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Abstract

To reduce the conservatism of local trajectory planning in dynamic road scenarios caused
by redundant projection of predicted trajectories, this paper proposes a hierarchical hybrid
trajectory-planning framework with a time-to-arrival (TTA)-driven dynamic risk-filtering
mechanism. In the Frenet coordinate system, road boundaries, ego states, and static and
dynamic obstacles are represented uniformly to construct an S–L fused risk field and an S–T
spatiotemporal interaction graph, enabling the filtering of temporally irrelevant conflict
regions based on TTA relationships. At the path-planning layer, risk-guided adaptive
sampling is integrated with dynamic programming and quadratic programming to im-
prove search efficiency and trajectory quality. At the speed-planning layer, spatiotemporal
coordination is achieved through non-uniform discretization, safe-corridor extraction, and
speed-profile optimization. Simulation results show that the proposed method generates
safe, smooth, continuous, and executable local trajectories in scenarios involving static-
obstacle avoidance, adjacent-vehicle cut-ins, non-motorized road-user crossings, and mixed
multi-obstacle interactions, while reducing unnecessary deceleration and detours. Ablation
results further indicate that adaptive sampling reduces the number of DP search nodes
by approximately 50% and the average planning time by about 30%, while maintaining
a nearly unchanged minimum safety distance. These findings demonstrate that the pro-
posed framework effectively suppresses redundant conflict regions and improves planning
efficiency, solution feasibility, and motion continuity without compromising safety.

Keywords: autonomous driving; trajectory planning; risk field; TTA filtering mechanism;
dynamic programming

1. Introduction
Trajectory planning for autonomous driving determines how a vehicle moves in

dynamic traffic environments and serves as a key module bridging environment perception,
behavior decision-making, and vehicle control. This module is simultaneously constrained
by safety, smoothness, trackability, and real-time performance, and therefore constitutes a
core research topic in autonomous driving systems [1–4]. In structured-road and dynamic-
interaction scenarios, planning algorithms must address not only spatial constraints such as
road boundaries, static obstacles, and traffic rules, but also variations in the motion states
of surrounding traffic participants and their temporal coupling with the ego vehicle. As
scene complexity increases, trajectory planning algorithms are required to generate safe,
feasible, and stable local trajectories under limited computational resources [5,6].
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1.1. Related Work

To reduce the computational complexity of high-dimensional joint planning in dy-
namic scenarios, path–speed decoupling and hierarchical hybrid planning have become
mainstream approaches. Lin et al. proposed a hierarchical decoupling framework that
improves safety, comfort, and efficiency in automated lane changing by optimizing the path
and speed separately [7]. Shi and Li reformulated dynamic conflict handling along a given
spatial path as a one-dimensional speed-planning problem, thereby significantly reducing
the problem dimensionality [8]. Guo et al. further showed, through a two-stage planning
framework, that although hierarchical decomposition is beneficial for online implementa-
tion, the optimization performance still depends on the spatial topology generated in the
front end [9]. To balance topological exploration and trajectory quality, Wang et al. com-
bined sampling-based search with numerical optimization to establish a hybrid planning
framework for dynamic road scenarios [10]. Subsequent studies further advanced hierar-
chical and hybrid planning through spatiotemporal lane-change gaps, decision–planning
coordination, and oscillation suppression [11–13]. Related efforts also improved these
frameworks through multi-reference-line modeling, dynamic consistency, and more effi-
cient search strategies [14–18]. Overall, these methods provide a favorable balance between
online efficiency and trajectory quality, but their performance still depends heavily on how
effectively the path-layer planning space represents dynamic interactions.

In the construction of the path-layer planning space, risk-field methods have gradually
become an important direction for enhancing dynamic environment representation [19].
Xia et al. proposed a geometric driver-perceived risk field that represents obstacle risk in a
unified continuous geometric field [20]. To address the limitation that conventional risk
fields are often instantaneous or quasi-static, Han et al. proposed the spatiotemporal risk
field STRF, which describes dynamic traffic risk from a spatiotemporal coupling perspec-
tive [21]. Wang et al. further developed a data-driven spatiotemporal driving risk field to
improve long-horizon risk assessment and path-planning performance [22]. Liu et al. con-
structed an integrated safety field composed of a static potential field, a dynamic-obstacle
kinetic field, a lane-boundary field, and a target field, and directly used it for path genera-
tion and smoothing [23]. In addition, studies on 3D potential fields, dynamic-risk-driven
lane changing, and integrated risk quantification have further improved the complete-
ness of risk representation [24–26]. Localization uncertainty modeling, risk-map predic-
tion, and prediction-driven planning have also improved the adaptability of risk-aware
planning [27–30]. In general, risk-field methods have evolved from static geometric de-
scriptions to spatiotemporally coupled, data-driven, and planning-coupled representations,
continuously enhancing the path layer’s ability to characterize dynamic environments.

Relying solely on spatial representation at the path layer remains insufficient for
complete trajectory planning in complex dynamic scenarios. Consequently, research has
further shifted toward spatiotemporal coordination at the speed layer. Zhang et al. con-
structed a unified spatiotemporal feasible-region representation based on spatiotemporal
voxels, organizing decision-making and trajectory planning within a common spatiotem-
poral framework [31]. On this basis, Chen et al. pointed out that relying only on uni-
formly processed prediction results is insufficient to capture multi-vehicle interaction
relationships, and thus introduced an interaction reasoning mechanism into spatiotem-
poral planning [32]. In highly interactive system-level scenarios, Ding et al. proposed
EPSILON, which uses hierarchical behavior planning, motion planning, and semantic
spatiotemporal corridors to represent complex environmental constraints in a unified man-
ner [33]. Zhang et al. further proposed an interactive spatiotemporal corridor method
that decouples high-dimensional multi-vehicle conflicts into single-vehicle optimization
problems within corridors [34]. In addition, deep reinforcement learning and compact spa-
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tiotemporal joint optimization have further strengthened the unified handling of dynamic
constraints and conflict relationships [35,36]. Joint optimization and iLQR-based methods
have also improved the coordinated treatment of dynamic conflicts in spatiotemporal
planning [37–39]. These methods enhance the representation and coordination of temporal
conflicts, but they usually come at the cost of higher planning dimensionality and greater
online computational burden.

In summary, although existing studies have made progress in hierarchical decomposi-
tion, path-layer risk representation, and speed-layer spatiotemporal coordination, further
research is still needed on how to improve the path layer’s ability to represent the temporal
structure of dynamic interactions while maintaining real-time performance and how to
effectively connect this representation with speed-layer spatiotemporal coordination. To
this end, this paper proposes a hierarchical hybrid trajectory planning method based on
a TTA-driven dynamic risk filtering mechanism. In the Frenet coordinate system, road
boundaries, ego-vehicle states, static obstacles, and predicted trajectories of dynamic ob-
stacles are mapped in a unified manner to construct an S–L fused risk field and an S–T
spatiotemporal interaction graph. The former is used for dynamic risk screening in path
planning, while the latter is used for temporal conflict handling in speed planning.

1.2. Contributions

The main contributions of this paper are as follows.

(1) A hierarchical hybrid trajectory-planning framework is proposed, in which a TTA-
based temporal relevance filtering mechanism is introduced into spatial risk represen-
tation and further integrated into risk-guided adaptive sampling, path search, and
path optimization processes.

(2) A dynamic risk-field modeling method based on the TTA filtering mechanism is
proposed. By eliminating invalid risk contributions according to the arrival-time
relationship, the proposed method reduces redundant high-risk regions and mitigates
planning conservatism caused by the direct projection of predicted trajectories.

(3) A spatiotemporal coordination method for speed planning is proposed. By construct-
ing time-varying non-traversable regions, the proposed method enables accurate
conflict constraints and smooth speed-profile optimization.

