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Contingency-Aware Spatiotemporal Optimization
for Safe Autonomous Vehicle Trajectory Planning
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Abstract—Autonomous lane changing requires balancing
safety, comfort, and efficiency while managing complex spa-
tiotemporal vehicle interactions. Current methods often sepa-
rate risk assessment from trajectory planning, leading to ei-
ther conservative or unsafe maneuvers. This paper presents a
contingency-aware spatiotemporal optimization framework that
integrates dynamic risk assessment and trajectory optimization
to ensure the autonomous host vehicle (HV) achieve safer, more
efficient lane changes. First, the HV uses a dynamic risk field
method to assess the collision risk with surrounding vehicles (SVs)
in real-time, integrating dynamic obstacle interactions through
modified Gaussian distributions. Second, a spatiotemporal safety
corridor construction scheme leverages regression-based bound-
aries to transform spatiotemporal requirements into manageable
optimization constraints. Third, the HV adopts a contingency-
aware model predictive control framework that incorporates
SVs uncertainty for human-like lane changes. The formulated
optimization problem is solved using sequential quadratic pro-
gramming with stability and recursive feasibility. Simulations
confirm that our approach ensures safety and comfort of the HV
across lane changing scenarios, achieving smoother trajectories,
improved stability, and enhanced safety margins, with up to 95%
reductions in longitudinal and lateral accelerations and a 27%
decrease in lane-changing time.

Index Terms—Autonomous vehicle, dynamic risk field, lane
changing, model predictive control, trajectory planning.

I. INTRODUCTION

AUTONOMOUS vehicles (AVs) have demonstrated sig-
nificant potential in enhancing transportation safety and

efficiency by reducing human errors and improving decision-
making accuracy [1]. Lane changing represents one of the most
challenging autonomous driving tasks, due to its requirement
for real-time decision making while considering complex
interactions with multiple surrounding vehicles (SVs) [2], [3].
During such maneuvers, the autonomous host vehicle (HV)
faces numerous challenges (see Fig. 1): following a lead SV
too conservatively may result in missed opportunities, while
aggressive lane changes could lead to collision with SVs
in the target lane [4]. Lane changing is complex because
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Fig. 1: During lane-changing, the autonomous host vehicle
(HV) needs to interact with surrounding vehicles (SVs) to
make accurate decisions and plan collision-free trajectories.
The green transparent region represents potential trajectories of
the HV, with the arrows indicating HV’s movement directions.

it must blend smoothly with traffic while staying safe and
efficient [5]. Traditional approaches treating lane changing
and car-following as separate processes often leading to in-
consistent or suboptimal behaviors [6], [7]. In lane changes,
autonomous HVs must balance dynamic interactions and static
constraints to choose collision-free paths [8], demanding a
unified approach that addresses both immediate safety and
long-term trajectory planning [9].

Existing research on autonomous lane changing is broadly
categorized into rule-based, learning-based, and optimization-
based methods. Rule-based methods [10], [11] use predefined
criteria for lane changes, offering efficiency but struggling
in complex or unexpected traffic scenarios. Learning-based
methods [12]–[14] handle diverse traffic by learning from data
but face key challenges: 1) lack of formal safety guarantees,
2) limited interpretability, and 3) unpredictability in unseen
scenarios [15], [16]. Optimization-based methods structure
planning as constrained problems, but often use simplistic risk
models that overlook dynamic traffic interactions.

