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Abstract—Autonomous vehicles (AVs) face challenges in mak-
ing accurate decisions and planning optimal trajectories in
complex environments. Current methods often overlook future
dynamics or are too computationally demanding for real-world
use, with many studies limited to simple scenarios. To address
these limitations, this paper introduces a two-stage trajectory
planning framework that considers safety, efficiency, and ride
comfort simultaneously in dynamic environments. The key con-
tribution is a novel Dynamic Risk Field (DRF) that provides a
unified representation of static and dynamic obstacles, enabling
comprehensive risk assessment without treating them separately.
The first stage generates spatially feasible trajectories using
quintic polynomials in the Frenet frame, guided by the DRF
to assess risks from obstacles. The second stage optimizes
these trajectories temporally with Space-Time (ST) graphs and
Sequential Quadratic Programming (SQP), ensuring collision
avoidance and smooth dynamics. Compared to existing methods,
our framework achieves efficient real-time planning through the
two-stage decomposition while maintaining trajectory quality.
Simulations across highway lane changes, overtaking, and inter-
section scenarios demonstrate that the framework produces safe,
efficient, and comfortable trajectories, outperforming benchmark
algorithms in terms of acceleration and jerk metrics.

Index Terms—Autonomous driving, dynamic risk field, lane
changing, sequential quadratic programming, space-time graph.

I. INTRODUCTION

AUTONOMOUS vehicles (AVs) are increasingly popular
in transportation. Unlike human-driven vehicles (HDVs),

AVs can significantly reduce incidents caused by human
errors, such as poor driving habits and delayed reactions [1].
Equipped with advanced computing devices, AVs enhance
decision-making accuracy [2]–[4]. Additionally, they can in-
crease road capacity and efficiency. Thus, developing safe
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Fig. 1: How can the autonomous host vehicle (HV) interact
with surrounding vehicles (SVs) to make accurate decisions
and plan collision-free trajectories during lane changing?

and efficient planning for AVs is important for the future of
intelligent transportation [5].

Interactive driving between AVs and HDVs is crucial for
safe and efficient planning in complex scenarios, such as
lane changes with multiple surrounding vehicles (SVs), as
illustrated in Fig. 1. During such maneuvers, the autonomous
host vehicle (HV) faces collision risks with several SVs. For
instance, following SV 1 may cause the HV to miss the
optimal lane-change point, while a slow lane change could
lead to collisions with SV 2 [6]. Even avoiding collisions
can compromise efficiency and increase travel time. This
highlights the challenges of interactive driving in complex
scenarios like lane changes, where AVs must seamlessly inte-
grate with traffic flow [7]–[10]. Research has shown that lane
changing requires the AVs to achieve precise coordination with
HDVs and flexible decision-making to adapt to the speed and
position of surrounding vehicles. If no suitable lane-change
opportunity arises, the AV should follow the vehicle ahead,
adjusting its acceleration accordingly [11]. However, treating
lane changing and car-following as separate processes often
leads to inconsistent behaviour [12], underlining the need for a
continuous, human-like driving approach better suited to real-
world conditions. In interactive scenarios, AVs must consider
both dynamic HDVs and static obstacles while selecting an
optimal trajectory that avoids collisions [13]–[15]. Therefore,
balancing both current and future situation-based planning,
without relying solely on car-following maneuvers, is key to
effective interactive driving [16].

Current situation-based planning is essential for ensuring
AVs reach target points safely with stability. Several methods
have been proposed for trajectory generation in such contexts
[17]. The Rapidly-exploring Random Tree (RRT) approach
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[18] effectively solves motion planning problems by creating
a space-filling tree to navigate between states while avoiding
obstacles. However, RRT suffers from uncertain convergence
rates, often leading to suboptimal solutions [19]. Another
approach is the Voronoi diagram-based method [20], [21],
valued for its simplicity, versatility, and efficiency. Yet, its per-
formance depends heavily on cell distribution, and it becomes
less effective in areas with sparse cells. The Artificial Potential
Field (APF) method [22], which uses attractive and repulsive
forces to guide vehicles, is also used in environments with
multiple obstacles. However, APF often results in unstable
trajectories due to the interaction of these forces [23]. In
summary, existing current situation-based methods (e.g., RRT,
Voronoi diagrams, and APF) focus primarily on the current
state of the environment but struggle to anticipate and adapt
to future changes, especially with dynamic obstacles [24].

Future situation-based planning enhances the robustness of
AV trajectory generation by anticipating potential changes in
the obstacle landscape [25], [26]. Nonlinear model predictive
control (NMPC) [27]–[29] is a representative approach that
predicts future states and repeatedly solves constrained opti-
mization problems, but it is often computationally demanding
and sensitive to uncertainty [30]. Monte Carlo Tree Search
(MCTS) [31] explores future outcomes through simulation, of-
fering strong performance in large and uncertain state spaces;
however, its tight coupling of decision-making and planning
can make error correction difficult once suboptimal branches
are expanded. Space-time planning [26], [32] jointly optimizes
spatial and temporal profiles to handle dynamic obstacles,
but remains computationally expensive and has mostly been
validated in simplified highway settings. Overall, while future
situation-based methods provide improved foresight over re-
active planners, they still face challenges in computational ef-
ficiency and deployment in complex real-world environments.

Recent studies have explored spatiotemporal heuristic
search methods, such as the spatiotemporal-restricted A∗ al-
gorithm for lane-free traffic at intersections [33], as well as
deep reinforcement learning (DRL) approaches for highway
autonomous vehicle control [34], [35]. However, these meth-
ods are often tailored to specific scenarios or require extensive
training data. This motivates the development of optimization-
based planning frameworks that can efficiently handle diverse
and dynamic driving environments.