2. Trajectory Planning Framework
To address the coordinated requirements of safety, smoothness, and real-time perfor-

mance for autonomous vehicles in dynamic road scenarios, this paper proposes a hierar-
chical hybrid trajectory-planning method based on a TTA-driven dynamic risk-filtering
mechanism. Building upon a global reference line, the method uniformly maps road bound-
aries, ego-vehicle states, static obstacles, and predicted trajectories of dynamic obstacles in
the Frenet coordinate system. On this basis, an S–L fused risk field and an S–T spatiotem-
poral interaction graph are constructed to enable a hierarchically decoupled solution of
path planning and speed planning.

As illustrated in Figure 1, the proposed method consists of four main components:
planning-space construction, path planning, speed planning, and trajectory fusion. During
the planning-space construction stage, the road scene is first represented in a structured
manner in the Frenet coordinate system. A static risk field and a dynamic risk field filtered
by the TTA mechanism are then superimposed to form the S–L fused risk field for path
planning. Meanwhile, an S–T spatiotemporal interaction graph is established along the
planned path for speed planning, so as to characterize the potential temporal conflicts
between the ego vehicle and dynamic obstacles.
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Figure 1. Hierarchical Hybrid Trajectory Planning under a TTA-Driven Dynamic Risk
Filtering Framework.

In the path-planning stage, a hierarchical solution strategy combining dynamic pro-
gramming and quadratic programming is adopted in the S–L space. Adaptive sampling
is first performed according to the risk distribution, and adjacent sampling nodes are
connected using quintic polynomials to generate candidate paths and conduct coarse path
search. Subsequently, quadratic programming is introduced on the basis of the discrete
reference path to further satisfy smoothness requirements and vehicle kinematic constraints,
thereby yielding a continuous and executable local path. This stage mainly addresses the
spatial traversability of the vehicle.

In the speed-planning stage, the spatiotemporal coordination between the ego vehicle
and dynamic obstacles is handled in the S–T space. Time-varying non-traversable regions
are first constructed through non-uniform spatiotemporal discretization and obstacle projec-
tion based on the Minkowski sum, from which a safe spatiotemporal corridor is extracted.
A quadratic programming model is then formulated within the feasible region to jointly
optimize velocity, acceleration, and jerk, thereby generating a smooth speed profile that
satisfies dynamic constraints. This stage mainly addresses the temporal allocation problem
of the vehicle.

Finally, the path-planning result and the speed-planning result are fused and mapped
back to the Cartesian coordinate system to obtain a local trajectory that satisfies the re-
quirements of safety, smoothness, and trackability, thus completing trajectory planning in
dynamic scenarios.

3. Planning Space
Constructing a complete trajectory planning space is a prerequisite for the trajectory

planner proposed in this paper. This planning space mainly consists of road geometry,
static obstacles, dynamic obstacles and their predicted trajectories, and the global path. In
the S–L space, an S–L fused risk field is constructed for path planning; in the S–T space, an
S–T spatiotemporal interaction graph between the ego vehicle and dynamic obstacles is
established for speed planning.

3.1. Frenet Coordinate Mapping

In complex road topologies, such as curved segments and sections with gradually
varying curvature, directly evaluating environmental risk in the global Cartesian coor-
dinate system makes it difficult to intuitively capture the relative interactions between
surrounding obstacles and the ego vehicle in both the longitudinal and lateral directions

https://doi.org/10.3390/electronics15091782

https://doi.org/10.3390/electronics15091782


Electronics 2026, 15, 1782 5 of 27

along the roadway. To address this issue, before constructing the underlying risk field, this
paper first introduces a Frenet coordinate system (i.e., the S–L coordinate system) that is
compatible with the geometric characteristics of the road. Based on the global reference
line provided by the upstream routing module, the ego-vehicle state, road boundaries, and
the positions and predicted trajectories of all surrounding obstacles in the Cartesian coor-
dinate system are uniformly transformed and projected into the S–L space. In this space,
the s-axis denotes the longitudinal arc length along the reference line, whereas the l-axis
represents the lateral offset perpendicular to the reference line. This spatial reconstruction
not only decouples the vehicle’s longitudinal and lateral kinematics but also establishes the
mathematical foundation for the subsequent computation of static and dynamic risk fields
on a structured grid.

3.2. Risk Field

In collision-avoidance navigation for autonomous driving, potential-field methods are
often employed to quantitatively assess the potential risks posed by surrounding obstacles.
However, conventional potential-field approaches are primarily suited to adaptive cruise
control (ACC) or purely static scenarios. In dynamic traffic environments, such methods
often lack an effective representation of the continuous motion tendencies of vehicles and
therefore fail to accurately characterize the distribution of risk during dynamic interactions.
To address this limitation, this paper develops an improved driving risk-field model in
which the motion states of obstacles are explicitly incorporated into the risk assessment
associated with spatial position. This model provides the risk-field input for the sub-
sequent TTA-based trajectory planning framework. The improved risk field consists of
two components, namely a static component and a dynamic component: the former is
determined by the inherent attributes and geometric shape of obstacles, where as the latter
is governed by the relative motion states between the obstacles and the ego vehicle. The
specific construction process is described as follows.

3.2.1. Static Risk Field

The static risk field is primarily used to characterize the fundamental spatial constraints
and collision risks imposed on the ego vehicle by fixed obstacles in the road environment,
such as parked vehicles and roadblocks. Conventional artificial potential-field methods
typically adopt standard Gaussian distributions or simple inverse-proportional functions;
however, such formulations tend to produce geometric distortions when representing the
rectangular contours of vehicle bodies, thereby excessively occupying the surrounding
effectively drivable space and leading to overly conservative planning results. To over-
come this limitation and to provide a globally continuous and differentiable cost map
for subsequent TTA-based spatial path planning, this study adopts a two-dimensional
super-Gaussian distribution to construct the static risk model.

As illustrated in Figure 2, compared with the standard Gaussian function, the super-
Gaussian function can more compactly envelop the true physical boundary of an obstacle
through its higher-order exponent parameters, while maintaining an excellent smooth
transition at the boundary of the risk influence region. Specifically, the spatial coordinates
(x, y) of static obstacle i are first transformed into the Frenet coordinate system generated
by the global path, yielding the new coordinates (s, l). The resulting risk value is defined
as Rs

i (s, l):

Rs
i (s, l) = As exp

[
−
(∣∣∣∣ s − sobs

σs

∣∣∣∣n + ∣∣∣∣ l − lobs
σl

∣∣∣∣n)] (1)

where As denotes the maximum risk magnitude in the central region of the static obstacle;
(sobs, lobs) represents the geometric center coordinates of the static obstacle; σs and σl
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denote the diffusion coefficients of the risk influence along the longitudinal s direction
and the lateral l direction, respectively, whose values are typically determined jointly by
the actual physical dimensions of the obstacle and a preset safety buffer distance; and n
is an even-order shape parameter controlling the distribution profile (typically chosen as
n ≥ 4). As n increases, the contour of the risk field gradually transitions from an elliptical
shape toward the true rectangular boundary, thereby maximizing the utilization of the ego
vehicle’s traversable space while ensuring collision-avoidance safety.

Figure 2. Static Risk Field of Obstacles.

3.2.2. Dynamic Risk Field Based on TTA Filtering

The dynamic risk field is intended to quantify the potential collision risk imposed
on the ego vehicle by moving objects in the traffic environment, such as surrounding
vehicles, over their future spatiotemporal evolution. Unlike the static case, the positions
of dynamic obstacles vary continuously over time. If the risk fields corresponding to an
entire predicted trajectory are directly superimposed onto the planning space, redundant
virtual high-risk regions can easily be introduced, thereby causing the ego vehicle to behave
in an overly conservative manner. To address this issue, this paper proposes, within the
Frenet coordinate system (i.e., the S–L coordinate system), a spatiotemporal risk-field
modeling method that accounts for the evolution of uncertainty, and further introduces a
TTA filtering mechanism to provide a more accurate representation of environmental risk
for the subsequent trajectory planning framework.

