaction safety. In unavoidable scenarios, the
proposed method reduces the rear-end collision rate to 1.7%,
compared with 13.3% for the braking-heavy baselines. This
result indicates that the learned policy avoids overly
aggressive braking and instead balances impact mitigation

with interaction safety in surrounding traffic.

(3) Adaptive pothole-handling behavior. The learned policy
exhibits lateral nudging, straddling, and threshold-aware
speed regulation. One illustrative sequential-hazard case
provides preliminary qualitative evidence of coordinated
successive maneuvers; systematic multi-hazard evaluation
remains future work.

In conclusion, this study bridges the gap between conventional
geometric path planning and vehicle-road interaction mechanics,
presenting a resilient solution for autonomous mobility in
unpredictable infrastructure settings. This work shifts the safety
paradigm from static obstacle avoidance to dynamic impact
management. Future research will focus on integrating perceptual
uncertainty, such as noisy depth estimation, and validating the
proposed algorithms on full-scale vehicle platforms to address
real-world sensing and actuation latency.
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