To address the challenges, this paper introduces a two-
stage optimization approach. The upper stage focuses on initial
planning using spatial-inference features, while the lower stage
refines planning based on the selected candidate paths and
time-inference features. The main contributions are as follows:

1) A novel Dynamic Risk Field (DRF) is proposed to unify
the representation of static and dynamic obstacles, en-
abling risk assessment in complex driving environments.

2) A two-stage trajectory planning framework is developed,
integrating spatial trajectory generation via quintic poly-
nomials in the Frenet frame with temporal optimiza-
tion on Space-Time (ST) graphs under a multi-objective
receding-horizon formulation.

3) The resulting constrained nonlinear trajectory optimiza-

Fig. 2: The workflow of our proposed system.

tion problem is efficiently solved using Sequential
Quadratic Programming (SQP), allowing robust handling
of nonlinearities and safety constraints in dynamic au-
tonomous driving scenarios.

II. PROBLEM DESCRIPTION AND SYSTEM STRUCTURE

Let x(t) = [s(t), d(t), ṡ(t), ḋ(t), s̈(t), d̈(t)]⊤ be the vehicle
state at time t, where s(t) and d(t) represent the longitudinal
and lateral positions in the Frenet frame, respectively. The
vehicle dynamics are governed by

ẋ = v cos(θ), ẏ = v sin(θ), θ̇ = v tan(δ)/L, v̇ = a (1)

where (x, y) is the global position, θ is the heading angle, v
is the velocity, δ is the steering angle, L is the wheelbase, and
a is the acceleration.

The AV trajectory planning in dynamic environments can
be formulated as a constrained optimization problem. Given a
reference path Γ, sets of static and dynamic obstacles Os and
Od, a planning horizon T , and an initial vehicle state x0, the
aim is to find an optimal trajectory γ∗ that minimizes a cost
function while satisfying constraints. The cost function J(γ)
is defined as a weighted sum of multiple objectives as follows:

J(γ) = w1Jtime(γ) + w2Jsmoothness(γ) + w3Jsafety(γ)

+ w4Jcomfort(γ) + w5Jefficiency(γ) (2)

where Jtime, Jsmoothness, Jsafety, Jcomfort and Jefficiency represent
the various costs to be balanced, with corresponding weights
wi, i ∈ [1, 5], as detailed in Section IV-C. To tackle the
complexity of trajectory planning, we propose a two-stage
spatiotemporal planning framework (outlined in Fig. 2):

1) Stage I: Candidate Trajectory Generation. We gener-
ate a set of candidate trajectories in the Frenet frame
using quintic polynomials of time, which define both
the geometric path and an initial time-parameterized
motion profile. This stage produces kinematically feasible
trajectories that satisfy dynamic constraints and avoid
high-risk regions identified by the DRF (Section III).

2) Stage II: Spatiotemporal Refinement. The candidate
trajectory from Stage I is further refined in the space-
time domain using an ST graph. This stage re-optimizes
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the velocity profile and time allocation along the selected
path via SQP, explicitly resolving time-dependent interac-
tions with dynamic obstacles while satisfying speed and
acceleration constraints. The details are in Section IV.

III. DRF-BASED CANDIDATE TRAJECTORY GENERATION

This section introduces a novel path planning algorithm
(Algorithm 1) that integrates a dynamic Frenet frame, com-
prehensive risk assessment, and trajectory optimization. The
algorithm effectively tackles real-time path planning chal-
lenges involving both static and dynamic obstacles while
ensuring vehicle kinematic constraints and passenger comfort.
We define a reference path Γ as the baseline for optimization
and risk assessment. By transforming the vehicle motion into a
local coordinate system relative to Γ, we simplify the planning
problem to focus on longitudinal and lateral deviations. The
details of the algorithm are provided below.

A. Reference Path Γ Definition

We define Γ using discrete points (xi, yi)
N
i=1 in the global

Cartesian coordinate system. These points are interpolated
using a cubic spline to create a continuous, twice-differentiable
reference path r(s) = [xr(s), yr(s)]

⊤, where s is the arc
length along the path. The curvature κ(s) of Γ is given by

κ(s) =
ẋr(s)ÿr(s)− ẏr(s)ẍr(s)

(ẋr(s)2 + ẏr(s)2)3/2
(3)

where xr(s) and yr(s) are the x and y coordinates of Γ, and
ẋr(s), ẍr(s) and ẏr(s), ÿr(s) are the first-order and second-
order derivatives of Γ with respect to s.

The transformation between Frenet coordinates (s, d) and
Cartesian coordinates (x, y) is defined as[

x
y

]
=

[
xr(s)
yr(s)

]
+ d

[
− sin θ(s)
cos θ(s)

]
(4)

where d represents the lateral offset from Γ and θ(s) =
arctan 2(ẏr(s), ẋr(s)) is the heading angle of Γ at s.

B. Dynamic Risk Field (DRF) Construction

To ensure safe navigation in dynamic environments, we
propose a DRF to quantify the risk associated with the
vehicle’s current and future positions. Conventional APF meth-
ods treat static and dynamic obstacles separately and often
suffer from local minima [22]. Our DRF provides a unified
representation for both obstacle types. Moreover, the proposed
DRF incorporates velocity-dependent scaling and time-varying
predictions, enabling more accurate risk assessment in multi-
obstacle scenarios. We define the total risk field R(s, d, t) as

R(s, d, t) = Rs(s, d) +Rd(s, d, t) (5)

with static and dynamic risk fields Rs(s, d) and Rd(s, d, t).
The static risk field Rs(s, d) accounts for road boundaries

and static obstacles and it is described as

Rs(s, d) =

Ns∑
i=1

Ai exp

(
− (s− si)

2

2σ2
s,i

− (d− di)
2

2σ2
d,i

)
(6)

Algorithm 1 Receding Horizon Trajectory Planning

1: Initialize vehicle state (s0, d0, ṡ0, ḋ0, s̈0, d̈0), and Γ.
2: Set receding horizon parameters: ∆T , Tmax;
3: tolerance for constraint violation ξc; minimum iterations

kmin; threshold for cost function value change ξj .
4: while not at goal do
5: Update DRF R(s, d, t) in (7) for all obstacles.
6: Sample end states (se, de, Te) within ranges:
7: se ∈ [smin, smax], de ∈ [dmin, dmax], Te ∈ [Tmin, Tmax].
8: for each sampled end state do
9: Generate candidate trajectory τ using (9).