To characterize the spatiotemporal evolution of dynamic obstacles, this paper defines
the underlying risk field as a three-dimensional S–L–T region that varies with the prediction
time t. Considering that the uncertainty of trajectory prediction gradually increases over
time, time-varying variance coefficients are introduced to quantify the expansion effect of
the underlying Gaussian potential field along the predicted trajectory. Let the predicted
state of dynamic obstacle j at future time t, after being projected into the S–L coordinate
system, be denoted by [sj

p(t), l j
p(t), θ

j
rel(t), vj

obs], where θ
j
rel(t) is the local heading angle

and vj
obs is the target velocity. The time-varying asymmetric Gaussian risk field generated

by this target at time t and spatial position (s, l) is defined as:

Rj
d(s, l, t) = Ad · exp

(
−
(

(Sj)
2

2σs(t)2 +
(Lj)

2

2σl(t)2

))
(2)

https://doi.org/10.3390/electronics15091782

https://doi.org/10.3390/electronics15091782


Electronics 2026, 15, 1782 7 of 27

where Ad denotes the maximum amplitude weight of the dynamic risk field, and [Sj, Lj]
T

represents the relative coordinates in a local coordinate system whose origin is located
at the predicted position of the obstacle and whose positive direction is aligned with its
heading angle. The corresponding transformation is given by[

Sj

Lj

]
=

[
cos θ

j
p(t) sin θ

j
p(t)

− sin θ
j
p(t) cos θ

j
p(t)

][
s − sj

p(t)
l − l j

p(t)

]
(3)

To quantify the uncertainty of the predicted trajectory in both the longitudinal and
lateral directions, the diffusion coefficients σs(t) and σl(t) are defined as monotonically
increasing functions of time t, namely, σs(t) = σs0 + kst and σl(t) = σl0 + klt. Here, σs0 and
σl0 denote the equivalent inflation terms corresponding to the target’s initial geometric
dimensions, while ks and kl are the uncertainty expansion coefficients. This model indicates
that the risk influence region of the target in the S–L–T space expands progressively as the
prediction horizon increases.

After constructing the three-dimensional S–L–T risk field, this paper further designs
an adaptive TTA filtering mechanism to reduce the field to a two-dimensional S–L space for
path topological search. The criterion for this mechanism is defined as follows: the dynamic
risk at spatial position (s, l) is retained only when the difference between the estimated
arrival times of the ego vehicle and the obstacle at that position falls within a valid temporal
window; otherwise, the region is regarded as collision-free. Let the current reference speed
of the ego vehicle be vego. The estimated time for the ego vehicle to reach the longitudinal
position s is denoted by TTAego(s), and the estimated arrival time of dynamic obstacle j is

denoted by TTAj
obs(s). These two quantities are approximated as

TTAego(s) =
s − sego

vego
(4)

TTAj
obs(s) = t s.t. sj

p(t) = s. (5)

Based on the above arrival times, the arrival-time difference between the ego vehicle
and obstacle j at spatial position s is defined as

∆TTAj(s) =
∣∣∣TTAego(s)− TTAj

obs(s)
∣∣∣. (6)

To balance safety and feasible solution space, the time-tolerance window τ(∆vj) is
adaptively adjusted according to the relative speed between the two vehicles. In scenarios
involving high relative-speed interactions, the window is enlarged to increase the safety
margin, whereas in low-speed following scenarios, it is reduced to limit unnecessary
occupation of the feasible space. Its functional form is defined as

τ(∆vj) = τbase + cv

∣∣∣vego − vj
obs

∣∣∣ (7)

where τbase is the base time tolerance, and cv is the velocity sensitivity coefficient. Accord-
ingly, after introducing the TTA mechanism, the dynamic-obstacle risk field is defined as

R
′ j
d (s, l) = max

j

Rj
d

(
s, l, TTAj

obs(s)
)

, ∆TTAj(s) ≤ τ(∆vj),

0, ∆TTAj(s) > τ(∆vj).
(8)

After TTA filtering, the maximum risk over all predicted time instants is taken along
the temporal dimension to obtain a two-dimensional dynamic risk field. According to the

https://doi.org/10.3390/electronics15091782

https://doi.org/10.3390/electronics15091782


Electronics 2026, 15, 1782 8 of 27

threshold Rthd, the risk region can be further divided into a hard-constrained region and a
soft-constrained region.

The proposed TTA-based filtering mechanism relies on short- to medium-horizon
trajectory predictions of surrounding dynamic obstacles at each replanning cycle. In the
receding-horizon framework, both obstacle predictions and the corresponding TTA-based
filtering results are continuously updated. To reflect the increase in prediction uncertainty
over time, the dynamic risk field adopts time-varying diffusion coefficients, so that long-
horizon predicted risk is represented with a larger spatial spread.

3.2.3. Fused Risk Field

After the static risk field and the dynamic risk field are superimposed, they together
constitute the vehicle’s driving risk field, which is given by

R(s, l) = ∑
i

Rs
i (s, l) + ∑

j
R

′ j
d (s, l) (9)

Figure 3 illustrates a complex traffic scenario involving multiple traffic participants
together with their corresponding driving risk fields. In this study, the driving risk field is
constructed in the Frenet coordinate system, where the forward lane direction is defined as
the s-axis and the perpendicular direction as the l-axis. The intensity distribution of the risk
field can intuitively characterize the potential risk at each position and primarily serves
as a compact spatial prior for downstream path planning, while providing the spatial
interaction basis for the subsequent hierarchical spatiotemporal coordination.

Figure 3. Visualization of the composite risk field in the Frenet coordinate system for a complex
traffic scenario. The heat map illustrates the risk distribution generated by various traffic participants,
including a static obstacle, dynamic vehicles, and a pedestrian.

4. Trajectory Planning with TTA-Driven Dynamic Risk Filtering
4.1. Adaptive Sampling in the S–L Space

To improve the search efficiency of dynamic programming in the S–L space, an adap-
tive sampling method is developed based on the constructed path risk field R(s, l). The
main idea is to adjust the longitudinal sampling density according to the projected risk
distribution along the reference-line direction, such that denser samples are allocated in
high-risk regions, and sparser samples are used in open regions. In this way, local search
accuracy is preserved while redundant nodes are reduced.

First, for each longitudinal position s, the maximum risk along the lateral dimension
is extracted to obtain the longitudinal risk envelope:

Rmax(s) = max
l∈[lmin, lmax]

R(s, l) (10)

This smoothing step diffuses isolated local peaks in the longitudinal risk envelope
and enables nearby regions ahead of and behind obstacles to influence the subsequent
sampling-density distribution. As a result, the generated longitudinal station sequence
varies more continuously and avoids abrupt spacing transitions.
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To ensure that the regions ahead of and behind obstacles are also reflected in the
sampling-density distribution, a one-dimensional smoothing operation is applied to
Rmax(s), yielding

G(s) =
1√

2πσg
exp

(
− s2

2σ2
g

)
(11)

R̄(s) = Rmax(s) ∗ G(s) (12)

where σg denotes the standard deviation of the Gaussian kernel. This operation spreads
isolated local peaks in the longitudinal risk envelope to their neighboring regions, so
that areas immediately ahead of and behind obstacles also contribute to the subsequent
sampling-density distribution. As a result, the sampling density varies more continuously
around obstacle regions, avoiding abrupt changes in the longitudinal sampling interval. The
smoothed envelope is then normalized to obtain the longitudinal risk-distribution factor:

Iobs(s) =
R̄(s)− mins R̄(s)

maxs R̄(s)− mins R̄(s)
(13)

where Iobs(s) ∈ [0, 1], and a larger value indicates a stronger local risk concentration
along the longitudinal direction and therefore a higher demand for sampling resolution.
On this basis, rather than directly adopting a piecewise step-size function, a continuous
longitudinal sampling density function is defined as

ρ(s) = ρmin + (ρmax − ρmin)(Iobs(s))
γ (14)

ρmin =
1

∆smax
, ρmax =

1
∆smin

(15)

where ∆smax and ∆smin denote the maximum and minimum longitudinal sampling inter-
vals, respectively, and γ is the density shaping coefficient. This formulation establishes
a continuous mapping between obstacle distribution and sampling resource allocation,
such that higher-risk regions correspond to higher sampling densities. Subsequently, the
cumulative density function is introduced as

C(s) =
∫ s

0
ρ(u) du (16)

and uniform sampling is then performed in the cumulative-density space with a fixed
interval ∆c, namely,

C(si) = i ∆c, i = 0, 1, . . . , N (17)

By inversion, the longitudinal sampling station sequence {si} can be obtained. This
method avoids abrupt interval transitions caused by local step-size recursion, allow-
ing the spacing between longitudinal sampling stations to vary continuously with the
risk distribution.