10: if τ satisfies constraints in (11) then
11: Add τ to the feasible trajectories set T .
12: end if
13: end for
14: Initialize τ 0 as best trajectory from T .
15: Initialize Lagrange multipliers λ0.
16: Initialize Hessian approximation H0.
17: for k = 0 to max iterations do
18: Solve QP subproblem (13) for dk.
19: Perform line search to determine step size αk.
20: Update Hk+1 from (14).
21: Update τ k+1 from (15).
22: Update λk+1 from (16).
23: if ( then|J(τ k+1) − J(τ k)| < ξj) AND (max

constraint violation < ξc) AND (k > kmin)
24: Return optimal trajectory τ ∗ and break.
25: end if
26: end for
27: Execute initial portion of τ ∗ for duration ∆T .
28: Update vehicle state and obstacle information.
29: Shift optimization horizon.
30: end while

where (si, di) denotes the position of the i-th static obstacle
or boundary point, Ai represents the maximum risk value, and
σs,i and σd,i are scaling factors that control the spread of the
risk field in the s and d directions, respectively.

The DRF Rd(s, d, t) incorporates the predicted motion of
dynamic obstacles and is expressed as

Rd(s, d, t) =

Nd∑
j=1

Bj exp
(
− (s−sj(t))

2+(d−dj(t))
2

2σ2
j (vrel,j)

)
1 + exp(−kj(vrel,j)(∆sj(t)− αLj))

(7)

where (sj(t), dj(t)) denotes the predicted position of the j-th
dynamic obstacle at time t, Bj is the maximum risk magni-
tude, vrel,j is the relative velocity, ∆sj(t) is the longitudinal
distance, Lj is the obstacle length, and α is a safety factor.
Although the HV is approximated as a point mass [36], suffi-
cient clearance is ensured through the spatial spread σj(·) and
the safety margin α. The velocity-dependent spread σj(vrel,j)
and sensitivity kj(vrel,j) are defined as follows:

σj(vrel,j) = σ0 + kv|vrel,j |,
kj(vrel,j) = k0(1 + kr|vrel,j |),

(8)
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(a)

(b)
Fig. 3: Candidate trajectories generated using quintic poly-
nomials in the Frenet coordinate system. (a) Trajectories for
multiple lane changes. (b) Sampling end states at different
nodes to create diverse candidate trajectories.

where σ0 is the baseline risk spread determined by the obstacle
geometry, and kv is a velocity scaling coefficient. k0 is the
baseline sensitivity and kr is a relative velocity scaling factor.

C. Candidate Trajectories Generation

Candidate trajectories are generated considering the vehi-
cle’s dynamic constraints and the DRF-based risk assessment
(Step 5 in Algorithm 1). Incorporating the risk assessment
ensures the algorithm select the optimal path that balances
safety, efficiency, and comfort. We denote the complete vehicle
state trajectory as τ , which includes the position trajectory
p(t) = [s(t), d(t)]⊤ and its derivatives up to third order, where
s(t) and d(t) are the longitudinal and lateral positions along Γ,
respectively. To ensure smooth transitions and continuity up to
the third-order derivatives, s(t) and d(t) are generated using
quintic polynomials, which can exactly satisfy six boundary
conditions (position, velocity, and acceleration at both end-
points) [36], as follows:

s(t) =

5∑
i=0

ait
i, d(t) =

5∑
i=0

bit
i (9)

where ai and bi are the coefficients to be determined. These
coefficients are solved by imposing the following longitudinal
boundary condition sboundary and the lateral boundary condition
dboundary at the initial time t0 and final time tf :

[s(t0), ṡ(t0), s̈(t0), s(tf ), ṡ(tf ), s̈(tf )] = sboundary,

[d(t0), ḋ(t0), d̈(t0), d(tf ), ḋ(tf ), d̈(tf )] = dboundary.

The coefficients ai, i ∈ [0, 5], are then solved from

1 t0 t20 t30 t40 t50
0 1 2t0 3t20 4t30 5t40
0 0 2 6t0 12t20 20t30
1 tf t2f t3f t4f t5f
0 1 2tf 3t2f 4t3f 5t4f
0 0 2 6tf 12t2f 20t3f




a0
a1
a2
a3
a4
a5

 = sboundary. (10)

A similar equation using dboundary is used to determine the
coefficients bi, i ∈ [0, 5].

After determining the coefficients, we generate different
trajectories by sampling end states (se, de, Te) within pre-
defined ranges (Step 6 in Algorithm 1): se ∈ [smin, smax],
de ∈ [dmin, dmax], Te ∈ [Tmin, Tmax]. The longitudinal range
[smin, smax] is determined by the vehicle’s current velocity and
maximum acceleration capability, ensuring reachable positions
within the planning horizon. The lateral range [dmin, dmax]
corresponds to the available lane positions (e.g., center lines of
adjacent lanes). The temporal range [Tmin, Tmax] is set based
on typical lane changing durations observed in naturalistic
driving, with Tmin ensuring kinematic feasibility and Tmax

limiting computational cost. This process is illustrated in
Fig. 3, where each node represents a sampled end state on
a different lane. The sampling intervals balance efficiency
and trajectory diversity. We then select the optimal candidate
trajectory that meets spatial constraints and driving comfort
requirements by formulating the spatial trajectory generation
as an optimization problem:

min
τ

J(τ ) (11)

s.t. τ = [p, ṗ, p̈,
...
p ], p(t) = [s(t), d(t)]⊤,

s(t) =

5∑
i=0

ait
i, d(t) =

5∑
i=0

bit
i, |κ(t)| ≤ κmax,

vmin ≤
√
ṡ(t)2 + ḋ(t)2 ≤ vmax, |s̈(t)| ≤ amax,

|d̈(t)| ≤ alat,max, R(s(t), d(t), t) ≤ Rmax, ∀t ∈ [0, T ],

with the cost function J(τ ) given by

J(τ )=w1Jsmoothness + w2Jrisk + w3Jefficiency + w4Jcomfort

Jsmoothness=

∫ T

0

(
...
s (t)2 +

...
d (t)2)dt, Jrisk =

∫ T

0

R(s, d, t)dt,

Jefficiency = T + η

∫ T

0

(vdes − ṡ(t))2dt,

Jcomfort =

∫ T

0

(s̈(t)2 + d̈(t)2)dt,

where Jsmoothness minimizes jerk for smoothness, Jrisk accounts
for risk via DRF, Jefficiency balances travel time and velocity
deviation, and Jcomfort reduces acceleration form improved
comfort. T is the trajectory duration, vdes the desired velocity,
and η a weighting factor. vmin and vmax are the allowable
speed limits, amax the maximum longitudinal acceleration,
alat,max the maximum lateral acceleration, κmax the maximum
curvature, and Rmax the maximum risk.

The spatial trajectory generation problem (11) can be
solved using a receding horizon approach to obtain the optimal
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Fig. 4: Convergence analysis of the proposed SQP approach.

trajectory τ ∗. This method allows for continuous replanning
and adaptation to dynamic environments while ensuring ef-
ficiency. The optimal trajectory τ ∗ is executed for a short
duration ∆T before the process is repeated.

The problem (11) is a nonlinear optimization that limits
its applicability in real-time vehicle control. To address this,
we use Sequential Quadratic Programming (SQP) to solve it
in iterative manner (Steps 14 - 26 in Algorithm 1), ensuring
efficiency for real-time implementation.

D. SQP-based Trajectory Optimization

This section presents the SQP method for solving prob-
lem (11). SQP is well suited for real-time trajectory optimiza-
tion due to its efficient handling of nonlinear constraints, fast
convergence, and warm-start capability. Compared to interior-
point methods (less efficient with warm starts), gradient de-
scent (slower convergence), and genetic algorithms (higher
computational cost) [37], [38], SQP offers a favorable trade-
off between solution quality and computational efficiency, as
further validated in Section V. To apply SQP, the constrained
optimization problem is reformulated using a Lagrangian
function that incorporates the objective and constraints into
a unified formulation, enabling second-order updates. The
Lagrangian function is defined as

L(τ ,λ) = J(τ )+

m∑
i=1

λigi(τ ), λ = [λ1, λ2, . . . , λm]⊤ (12)

where λ is the vector of Lagrange multipliers, and gi(τ ), i ∈
[1,m] ∩ Z, are the constraint functions from (11).

At each iteration k, we solve the QP subproblem

min
d

1

2
d⊤Hkd+∇J(τ k)

⊤d

s.t. ∇gi(τ k)
⊤d+ gi(τ k) ≤ 0, i ∈ [1,m]

(13)

where Hk is an approximation of the Hessian of the La-
grangian, and d is the search direction.

After solving (13), we update Hk using the BFGS formula:

Hk+1 = Hk +
yky

⊤
k

y⊤
k sk

− Hksks
⊤
k Hk

s⊤k Hksk
(14)

where sk = τ k+1 − τ k and yk = ∇τL(τ k+1,λk+1) −
∇τL(τ k,λk). The trajectory is updated using

τ k+1 = τ k + αkdk (15)

Fig. 5: Constructing the ST Graph.

where αk is the step size determined by a line search method to
ensure sufficient reduction in the merit function. The Lagrange
multipliers are updated using

λk+1 = λk + αk(λ
∗
k − λk) (16)

where λ∗
k is solved from the QP subproblem.

The proposed SQP algorithm iterates until convergence
or a maximum iteration limit is reached. To assess its real-
time efficiency, we analyze the convergence behavior of the
spatial optimization stage. Fig. 4 shows the objective value
drops sharply, enabling rapid generation of safe and spatially
feasible paths for real-time autonomous driving.

IV. SPACE-TIME TRAJECTORY OPTIMIZATION

The candidate trajectory generated in Stage I provides
a kinematically feasible motion plan in the Frenet frame,
combining spatial geometry with an initial time parameteri-
zation via quintic polynomials. However, this time allocation
is determined only by sampled end states and boundary
conditions, without explicitly accounting for time-dependent
obstacle interactions. Stage II therefore employs space-time
(ST) graphs to refine the velocity profile along the selected
path, resolving dynamic obstacle conflicts while enforcing
speed and acceleration constraints. This two-stage decomposi-
tion separates candidate generation from temporal scheduling,
reducing spatiotemporal planning complexity and enabling
efficient real-time implementation.