In the lateral direction, to maintain a regular search-network structure, discrete sam-
pling is performed with a fixed step size:

lj = lmin + j ∆l, j = 0, 1, . . . , M (18)

In this way, a lateral node set {(si, lj)} is formed at each longitudinal station si, thereby
ultimately constructing a complete S–L search network.

As shown in Figure 4, the projected longitudinal risk envelope captures the spatial
variation of risk along the reference-line direction. After Gaussian smoothing and normal-
ization, the resulting risk-distribution factor becomes continuous, and the high-risk peaks

https://doi.org/10.3390/electronics15091782

https://doi.org/10.3390/electronics15091782


Electronics 2026, 15, 1782 10 of 27

around obstacle regions are broadened to their neighboring longitudinal intervals. Con-
sequently, the constructed sampling-density function forms smoother and wider density
peaks in the vicinity of obstacles, rather than producing abrupt local concentration only at
isolated positions. Through inverse sampling in the cumulative-density space, the final
longitudinal station sequence therefore becomes denser near obstacle regions and changes
more gradually in open areas, which helps reduce redundant nodes while preserving local
search resolution.

Figure 4. Schematic illustration of risk-distribution-driven adaptive sampling in the S–L space.

4.2. Path Planning
4.2.1. Candidate Path Generation

After adaptive sampling of the discrete spatial nodes, it is necessary to construct local
geometric connections between nodes in adjacent longitudinal layers, thereby generating a
directed acyclic graph for global optimization via dynamic programming. As illustrated
in Figure 5, to satisfy the nonholonomic constraints of vehicle motion and to ensure C2

continuity of the planned trajectory in terms of lateral offset, heading angle, and curvature,
this paper adopts quintic polynomials to generate smooth curves between nodes.

Figure 5. Methodology for candidate path generation based on adaptive sampling. Quintic polynomi-
als are employed to construct continuous trajectories between discrete nodes across multiple sampling
layers. The varying longitudinal density of the layers demonstrates the TTA-driven adaptive resource
allocation in the S–L search space.

Let a sampled node at the ith longitudinal layer si be denoted as the starting point
Pi, and a sampled node at the (i + 1)th layer si+1 as the terminal point Pi+1. In the Frenet
coordinate system, the local smooth curve l(s) connecting these two points can be modeled
as a quintic polynomial function of the longitudinal arc length s:

l(s) = a0 + a1(s − si) + a2(s − si)
2 + a3(s − si)

3 + a4(s − si)
4 + a5(s − si)

5 (19)

where a0 through a5 are the polynomial coefficients. These coefficients are uniquely de-
termined by six boundary constraints at the start and end points, namely the boundary
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states (li, l′i , l′′i ) and (li+1, l′i+1, l′′i+1). To effectively reduce the dimensionality of the state
space during the dynamic-programming search stage, it is commonly assumed—except
for the current initial state of the ego vehicle—that the desired driving posture at the
remaining candidate nodes is parallel to the road reference line. Accordingly, the first- and
second-order lateral derivatives are relaxed to zero.

4.2.2. Cost Evaluation

After constructing the discrete state network composed of local polynomial connec-
tions, the path-planning problem can be reformulated as the search for a globally optimal
path sequence in a directed acyclic graph. To simultaneously account for trajectory safety,
kinematic feasibility, and reference-line tracking performance, this paper constructs, for
the local polynomial curve l(s) between two adjacent nodes Pi and Pi+1, a composite cost
function that integrates smoothness, reference-line deviation, and environmental risk.

Let the longitudinal span of the curve segment be [si, si+1]. The total local cost
Cedge(Pi, Pi+1) is defined as the weighted sum of the individual evaluation terms:

Cedge(Pi, Pi+1) = wsmooth Csmooth + wref Cref + wrisk Crisk (20)

To quantify the kinematic smoothness and ride comfort of the trajectory, quadratic
penalties are imposed on the first-order lateral derivative of the polynomial curve (heading-
angle deviation), the second-order derivative (curvature), and the third-order derivative
(rate of curvature change). The corresponding integral form along the longitudinal arc
length s is given by

Csmooth =
∫ si+1

si

(
wdl [l′(s)]2 + wddl [l′′(s)]2 + wdddl [l′′′(s)]2

)
ds (21)

where wdl , wddl , and wdddl are the sub-weights associated with the penalty terms for the
first-, second-, and third-order derivatives, respectively.

To guide the ego vehicle to travel along the desired lane center in the absence of
obstacle-avoidance requirements, a reference-line deviation cost is introduced to constrain
the lateral position error of the trajectory:

Cref =
∫ si+1

si

[l(s)]2 ds (22)

To achieve effective avoidance of surrounding obstacles, the two-dimensional com-
posite risk field R(s, l) constructed in the previous section is introduced. The cost in-
curred when the local polynomial curve traverses this risk field is quantified by the spatial
path integral:

Crisk =
∫ si+1

si

R(s, l(s)) ds (23)

Within the discrete solution framework, this integral term can be approximately
evaluated by numerical accumulation using fixed-step sampling along the longitudinal arc
length. The introduction of the risk-field cost imposes a substantial penalty on graph-search
edges that pass through high-risk regions, thereby guiding the planning algorithm to avoid
potential collision zones during spatial optimization.

4.2.3. Path Smoothing

Although the optimal discrete path produced by dynamic programming satisfies the
preliminary requirements of obstacle avoidance and topological consistency, its derivative-
level smoothness remains insufficient to directly meet the control demands imposed by
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the underlying vehicle dynamics, owing to the limited resolution of the discretized state
space. To address this issue, this paper introduces a quadratic programming algorithm
to perform refined trajectory smoothing. Taking the reference path generated by the DP
module as the baseline, the system resamples it along the longitudinal arc length s using a
higher-resolution uniform step size, thereby generating a discrete longitudinal sequence
s1, s2, . . . , sn. The corresponding lateral coordinate sequence [l1, l2, . . . , ln] in the Frenet
coordinate system then serves as the core decision variable of the QP module.

To balance trajectory smoothness, tracking accuracy, and risk avoidance, the objec-
tive function is composed of the following components. To ensure passenger comfort, a
trajectory smoothness cost function is first introduced:

Jsmooth = w1 ∑
i

(
l′i
)2

+ w2 ∑
i

(
l′′i
)2

+ w3 ∑
i

(
l′′′i
)2 (24)

where w1, w2, and w3 are the cost weights associated with the lateral velocity, acceleration,
and jerk, respectively. In addition, to guide the ego vehicle to remain as close as possible to
the path planned by the DP module when obstacle avoidance is not required, a reference-
line tracking cost is introduced:

Jref = ∑
i
(li − lref)

2 (25)

where lref denotes the reference path generated by the DP module in the previous subsection.
For the risk-field avoidance cost, considering that the composite risk field R(s, l) is strongly
nonlinear, this paper performs a second-order Taylor expansion at the DP reference node
ldp,i and transforms it into an approximate quadratic cost that satisfies the convexity
requirements of quadratic programming:

Jrisk = ∑
i

(
∂R
∂l

∣∣∣∣
ldp,i

li +
1
2

∂2R
∂l2

∣∣∣∣
ldp,i

l2
i

)
(26)

To achieve a comprehensive optimum with respect to trajectory smoothness, tracking
accuracy, and risk avoidance, the final objective cost function of the quadratic programming
problem is formulated as

Fcost = Jsmooth + wref Jref + wrisk Jrisk (27)