A. ST Graph Construction

The ST graph (see example in Fig. 5) is a two-dimensional
representation with the horizontal axis denoting time (t) and
the vertical axis representing vehicle’s longitudinal position
along the reference path (s). The obstacles are shown as grey
regions based on their predicted trajectories. Let O = {Oi}Mi=1
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be the set of M obstacles, where Oi contains the longitudinal
position si predicted over [0, Tmax] as follows:

si(t) =


si(0) + vi(0)t, 0 ≤ t < 3 s

si(0) + vi(0)t+
1
2ai(0)t

2, 3 s ≤ t < 5 s

fm(si(0), vi(0), ai(0), r c, t), t ≥ 5 s

(17)

where fm(si(0), vi(0), ai(0), r c, t) =
∑n

j=0 cjt
j predicts

obstacle’s future position based on its initial state, road context
r c, and time t. The coefficients cj are determined through
regression analysis of historical trajectory data.

The piecewise prediction model in (17) is designed to bal-
ance prediction accuracy and computational efficiency across
different horizons. For short-term prediction (t < 3 s), a
constant-velocity model is adopted, which has been shown
to provide accuracy under steady-motion assumptions [39].
For medium-term prediction (3 s ≤ t < 5 s), a constant-
acceleration (CA) model captures gradual speed variations. For
longer horizons (t ≥ 5 s), a polynomial regression model is
used to account for more complex behaviors influenced by
road context. This hierarchical design reflects the increasing
uncertainty over longer prediction horizons while maintaining
real-time computational feasibility.

We acknowledge that the CA model in the medium-
term horizon is subject to error accumulation from double
integration. This is mitigated by three mechanisms: the CA
model is confined to a narrow 2-second window within
the piecewise structure (17); the time-dependent buffer ϵ(t)
in (18) compensates for growing prediction uncertainty; and
the receding-horizon replanning (∆T = 0.5 s) continuously
corrects predictions with updated measurements, preventing
commitment to stale estimates.

In practice, there may exist prediction uncertainty, i.e.
the potential deviation of an obstacle’s actual future position
from its predicted position. To account for this uncertainty, we
introduce a time-dependent buffer:

ϵ(t) = ϵ0 + kϵt (18)

where ϵ0 is the initial buffer based on the accuracy of current
obstacles state estimation and kϵ is a growth rate reflecting
increasing uncertainty over time. The value kϵ depends on
factors like state estimation accuracy (i.e. the precision of
sensors and algorithms), obstacle type (e.g. vehicles and
pedestrians), and environmental conditions (e.g. weather, road
conditions, and traffic density).

By applying (18), we then define the minimum and max-
imum longitudinal positions of the i-th obstacle as

smin,i(t) = si(t)− ϵ(t), smax,i(t) = si(t) + ϵ(t). (19)

The obstacle region in the ST space is defined as

Ωobs = ∪Mi=1Ωi(t) (20)

where Ωi(t)={(s, t)|smin,i(t) ≤ s ≤ smax,i(t), t ∈ [0, Tmax]}
is the ST region occupied by the i-th obstacle at time t.

With (20), we identify the safe corridor Ωsafe(t) that
represents areas in the ST space that remain obstacle-free for

Algorithm 2 ST-based Trajectory Optimization

1: Input: Initial trajectory τ0(t), obstacle set O, planning
horizon Tmax, time step ∆t.

2: Construct ST graph over [0, Tmax] and extract Ωsafe(t).
3: Reparameterize τ0(t) to obtain initial θ0 = [s0,d0, t0]

⊤.
4: Optimize velocity profile V ∗ in (23).
5: l←, 0 tl ← 0
6: while not converged AND tl < Tmax do
7: Compute J(θl) g(θl), h(θl) using (24)
8: Solve QP subproblem (13) for dl.
9: Perform line search to determine step size αl.

10: θl+1 ← θl + αldl

11: Update Hl+1 from (14).
12: Update τ l+1 from (15).
13: Update λl+1 from (16).
14: tl ← tl +∆t
15: l← l + 1
16: end while
17: Reconstruct continuous trajectory τ∗(t) from θ∗ and V ∗

for t ∈ [0, Tmax].
18: Apply quintic spline interpolation to smooth τ∗(t).
19: Return: Optimized trajectory τ∗(t)

the HV at time t, which lays the basis for safe trajectory
planning. The safe corridor is obtained by

Ωsafe(t) = R \ Ωobs(t) (21)

where R denotes the entire space-time domain. Ωsafe(t) is
further discretized into a series of time steps tkk = 1N , where
at each time step tk, we define the safe longitudinal position
range Ωsafe(tk) = [smin(tk), smax(tk)].

B. Reparameterization of Initial Trajectory

To optimize in the ST space, we reparameterize the initial
trajectory τ0(t) using waypoints and the corresponding time.
The discretized trajectory is defined as τ = {(si, di, ti) | i ∈
[1, N ]}, where (si, di) represents the vehicle’s position at the
i-th waypoint, ti is the time between waypoints i and i + 1,
and N is the total number of waypoints. These parameters are
organized into a decision vector

θ = [s1, . . . , sN , d1, . . . , dN , t1, . . . , tN ]⊤. (22)

This 3N × 1 vector contains all variables to be optimized, al-
lowing the use of standard optimization techniques. After repa-
rameterizing the trajectory, we impose kinodynamic, safety,
and collision avoidance constraints to ensure the trajectory τ
is feasible and safe in the ST space. Based on the ST graph
(Fig. 5), we derive safe time windows for each waypoint,
preventing the vehicle from entering obstacle regions and
ensuring collision avoidance through timing adjustments.

C. Integrated Trajectory Optimization

To ensure the trajectory is both spatially feasible and
temporally optimized, we perform an integrated optimization
(outlined in Algorithm 2), consisting of two main steps:
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1) Velocity profile optimization. We first optimize the
velocity profile along the trajectory. Define the velocity vector
V = [v1, v2, . . . , vN ]⊤, where vi is the velocity at the i-th
waypoint. The optimal velocity vector V ∗ is solved from

V ∗ := argmin
V

1

2
V ⊤QV + c⊤V (23)

s.t. AineqV ≤ bineq, AeqV = beq

with Q = 2w2A
⊤
s As+2w4A

⊤
a Aa+2w5I and c = −2w5vref1,

where As and Aa are jerk and acceleration matrices. w2, w4,
w5 are weighting coefficients. vref is the reference velocity. 1 is
a vector of ones. The matrix Aineq includes rows for velocity,
acceleration, jerk limits, and ST graph safety constraints, while
Aeq enforces initial and final velocity conditions.

2) Full trajectory refinement. Based on the optimized
velocity profile V ∗, we then refine the full trajectory θ =
[s,d, t]⊤ by solving the optimization problem:

min
θ

J(θ) s.t. g(θ) ≤ 0, h(θ) = 0 (24)

where g(θ) ≤ 0 represents the set of inequality constraints:

vmin ≤ (sk+1 − sk)/tk ≤ vmax, k ∈ [1, N − 1],

2|(sk+1 − sk)/tk − (sk − sk−1)/tk−1|/(tk + tk−1) ≤ amax,

|ak+1 − ak|/tk ≤ jmax, k ∈ [2, N − 2],

smin(tk) ≤ sk ≤ smax(tk), t
min
k ≤ tk ≤ tmax

k , k ∈ [1, N ].

h(θ) = 0 represents the set of equality constraints: s1 =
s0(0), d1 = d0(0), sN = sf , dN = df . The cost function
J(θ) = w1Jtime + w2Jsmoothness + w3Jsafety + w4Jcomfort +
w5Jefficiency consists of five parts:

Jtime =

N∑
k=1

tk, Jsmoothness =

N−1∑
k=2

((ak+1 − ak)/tk)
2,

Jsafety =

N∑
k=1

exp(−α ·min(sk − smin(tk), smax(tk)− sk)),

Jcomfort =

N−1∑
k=2

a2k, Jefficiency =
N−1∑
k=1

(vk − vref)
2.

Here α is a scaling factor, and (sk, vk) denote the longitudinal
position and velocity at waypoint k (from V ∗). ak and jk
are the acceleration and jerk, bounded by amax and jmax.
(s0(0), d0(0)) and (sf , df ) is the initial and terminal states,
while [tmin

i , tmax
i ] is the safe time window at waypoint i.

We note that the safety constraints in (24) are consistent
with (11), as the corridor bounds [smin(tk), smax(tk)] are
derived from the same obstacle predictions and uncertainty
buffer ϵ(t). Since Stage II starts from a Stage I feasible
trajectory and SQP enforces g(θ) ≤ 0 at each iteration, safety
is preserved throughout refinement.

The complete optimization procedure is summarized in
Algorithm 2. Problem (24) is solved via SQP following
Section III-D, extended to incorporate spatiotemporal con-
straints. As shown in Fig. 6, SQP converges rapidly within the
first 20 iterations, followed by temporal adjustment and final
fine-tuning up to 100 iterations, producing smooth velocity
profiles and efficient time allocation. This demonstrates that

Fig. 6: Convergence analysis of the proposed SQP method.

TABLE I: KEY SIMULATION PARAMETERS

Parameter Value Description
Vehicle & Planning

L 2.5 m Vehicle wheelbase
lv , wv 4.5 m, 1.8 m Vehicle length and width
vmax 20 m/s Maximum velocity

amax, alat,max 3, 2 m/s2 Max. longitudinal / lateral accel.
Tmax, ∆T 8 s, 0.5 s Planning horizon / replanning interval

Dynamic Risk Field
Ai 1.0 Static risk field amplitude

σs,i, σd,i 1.5lv , 1.2wv Static field spread (longitudinal / lateral)
Bj 0.8 Dynamic risk field amplitude

σ0, kv 0.65 m, 0.4 Baseline spread / velocity scaling in (7)
k0, kr 2.0, 0.3 Baseline sensitivity / velocity scaling
α, Lj 1.5, lv Safety factor / obstacle length

Prediction Uncertainty
ϵ0, kϵ 0.5 m, 0.1 m/s Initial buffer / buffer growth rate

our framework combines fast spatial feasibility with effective
temporal refinement for real-time autonomous driving.

D. Trajectory Reconstruction and Smoothing

After obtaining the V ∗ and optimized waypoints, we
reconstruct the full trajectory in the Frenet frame using

s(t)=si+v∗i (t−ti), d(t)=di+
di+1 − di
ti+1 − ti

(t−ti), t ∈ [ti, ti+1].

The quintic polynomials in (9) are applied to interpolate
between consecutive waypoints as follows:

s(t) =

5∑
j=0

aj(t− ti)
j , d(t) =

5∑
j=0

bj(t− ti)
j , t ∈ [ti, ti+1],

where the coefficients {aj}5j=0 and {bj}5j=0 for each segment
[ti, ti+1] are determined by solving equations that enforce
continuity up to the third derivative at each waypoint, ensuring
smooth transitions. By integrating spatiotemporal optimiza-
tion, the obtained trajectories ensure collision avoidance whilst
maintaining smooth and feasible vehicle dynamics.

V. SIMULATION RESULTS

We evaluate the proposed method in three MATLAB
2023b simulation cases, focusing on both the two-stage spa-
tiotemporal planning framework and the SQP solver in Stage
II. Solver performance is compared against DE [40], PSO
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Fig. 7: Decision-making and initial planning in Case 1. The dotted lines represent candidate trajectories, solid lines denote
optimized trajectories, and colored hollow points indicate nodes from segmented receding optimization. (a) DRF constructed
based on uncertainty and time-dependent buffer ϵ(t). (b) Candidate and optimized trajectories from initial planning. (c) and
(d) Longitudinal and lateral velocity variations of candidate and optimized trajectories over time, respectively.