In the quadratic programming formulation, this paper imposes curve constraints
using a piecewise-jerk optimization method. Assuming that the third-order derivative of
the curve f (s) connecting li and li+1 remains constant, the fourth-order and higher-order
derivatives of the curve are therefore zero. Under this assumption, li+1 and l′i+1 can be
expressed by finite Taylor expansions as follows:

li+1 = li + l′i ∆s +
1
2

l′′i ∆s2 +
1
6

(
l′′i+1 − l′′i

∆s

)
∆s3 (28)

l′i+1 = l′i + l′′i ∆s +
1
2

(
l′′i+1 − l′′i

∆s

)
∆s2 (29)

In terms of inequality constraints, the true geometric boundary of the vehicle must be
taken into account in order to construct physical collision-avoidance constraints. In this
paper, the vehicle is equivalently modeled as a rigid rectangular body. Let the total vehicle
width be w, and let the distances from the center of mass to the front and rear ends of the
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vehicle be denoted by d1 and d2, respectively. Under the small-angle assumption θ ≈ l′i ,
the lateral coordinates of the four corners of the equivalent rectangle can be approximated
as li + d1l′i ±

w
2 and li − d2l′i ±

w
2 . To ensure physical safety, the coordinates of these four

points must be strictly enclosed within the QP convex-space bounds [lbi, ubi].
By solving the resulting quadratic programming model, a continuous obstacle-

avoidance path that satisfies vehicle dynamic constraints can be obtained while simultane-
ously accounting for both comfort and safety.

4.3. Speed Planning
4.3.1. Spatiotemporal Corridor Extraction

To balance global computational efficiency and local obstacle-avoidance accuracy, this
paper adopts a non-uniform discretization strategy along the longitudinal S-axis, with
dense sampling in the near field and sparse sampling in the far field. Specifically, a finer
grid is employed in the proximal interaction region, whereas a coarser grid is used in the
distal region, thereby reducing the scale of the state space while preserving the accuracy of
local planning. In particular, the near field is discretized with a fine grid interval ∆snear,
whereas the far field is discretized with a coarse grid interval ∆sfar.

In complex dynamic interaction scenarios, directly projecting the predicted trajectories
of surrounding vehicles onto the S–T plane may introduce invalid collision regions, because
such a treatment ignores both the relative heading difference between the obstacle and
the reference path and the lateral geometric separation between the obstacle and the
selected path. To obtain a more accurate non-traversable region for speed planning, a
two-dimensional geometric projection based on the Minkowski-sum concept is introduced
in the Frenet coordinate system.

Consider a dynamic obstacle at time t, whose center is projected onto the reference
path as (sobs(t), dobs(t)), and whose heading angle relative to the tangent direction of the
reference path is denoted by ∆θ(t). The obstacle is approximated by a rectangle with length
Lobs and width Wobs, while the ego vehicle is approximated by a rectangle with length Lego

and width Wego. For a rectangular obstacle, the projection of its footprint onto the lateral
axis of the Frenet frame is Lobs|sin ∆θ(t)|+ Wobs|cos ∆θ(t)|, whereas its projection onto the
longitudinal axis is Lobs|cos ∆θ(t)|+ Wobs|sin ∆θ(t)|.

Based on the Minkowski-sum interpretation, the geometric dimensions of the ego
vehicle are absorbed into the obstacle footprint to form an equivalent collision envelope.
The effective lateral and longitudinal extents of the obstacle with respect to the ego vehicle
are then expressed as

D(t) = Wego + Lobs|sin ∆θ(t)|+ Wobs|cos ∆θ(t)| (30)

S(t) = Lego + Lobs|cos ∆θ(t)|+ Wobs|sin ∆θ(t)| (31)

Here, D(t) denotes the effective collision width in the lateral direction, and S(t)
denotes the effective collision length in the longitudinal direction. Geometrically, Equa-
tions (30) and (31) first project the obstacle rectangle onto the Frenet axes according to the
relative heading angle ∆θ(t), and then enlarge the projected obstacle by the ego-vehicle
dimensions to obtain the collision-relevant envelope.

Let dmargin be the lateral safety margin. The non-traversable region induced by the
obstacle at time t is defined as

Ωobs(t) =
{

s
∣∣∣∣ |dobs(t)| ≤

1
2

D(t) + dmargin, |s − sobs(t)| ≤
1
2

S(t)
}

(32)
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Equation (32) indicates that the obstacle contributes a longitudinally non-traversable
interval only when the selected path satisfies the lateral overlap condition

|dobs(t)| ≤
1
2

D(t) + dmargin

If this condition is not satisfied, the obstacle does not produce an effective conflict
interval at the current time, and thus

Ωobs(t) = ∅

Therefore, the proposed projection removes dynamic targets that are laterally sep-
arated from the selected path while preserving the longitudinal collision envelope for
obstacles that may actually interact with the ego vehicle.

In implementation, Ωobs(t) is first evaluated at each discrete time layer of the S–T
graph. For each time instant tk, the corresponding values of D(tk) and S(tk) are computed
for every dynamic obstacle, and the lateral overlap condition is then checked. If the
condition is satisfied, the obstacle generates a longitudinal non-traversable interval[

sobs(tk)−
1
2

S(tk), sobs(tk) +
1
2

S(tk)

]
Otherwise, the obstacle contributes no forbidden interval at that time layer. For multi-

obstacle scenarios, the intervals at the same time layer are merged to form the overall
non-traversable region of that layer.

It should be noted that Equation (32) defines the obstacle-induced forbidden interval at
an individual time instant, whereas the final non-traversable space used for speed planning
is obtained by connecting these intervals across successive time layers, thereby forming
continuous time-varying obstacle bands in the S–T graph, as illustrated in Figure 6. When
the lateral overlap condition remains satisfied over adjacent time layers, the corresponding
longitudinal intervals evolve continuously along the time axis and jointly define a con-
tinuous obstacle region. When the lateral condition is no longer satisfied, the associated
obstacle band naturally terminates. Therefore, the lateral overlap condition determines
whether an obstacle contributes to an effective conflict region at a given time layer, while
the connected intervals across time constitute the continuous non-traversable space used in
the subsequent search process. In this way, dynamic obstacles that are laterally separated
from the selected path are excluded, and only geometrically relevant conflict regions are
preserved in the S–T graph.

Figure 6. Velocity profile optimization.
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Based on the resulting continuous non-traversable space, dynamic programming is per-
formed on the non-uniform S–T graph to search for a coarse-grained velocity profile that is
globally optimal with respect to the overall cost. The cost function jointly considers speed-
tracking performance, acceleration smoothness, jerk smoothness, and obstacle-avoidance cost:

J = ∑
i

[
wv(ṡi − vr)

2 + wa s̈ 2
i + wj

...
s 2

i + wo ϕ(di)
]

(33)

Here, ϕ(di) denotes the obstacle penalty term constructed according to the distance
between the current node and the time-varying non-traversable region. Through this for-
mulation, a coarse-grained safe velocity profile with globally minimal cost can be efficiently
obtained on the non-uniform S–T graph. Furthermore, the free space between adjacent
obstacle bands can be extracted to generate a safe spatiotemporal corridor [smin, smax],
which serves as the feasible domain for the subsequent quadratic programming stage.

4.3.2. Multi-Objective Velocity Profile Smoothing

Although the heuristic search provides a safe spatiotemporal corridor, the resulting
discrete trajectory does not possess continuity at the level of the second-order derivative.
Therefore, under the convex spatial constraints established in the previous subsection, this
study constructs a quadratic programming model based on piecewise jerk to generate a
smooth velocity profile consistent with the physical behavior of the vehicle.

The discrete system state vector is defined as

X = [s0, . . . , sn, v0, . . . , vn, a0, . . . , an]
T ∈ R3(n+1),

with jerk taken as the control input. The optimization objective is to minimize the reference-
speed tracking error, acceleration effort, and jerk penalty. Accordingly, the cost function
fcost is formulated as

fcost = w1

n

∑
i=0

(vi − vr)
2 + w2

n

∑
i=0

a2
i + w3

n−1

∑
i=0

j2i . (34)

Here, w1, w2, and w3 are dimensionless weighting coefficients. After matrix reformu-
lation, the above cost function can be cast into the standard quadratic form 1

2 XTHX + gTX.
The positive semidefiniteness of the sparse Hessian matrix ensures the convexity of the
optimization problem and thereby enables efficient computation of the global optimum.