Fig. 8: Curvatures during receding optimization in Case 1.

[41], GA [37], I P [42], and P S [43]. Spatial–temporal
decomposition is validated via stage-wise comparisons and
trajectory analysis. Key parameters are given in Table I.

A. Case 1: Lane Changing on Two-lane Highway

This simulation considers an interactive driving scenario
where the HV starts in the lower lane behind a front vehicle,
while two SVs are in the upper lane. The HV’s task is to
change lane to the upper lane while interacting with the SVs.

Figure 7 illustrates the decision-making and initial plan-
ning by using our approach. Fig. 7(a) shows the DRF at
T = 3.2 s, indicating potential conflict areas, with yellow for
higher risk and blue for lower risk. Fig. 7(b) displays the road
layout with gray candidate trajectories and the optimized HV
trajectory marked with a solid line and circular markers. The
red rectangles represent the HV’s position. Fig. 7(c)–(e) show
kinematic graphs of the vehicle’s lateral and longitudinal posi-
tions, and speed changes during lane changing. The optimized

(a) (b)
Fig. 9: Comparison of curvature variations before and after
optimization for Case 1. The dashed line denotes the initial
trajectory and the solid line denotes the optimized trajectory.
The shaded region indicates curvature constraint violations.
(a) After Stage I spatial optimization. (b) After Stage I and
Stage II temporal optimization, with no violations observed.

trajectory is smoother than the initial candidate trajectories,
ensuring driving comfort and safety.

Figure 8 shows the curvature variations of candidate and
optimized trajectories during lane changing. All trajectories
exhibit two peaks, with the first at around 1 s second and
the second between 3-4 s. The optimized trajectory has a
lower second peak that occurs later and a smoother decline,
indicating a smoother, safer lane-change compared to the more
abrupt, aggressive candidate trajectories.

Figure 9 shows the impact of our two-stage optimization
on trajectory curvature. In Fig. 9(a), after the first-stage spatial
optimization, the curvature often exceeds the defined limit, in-
dicated by peaks crossing the yellow plane. Although the opti-
mized trajectory reduces these peaks, some areas still approach
the limit. In Fig. 9(b), the second-stage temporal optimization
further reduces curvature, ensuring no sections exceed the
limit. This makes the trajectory smoother without sacrificing
efficiency, enhancing both safety and comfort. These results
demonstrate that the second-stage temporal optimization plays
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(a) Spatiotemporal optimal trajectory.

(b) Longitudinal velocities.

(c) Lateral velocities.
Fig. 10: Spatiotemporal trajectory optimization in Case 1.

TABLE II:
COMPARISON OF ALGORITHM PERFORMANCES IN CASE 1

Methods xa ya xj yj T
(m/s2) (m/s2) (m/s3) (m/s3) (s)

DE 0.29 0.29 1.39 1.42 7.04± 0.04
PSO 1.27 0.08 2.40 0.19 16.63± 0.08
I P 0.91 0.15 3.03 0.51 −
GA 0.28 0.29 1.40 1.42 7.04± 0.03
P S 0.28 0.29 1.41 1.42 7.05± 0.05
Ours 0.03 0.28 0.13 1.39 7.02± 0.02

xa: average longitudinal acceleration; ya: average lateral accel-
eration; xj: average longitudinal jerk; yj: average lateral jerk; T:
average lane change time; −: a collision occurred.

a critical role in resolving residual geometric infeasibility left
by spatial planning alone, highlighting the necessity of the
proposed two-stage spatiotemporal framework.

Fig. 10(a) illustrates the optimal trajectory planned by our
method, with the HV (in red) changing lanes from left to right
and SVs (colored rectangles). The vehicle’s trajectory history
fades over time. In Fig. 10(b), the proposed SQP method
produces a stable longitudinal velocity profile with minimal
oscillations, outperforming the D E and AS methods, which
exhibit larger variations. Similarly, Fig. 10(c) shows that the
SQP maintains a smooth lateral velocity profile, while PSO
and GA demonstrate noticeable fluctuations, particularly in
lateral motion. Table II further compares our method against
benchmark algorithms in terms of average longitudinal and
lateral accelerations (xa, ya), jerk (xj, yj), and lane change

(a) Spatiotemporal optimal trajectory.

(b) Longitudinal velocities.

(c) Lateral velocities.
Fig. 11: Spatiotemporal trajectory optimization in Case 2.

time (T). Our method excels across all metrics, achieving the
lowest accelerations, jerk, and lane change time (7.02±0.02
s), highlighting its superior smoothness and efficiency.

B. Case 2: Overtaking on A Two-lane, Two-way Road

Compared to Case 1, Case 2 considers an even more
challenging scenario of lane changing in two-lane highway.
The HV starts in the lower lane behind an SV, while another
SV in the upper lane drives in the opposite direction. The HV
must change lanes twice to avoid collisions with these SVs.

Figure 11 illustrates the results of trajectory planning.
Fig. 11(a) presents the final optimal trajectory, showing the
HV navigating around the SVs over a distance of 90 m.
The trajectory depicts a safe lane changing maneuver from
the lower lane to the upper lane, and back to the lower
lane. Fig. 11(b) displays the longitudinal velocity profile along
the path, with the proposed SQP approach showing minimal
oscillations compared to other methods. Fig. 11(c) shows the
lateral velocity profile, highlighting the smoothness of the lane
changing maneuver. Results indicates sharp jumps and points
during lane changing, where the proposed SQP achieves better
stability than other methods.