To ensure a smooth acceleration transition in the generated trajectory without abrupt
changes, accurate kinematic and boundary constraints must be imposed on the system.
Assuming that the jerk remains constant within each discrete time step ∆t, the Taylor-
expansion-based expressions can be written as

si+1 = si + ṡi∆t +
1
2

s̈i∆t2 +
1
6

(
s̈i+1 − s̈i

∆t

)
∆t3, (35)

ṡi+1 = ṡi + s̈i∆t +
1
2

(
s̈i+1 − s̈i

∆t

)
∆t2. (36)

By replacing the control input with the finite-difference expression ji =
ai+1−ai

∆t ,
the above higher-order integral relations can be transformed into linear equality con-
straints among the state variables, from which the sparse equality-constraint matrix Aeq

is constructed.
Meanwhile, the optimization must remain strictly confined within the safe cor-

ridor generated in the previous subsection and must also satisfy the vehicle’s dy-
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namic constraints. Specifically, the state variables are required to satisfy the po-
sition bounds smin ≤ si ≤ smax, the speed limits 0 ≤ vi ≤ vmax, and the acceleration
bounds amin ≤ ai ≤ amax. In particular, the jerk constraint is explicitly imposed through
the difference equation jmin∆t ≤ ai+1 − ai ≤ jmax∆t. Figure 6 illustrates the optimized
velocity profile.

In summary, this study achieves decoupled path and speed planning in the Frenet
coordinate system. Through inverse coordinate transformation, the trajectory jointly gen-
erated from the S–L and S–T graphs is mapped back into the global Cartesian space,
ultimately yielding a complete spatiotemporal state vector with high-order continuity
q = [x, y, v, a, θ, κ]T.

5. Simulation and Verification
To verify the effectiveness of the proposed method, simulations were conducted under

several representative scenarios, including static-obstacle avoidance, adjacent-vehicle cut-
in, non-motorized road-user crossing, and mixed interactions with multiple obstacles. The
main simulation parameters are listed in Table 1.

Table 1. Main algorithm parameters.

Parameter Value Description

Wroad 3.75 m Road width
Lego 4.8 m Length of the ego vehicle
Wego 2.0 m Width of the ego vehicle

σl 0.12 Lateral diffusion coefficient of the risk field
σs 0.25 Longitudinal diffusion coefficient of the risk field
γ 1 Risk-field density shaping coefficient
∆t 0.1 s Planning cycle
ac [−6, 4] m/s2 Acceleration range

jmax 4 m/s3 Maximum jerk

5.1. Static Obstacle Avoidance

As illustrated in Figure 7, this scenario corresponds to a two-lane curved road segment
with a lane width of 3.75 m and a local planning horizon of 120 m. The ego vehicle has an
initial speed of 36 km/h (10 m/s). A static obstacle, such as a parked vehicle, is placed 55 m
ahead of the ego vehicle. The obstacle is located at the center of the current lane and has
dimensions of 4.5 m × 1.8 m. The vehicle is required to complete a local bypass maneuver
while satisfying the road-boundary constraints.

Under this scenario, the proposed planner generates a continuous and collision-free
local trajectory. As shown in Figure 7c, the dynamic-programming stage is already capable
of identifying the correct obstacle-bypassing topology; however, the resulting path still
exhibits noticeable oscillations before and after the obstacle, accompanied by substantial
fluctuations in the curvature profile. This indicates that, although the discrete search result
is feasible, it remains inadequate for direct vehicle execution. After quadratic-programming-
based refinement, the final trajectory produces a single and continuous lateral deviation in
the vicinity of the obstacle and gradually returns to the target lane after passing it. As can
be seen from Figure 7a, the longitudinal acceleration varies relatively smoothly throughout
the maneuver, indicating that the vehicle completes obstacle avoidance primarily through
lateral steering rather than pronounced deceleration. The peak lateral acceleration is con-
centrated during the obstacle-bypassing phase and is well aligned with the trajectory offset,
suggesting that the planned motion can respond promptly to obstacle constraints by appro-
priately adjusting the vehicle state. These results demonstrate that the proposed method
can effectively coordinate road-boundary constraints and obstacle-avoidance requirements
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in curved-road scenarios with static obstacles, while also improving the geometric quality
of the coarse path.

(a) (b)

(c)

Figure 7. Static Obstacle Avoidance: (a) Lateral and longitudinal acceleration profiles; (b) Lateral
and longitudinal path curvature; (c) Comparison of vehicle trajectory optimization results and
schematic illustration of vehicle positions at 0.5 s intervals. In this comparison, the orange line
segment represents the DP planning result, the green line segment indicates the QP optimization
result, and the purple line segment denotes the final fused trajectory curve.

5.2. Interactive Scenarios
5.2.1. Adjacent-Vehicle Cut-In

In this scenario, the environment is configured as a two-lane straight road segment
with a total road length of 120 m, a lane width of 3.75 m, a local planning horizon of 120 m,
and a speed limit of 50 km/h. The ego vehicle travels with an initial speed of 10 m/s. An
adjacent vehicle, initially located 30 m ahead of the ego vehicle, cuts into the ego lane at a
speed of 6 m/s and subsequently decelerates at 1 m/s2 until coming to a stop.

As shown in Figure 8, under this scenario, the proposed method does not maintain a
continuous car-following strategy. Instead, as the dynamic risk ahead gradually intensifies,
it identifies the feasible space that reopens in the adjacent lane and generates a single, con-
tinuous lane-change trajectory, before resuming stable driving after traversing the conflict
region, without exhibiting noticeable rollback behavior or repeated corrections throughout
the process. As shown in Figure 8d, the high-risk region is mainly concentrated in front
of the cut-in vehicle and within the area occupied after it decelerates to a stop, indicating
that the proposed method is capable of compressing the temporal conflict induced by the
dynamic obstacle into a localized region directly relevant to the actual interaction, and of
accordingly guiding the vehicle toward lower-risk space. The evolution of acceleration
is broadly consistent with the trajectory variation. The longitudinal acceleration remains
relatively smooth overall, without pronounced emergency braking; the peaks in lateral
acceleration mainly correspond to the lane-change initiation and recovery phases; and both
longitudinal and lateral jerk exhibit only brief fluctuations at the initial stage of trajectory
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adjustment, followed by rapid attenuation. By contrast, in the absence of TTA filtering, the
cut-in vehicle imposes a persistently occupied obstacle constraint on the left side. When
further combined with the risk field, its predicted trajectory expands into a continuous
diagonal high-risk band in the planning space, compressing the traversable region of the
left lane and making the planner more inclined to decelerate and yield or to initiate avoid-
ance prematurely. After introducing the TTA mechanism, the proposed method is able to
capture the critical temporal cue that the left lane becomes available again once the vehicle
completes the lane-change maneuver, thereby preserving the effective feasible region and
triggering a rational lane-change decision. These results demonstrate that the TTA filtering
mechanism can suppress redundant risk propagation and improve planning traversability.

(a) (b) (c)

(d)

Figure 8. Adjacent-Vehicle Cut-In: (a) Lateral and longitudinal acceleration profiles; (b) Lateral and
longitudinal path curvature; (c) Lateral and longitudinal jerk profiles; (d) Comparison of vehicle
trajectory optimization results and schematic illustration of vehicle positions at 0.5 s intervals, where
the orange line represents the DP result, the green line indicates the QP result, and the purple line
denotes the final fused trajectory.

5.2.2. Non-Motorized Vehicle Crossing

This scenario considers a two-lane straight road segment in which the ego vehicle trav-
els at 10 m/s, while a non-motorized vehicle crosses the roadway at 2 m/s from a position
45 m ahead. Because whether a genuine conflict arises depends on the temporal relation-
ship between the two parties arriving at the intersection region, this scenario is primarily
designed to verify whether the proposed method can identify effective temporal conflicts
based on TTA, thereby avoiding overly conservative planning results caused by directly
treating the entire predicted trajectory of the non-motor vehicle as a non-traversable region.