The ST graph in Fig. 12 shows paths generated by
different optimization methods. The optimal path by SQP
effectively avoids collisions, with a consistent slope indicating
smooth progress and balanced speed variations for comfort
and efficiency. In contrast, PSO shows early collisions due to
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Fig. 12: Comparison of optimal paths in Case 2.

TABLE III:
COMPARISON OF ALGORITHM PERFORMANCES IN CASE 2

Methods xa ya xj yj T
(m/s2) (m/s2) (m/s3) (m/s3) (s)

DE 2.42 0.93 9.94 3.82 5.09± 0.04
PSO 0.68 1.11 1.06 1.93 −
I P 2.23 1.34 5.411 3.15 7.39± 0.04
GA 1.45 1.26 3.02 2.76 6.84± 0.03
P S 0.81 1.22 1.72 2.64 7.39± 0.05
Ours 0.78 1.22 1.68 2.63 7.38± 0.02

xa: average longitudinal acceleration; ya: average lateral accel-
eration; xj: average longitudinal jerk; yj: average lateral jerk; T:
average lane change time; −: a collision occurred.

suboptimal path, while the proposed SQP reaches the terminal
state Sterminal smoothly.

In Table III, we compare the performance of our method
against benchmark algorithms. The proposed method achieves
the lowest longitudinal acceleration (0.78 m/s2) and jerk
values, indicating smooth and efficient maneuvers. DE yields
the shortest lane change time (5.09 s), while the proposed
method closely follows at 7.38± 0.02 s.

C. Case 3: Turning at Four-port Intersection

This case considers a four-port intersection with 2.5 m lane
width, three SVs and one HV. The HV starts in the lower port,
with SVs approaching from different directions, requiring the
HV to avoid all SVs while changing lanes at the intersection.

Figure 13 illustrates the results of the proposed trajectory
planning. Fig. 13(a) presents the final optimal trajectory, where
the HV (in orange) successfully navigates through the inter-
section while avoiding SVs, taking a slight right turn before
proceeding straight. In Fig. 13(b), noticeable oscillations in
the DE and GA methods indicate less stable velocity control,
which could lead to discomfort and potential safety risks. The
proposed SQP method shows minimal velocity fluctuations,
demonstrating superior longitudinal control, which is essential

(a) Spatiotemporal optimal trajectory.

(b) Longitudial velocities.

(c) Lateral velocities.
Fig. 13: Spatiotemporal trajectory planning in Case 3.

for ensuring both smooth acceleration and deceleration during
dynamic maneuvers. Figure 13(c) presents the lateral velocity
profile, where noticeable spikes in the DE and A S methods
suggest sudden lateral movements, which can lead to reduced
passenger comfort and potential instability. The proposed SQP
trajectory, with minimal lateral velocity variations, demon-
strates better lateral control, which is crucial for executing
safe and comfortable lane turns in intersection scenarios.

Figure 14 illustrates the lateral acceleration profile, where
the SQP method maintains minimal lateral acceleration, en-
suring stability and comfort during the maneuver. In contrast,
the DE method exhibits fluctuations, indicating abrupt lateral
forces that could compromise vehicle stability and passenger
comfort. Maintaining low lateral acceleration is essential for
minimizing the impact of sudden maneuvers and providing a
comfortable driving experience.
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Fig. 14: Comparison of longtudinal accelerations in Case 3.

TABLE IV:
COMPARISON OF ALGORITHM PERFORMANCES IN CASE 3

Methods xa ya xj yj T
(m/s2) (m/s2) (m/s3) (m/s3) (s)

DE 1.85 0.46 7.64 1.77 7.10± 0.04
PSO 0.30 0.43 0.53 0.87 −
I P 0.58 0.98 0.94 2.85 14.89± 0.05
GA 0.99 0.77 2.89 2.65 7.23± 0.03
P S 0.86 0.89 2.75 3.10 7.17± 0.05
Ours 0.34 0.63 0.73 1.57 7.92± 0.04

xa: average longitudinal acceleration; ya: average lateral accel-
eration; xj: average longitudinal jerk; yj: average lateral jerk; T:
average lane change time; −: a collision occurred.

Table IV shows that the proposed method achieves com-
parative performance, with the lowest lateral acceleration (0.63
m/s2) and jerk values, indicating smoother and more controlled
maneuvers. The DE method achieves the shortest lane change
time (7.10 s), while the proposed method maintains a reason-
able time of 7.92± 0.04 s.

VI. CONCLUSION

This paper presents a two-stage trajectory planning frame-
work for AVs in dynamic environments. The contributions
include a DRF for unified representation of static and dynamic
obstacles, a spatial–temporal decomposition combining trajec-
tory generation and temporal optimization, an efficient SQP-
based solver, and a multi-objective cost balancing safety, effi-
ciency, and comfort. A receding horizon strategy enables con-
tinuous replanning. Simulation results across three scenarios
demonstrate the effectiveness of the framework in generating
safe, efficient, and comfortable trajectories. The optimization-
based formulation offers strong interpretability and enables
explicit safety constraints, achieving consistent performance
across scenarios without task-specific retraining—properties
critical for safety-critical deployment. Optimization-based and
learning-based approaches are complementary in practice: the
latter excels in perception and prediction, while the former
ensures reliable constraint satisfaction and safety fallback.
Limitations include reliance on accurate obstacle prediction
and validation in relatively sparse scenarios (up to four
vehicles). Future work will focus on large-scale validation
(e.g., CARLA and real-world settings), integration of learning-
based prediction and adaptive tuning under uncertainty, and
improved scalability and efficiency in dense traffic.
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