As shown in Figure 9c, when encountering the crossing non-motor vehicle, the ego
vehicle neither brakes in advance nor performs an unnecessary lane change; instead, it
maintains forward motion with only a slight lateral adjustment and ultimately passes
through the conflict region smoothly. The risk region is concentrated only around the
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locations where the trajectories of the two parties genuinely overlap in space and time,
rather than forming a continuous blocking band along the entire predicted path of the
non-motor vehicle, indicating that TTA filtering can effectively constrain the extent of
potential conflict. When the non-motor vehicle has largely cleared the conflict region before
the ego vehicle arrives, the ego vehicle is not required to decelerate in advance or execute a
detour. Correspondingly, the longitudinal acceleration varies smoothly, the peak lateral
acceleration remains small, and the trajectory curvature stays close to zero, demonstrating
that the vehicle can pass safely with only minor lateral adjustment. These results verify that
TTA filtering can reduce unnecessary deceleration and detouring caused by insufficient
exploitation of temporal information.

(a) (b)

(c)

Figure 9. Non-motorized vehicles crossing: (a) Lateral and longitudinal acceleration profiles; (b) Lat-
eral and longitudinal path curvature; (c) Comparison of vehicle trajectory optimization results and
schematic illustration of vehicle positions at 0.5 s intervals, where the orange line represents the
DP result, the green line denotes the QP optimization result, and the purple line indicates the final
fused trajectory.

5.2.3. Mixed Interaction

This scenario considers a two-lane straight road segment with a total road length of
120 m, a lane width of 3.75 m, and a speed limit of 60 km/h. The ego vehicle starts at
an initial speed of 8 m/s. The environment simultaneously includes a static obstacle, a
decelerating lead vehicle traveling in the same direction, and a vehicle cutting in from
the adjacent lane. Specifically, the static obstacle is located 65 m ahead; the lead vehicle is
positioned 35 m ahead, with an initial speed of 10 m/s and a continuous deceleration of
2 m/s2; and the adjacent-lane vehicle is located 28 m ahead, traveling at 12 m/s, and cuts
into the ego lane while bypassing the obstacle. This scenario is designed to evaluate the
local trajectory-planning capability and traffic efficiency of the proposed method under
multiple concurrent constraints.

As shown in Figure 10e, under the combined influence of the static obstacle, the
decelerating lead vehicle, and the adjacent-vehicle cut-in maneuver, the proposed method
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is still able to maintain stable planning without exhibiting persistent car-following, abrupt
braking, or repeated corrections. Before reaching the conflict region, the ego vehicle
identifies the change in available traversable space and subsequently performs a single
continuous lateral transition, bypassing both the slow-moving lead vehicle and the static
obstacle via the adjacent lane, before returning to stable driving after passing through
the conflict region. The risk is mainly concentrated in the vicinity of the static obstacle
and in the localized interaction region formed by the cut-in vehicle and the lead vehicle,
indicating that the proposed method can effectively compress the truly relevant conflict
region under multi-source constraints and avoid overestimating the entire road segment as
non-traversable.

(a) (b)

(c) (d)

(e)

Figure 10. Mixed Interaction: (a) Lateral and longitudinal acceleration profiles; (b) Lateral and
longitudinal path curvature; (c) Longitudinal DP and QP optimized speed profiles; (d) DP and QP
S–T graph search results, where the pink area represents the non-traversable regions formed by the
projection of dynamic obstacles; (e) Comparison of trajectory optimization results and schematic
illustration of vehicle positions at 0.5 s intervals. The orange line indicates the DP result, the green
line denotes the QP optimization, and the purple line represents the final fused trajectory. The red
and blue boxes indicate the positions of traffic participants at 3.5 s and 5.5 s, respectively.
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The speed-planning results further show that the DP-based speed profile exhibits pro-
nounced discontinuities at discrete nodes, whereas the optimized speed curve is continuous
and smooth. During the bypass maneuver, the ego vehicle accelerates gently and gradually
converges to a stable speed, without showing any obvious stop or secondary abrupt decel-
eration. Correspondingly, the longitudinal acceleration remains smooth overall, the peaks
in lateral acceleration occur mainly during lane-change initiation and recovery, and the
longitudinal and lateral jerks exhibit only brief fluctuations during trajectory adjustment
before decaying rapidly. These results demonstrate that the proposed method can effec-
tively coordinate spatial bypassing and temporal speed regulation in mixed multi-obstacle
interaction scenarios, while maintaining both trajectory continuity and smooth vehicle
motion states under safe passage requirements.

5.3. Ablation Analysis

An ablation study was conducted in a mixed multi-obstacle interaction scenario to
evaluate the roles of the key modules. The effects of the TTA filtering mechanism and the
adaptive sampling strategy were examined separately by removing only the target module
in each setting while keeping all other conditions unchanged. These two components were
selected because they directly reflect the core contributions of the proposed method.

5.3.1. Ablation Study of the TTA Filtering Mechanism

To evaluate the effect of the TTA filtering mechanism on dynamic risk representation
and planning performance, two settings were compared: the full method and the method
without TTA filtering. In the full method, only the dynamic risks related to actual interac-
tions are retained according to the TTA relationship between the ego vehicle and dynamic
obstacles at potential conflict locations. In contrast, without TTA filtering, the risk field
corresponding to the entire predicted trajectories of dynamic obstacles is directly projected
into the planning space. The comparison focuses on the distribution of risk regions and the
resulting trajectory patterns.

Figure 11 shows the comparison results of the two methods in the mixed interaction
scenario. Without TTA filtering, the predicted trajectories of dynamic obstacles form a
larger continuous high-risk region in the planning space, which shrinks the feasible region
and makes the vehicle more likely to adopt conservative deceleration or even stopping
strategies. With the full method, risk constraints are concentrated in regions associated with
actual interactions, thereby preserving the effective feasible region and improving planning
traversability. These results indicate that the TTA filtering mechanism can effectively
suppress redundant risk propagation and reduce planning conservatism. As shown in
Table 2, in the adjacent-vehicle cut-in scenario, removing TTA filtering increases the risk
occupancy ratio from 4.65% to 19.47%, while reducing the average speed from 10.74 m/s
to 9.13 m/s and increasing the planning time from 94 ms to 101 ms. By contrast, the
minimum clearance remains nearly unchanged at 1.68 m and 1.69 m, respectively. These
results indicate that TTA filtering effectively suppresses redundant high-risk occupancy
and reduces unnecessary slowing-down behavior, while preserving a comparable safety
margin. Therefore, the main contribution of TTA filtering lies in reducing conservatism in
the risk representation rather than in reducing obstacle clearance aggressively.
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(a)

(b)

Figure 11. TTA Filtering Mechanism Ablation Results (a) Risk Field and Planning Results Without
the TTA Filtering Mechanism. (b) Risk Field and Planning Results With the Full Method.

Table 2. Quantitative ablation results of TTA filtering and adaptive sampling.

Scenario Method Node Count Risk Occupancy
Ratio (%)

Min
Clearance (m)

Avg. Speed
(m/s)

Planning
Time (ms)

Adjacent-vehicle
cut-in Proposed 615 4.65 1.68 10.74 94

Adjacent-vehicle
cut-in

w/o TTA
filtering 675 19.47 1.69 9.13 101

Mixed multi-obstacle
interaction Proposed 495 1.62 0.55 11.35 92

Mixed multi-obstacle
interaction

Uniform
sampling 915 1.62 0.61 11.46 132

5.3.2. Ablation Study of Adaptive Sampling

To evaluate the effect of the adaptive sampling strategy on the search efficiency of
the path-planning layer, two settings, namely adaptive sampling and uniform sampling,
were compared in a mixed multi-obstacle interaction scenario. Since Section 4.1 has already
presented the adaptive sampling mechanism and the corresponding node distribution, this
ablation study mainly adopts quantitative metrics for comparison. Table 2 summarizes
the results of the two sampling strategies in terms of the number of search nodes, average
planning time, and minimum safety distance.

As shown in Table 2, in the mixed multi-obstacle interaction scenario, adaptive sam-
pling reduces the planning time from 132 ms to 92 ms compared with uniform sampling.
Meanwhile, the average speed changes only slightly from 11.46 m/s to 11.35 m/s, and
the minimum clearance changes from 0.61 m to 0.55 m. These results indicate that the
main benefit of adaptive sampling lies in improving computational efficiency by reducing
the path-search burden, while maintaining broadly comparable driving efficiency and
safety margin.

On the basis of the above comparison between uniform sampling and adaptive sam-
pling, an additional sensitivity analysis was conducted to further examine the influence
of key parameters in the adaptive sampling strategy. Specifically, the density-shaping
coefficient γ and the Gaussian smoothing parameter σg were analyzed. The effect of γ was
evaluated with σg = 3 fixed, while the effect of σg was evaluated with γ = 1 fixed. The
number of search nodes, average planning time, and minimum safety distance were still
adopted as evaluation metrics.

As shown in Table 3, with increasing γ, the number of search nodes decreases and the
planning time is reduced. Meanwhile, a larger γ strengthens the response of the sampling

https://doi.org/10.3390/electronics15091782

https://doi.org/10.3390/electronics15091782


Electronics 2026, 15, 1782 23 of 27

density to the risk distribution, causing sampling nodes to concentrate more strongly in
high-risk regions and thereby reducing redundant search effort.

Table 3. Sensitivity analysis with respect to the density-shaping coefficient γ (σg = 3).

γ Node Count Planning Time (ms) Min. Safety Distance (m)

0.5 555 98 0.56
0.8 510 94 0.53
1.0 495 92 0.55
1.2 480 91 0.61
1.5 480 91 0.55

As shown in Table 4, with increasing σg, both the number of search nodes and the
planning time increase, while paths with larger minimum safety distance are more likely
to be found. A larger σg enlarges the longitudinal influence range of local risk peaks,
causing wider dense-sampling regions to be allocated around obstacle neighborhoods. This
improves the safety margin, but also increases the computational cost.

Table 4. Sensitivity analysis with respect to the Gaussian smoothing parameter σg (γ = 1).

σg Node Count Planning Time (ms) Min. Safety Distance (m)

1 480 91 0.52
2 495 92 0.54
3 495 92 0.55
4 510 94 0.59
5 525 95 0.62

Taken together, the results indicate that γ mainly affects the response strength of the
sampling density to the risk distribution, whereas σg mainly affects the longitudinal spread
of the risk. The two parameters jointly determine the trade-off between efficiency and
conservatism in adaptive sampling. Overall, the proposed strategy remains stable within a
reasonable parameter range.

5.3.3. Computational Stress Test of the S–L Path-Planning Layer

To further examine the computational behavior of the path-planning layer in crowded
spatial scenes, an additional stress test was conducted under increasing static-obstacle
density. Static obstacles were used in this test because they directly contribute to the
spatial risk field and are not reduced by the TTA filtering mechanism, thereby making it
possible to densely populate the risk distribution in the S–L space and directly stress the
adaptive-sampling-based DP search.

As shown in Table 5, the number of adaptive S–L sampling nodes increases from 465
to 795 as the number of static obstacles increases from 2 to 10. Correspondingly, the S–L
DP runtime increases from 40.5 ms to 58.6 ms, while the total planning time increases
from 90.3 ms to 113.8 ms. By contrast, the risk-field construction time increases only
slightly, from 1.4 ms to 2.4 ms. These results indicate that the dominant runtime growth
mainly comes from the increase in adaptive S–L sampling nodes and the associated DP
path-search burden.

Moreover, as the obstacle density increases, the total runtime gradually approaches
the minimum-spacing uniform-sampling baseline, whose runtime varies from 128.3 ms
to 131.2 ms in the same test. This suggests that the worst-case tendency of the path-
planning layer remains close to the minimum-spacing uniform-sampling baseline rather
than growing without bound.
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Table 5. Path-planning runtime under increasing static-obstacle density.

Case Obs. S–L Nodes Risk (ms) DP (ms) Total (ms) Uniform (ms)

Low 2 465 1.4 40.5 90.3 128.3
Medium 5 585 1.8 47.2 98.1 129.4
High 8 720 2.2 53.4 106.9 130.1
Extreme 10 795 2.4 58.6 113.8 131.2

5.4. Comparison with a Representative Hybrid Planner

In order to further evaluate the proposed framework, the proposed framework is
compared with the representative hybrid trajectory planner of Wang et al. [10] under two
dynamic interaction scenarios, namely adjacent-vehicle cut-in and mixed multi-obstacle
interaction. These two scenarios are selected because they are representative of the temporal-
risk filtering problem and the multi-obstacle coordination problem addressed in this work.
The comparison is focused on minimum clearance, average speed, RMS jerk, and planning
time, which together reflect safety margin, driving efficiency, comfort, and computational
performance, as shown in Table 6.

Table 6. Comparison with the Wang baseline under dynamic interaction scenarios.

Scenario Method Clearance (m) Speed (m/s) RMS Jerk (m/s3) Time (ms)
(Mean ± Std)

Adjacent-vehicle
cut-in Proposed 1.68 10.74 2.56 94.1 ± 3.9

Adjacent-vehicle
cut-in Wang et al. 1.53 9.40 13.23 74.3 ± 2.3

Mixed multi-obstacle
interaction Proposed 0.55 11.35 1.83 92.3 ± 4.2

Mixed multi-obstacle
interaction Wang et al. 0.89 6.79 44.13 76.6 ± 2.7

The results show that in the mixed multi-obstacle interaction scenario, the Wang
baseline preserves a slightly larger clearance, whereas the proposed method achieves
substantially higher average speed and markedly lower RMS jerk, which suggests a better
balance between safety, efficiency, and comfort in dense interactive situations.

Overall, the results suggest that the proposed framework improves driving efficiency
and comfort in representative dynamic interaction scenarios while preserving safe obstacle
clearance and practical real-time performance.

6. Conclusions
This paper presented a hierarchical hybrid trajectory-planning method with a TTA-

driven dynamic risk-filtering mechanism for dynamic road scenarios. Using the Frenet
coordinate system as a unified representation framework, the method maps road bound-
aries, ego-vehicle states, static obstacles, and predicted trajectories of dynamic obstacles
into the planning space, constructs an S–L fused risk field and an S–T spatiotemporal
interaction graph, and filters dynamic risks unrelated to actual interactions through TTA
relationships. On this basis, the path-planning layer integrates risk-guided adaptive sam-
pling, dynamic programming, and quadratic programming, whereas the speed-planning
layer performs non-uniform spatiotemporal discretization, safe-corridor extraction, and
speed-profile optimization to generate a continuous and executable local trajectory.

Simulation results show that the proposed method improves coarse-path quality in
static-obstacle avoidance scenarios and reduces unnecessary deceleration and lane changes
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in adjacent-vehicle cut-in scenarios and non-motorized-vehicle crossing scenarios by re-
stricting conflict regions to temporally relevant interactions. In mixed multi-obstacle
interaction scenarios, the method maintains stable planning performance and avoids per-
sistent car-following, abrupt braking, and repeated corrections. Ablation results further
show that TTA filtering suppresses redundant risk propagation and reduces planning
conservatism. In addition, adaptive sampling reduces the number of search nodes from
915 to 495 and the average planning time from 132 ms to 92 ms, while maintaining a
broadly comparable minimum safety distance. Overall, the proposed method improves
traversability, smoothness, and motion continuity while maintaining computational feasi-
bility. It should be noted, however, that the present conclusions are drawn primarily from
simulations under representative scenarios. Although the receding-horizon formulation
continuously updates obstacle predictions and the corresponding TTA-based risk filtering
results, substantial prediction uncertainty or pronounced multi-modal behaviors may still
lead to insufficient representation of certain potentially relevant risks. Future work will
therefore consider multi-modal prediction integration, uncertainty-aware risk fusion, more
complex traffic flows, and closed-loop validation on real vehicles.
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