Recent advancements have explored situation-based plan-
ning methods that integrate predictive capabilities with formal
guarantees [17]. Rapidly-exploring Random Tree (RRT) and
its variants generate space-filling trees for AV navigation [18],
[19], aiding in obstacle avoidance. However, they face issues
like slow convergence, high computational cost in complex
spaces, and jerky, suboptimal trajectories [20]. Voronoi-based
methods [21], [22] are efficient and safe in static settings,
but struggle with dynamic obstacles and sparse sampling. The
Artificial Potential Field (APF) method [23] offers intuitive
obstacle avoidance, but often causes unstable trajectories and
local minima traps [24]. Though better than traditional meth-
ods, these situation-based approaches focus on current states
and lack foresight for evolving traffic [25], [26].
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Predictive optimization methods, like nonlinear model pre-
dictive control (NMPC), incorporate future state estimation for
trajectory planning [27], [28]. However, NMPC faces chal-
lenges: 1) high computational cost, 2) sensitivity to prediction
errors, and 3) difficulty modeling interactive behaviors [29].
Monte Carlo Tree Search (MCTS) methods balance explo-
ration and exploitation to handle large state spaces [11], [12],
but tightly coupling decision-making and planning hinders
verification and error recovery. Space-time planning [10] is
theoretically elegant but relies on simplified risk models and
faces scalability issues in complex traffic.

A key gap in current literature is the separation of risk as-
sessment and trajectory planning. Though some integrate risk
metrics [30], they rely on simple models that miss complex
spatial-temporal interactions in lane changing. Additionally,
most treat SVs as reactive, not interactive agents [31], [32].
This leads to systems that are either overly conservative,
missing opportunities, or too aggressive, risking safety in
dynamic traffic.

To tackle these challenges, we propose an autonomous
lane-changing framework integrating dynamic risk assessment,
spatiotemporal safety corridors, and contingency-aware trajec-
tory optimization. Simulations show our method outperforms
existing ones by reducing acceleration variations and main-
taining safety across scenarios. The main contributions and
innovations of this work are:

1) We develop a dynamic risk field (DRF) method that
combines static and dynamic risks using modified Gaus-
sian distributions, reshaping risk distributions by motion
direction for anticipatory assessment with a smooth,
differentiable model capturing complex spatiotemporal
interactions.

2) We introduce an innovative spatiotemporal safety corri-
dor approach with regression-based boundary estimation
that adaptively constructs phase-dependent safety regions,
automatically activating relevant constraints based on the
vehicle’s position during lane transitions without requir-
ing extensive training data or predetermined templates.

3) We propose a contingency-aware NMPC framework that
incorporates the prediction uncertainty for SVs. The
framework adapts trajectory optimization by selecting the
best path based on anticipated responses of the target
lane’s rear SV, resulting in safer lane changes even under
significant behavioral uncertainty.

The rest of this paper is organized as follows: Section II
presents the problem formulation and system architecture.
Section III details the dynamic risk awareness. Section IV de-
scribes spatiotemporal safety corridor construction. Section V
describes the trajectory optimization framework. Section VI
presents simulation results and comparative analysis, and
Section VII concludes the paper.

II. PROBLEM DESCRIPTION AND SYSTEM STRUCTURE

This paper addresses the lane changing problem of plan-
ning safe, efficient trajectories for autonomous HVs amid
dynamic environments with multiple SVs. Let x(t) =
[s(t), v(t), a(t)]⊤ be the HV’s state vector at time t in the

Fig. 2: The workflow of our proposed system.

Frenet coordinate system, where s(t) is the longitudinal posi-
tion along the road centerline, v(t) is the velocity, and a(t) is
the acceleration. The continuous-time vehicle dynamic model
is represented by

ṡ = v, v̇ = a, ȧ = j (1)

where j is the jerk. The constraints v ∈ [vmin, vmax],
a ∈ [amin, amax] are imposed to ensure that the velocity,
acceleration, and jerk remain within feasible bounds respecting
vehicle dynamic capabilities and passenger comfort.

During lane changes, the autonomous HV needs to con-
sider multiple SVs including the lead and rear vehicles in
the current and target lanes, denoted as SV1, SV2, and SV3

respectively (as shown in Fig. 1). For safety consideration, the
minimum distance between HV and each SVi should satisfy

|s(t)− si(t)| ≥ dsafe(κ) (2)

where si(t) represents the longitudinal position of SVi, and
dsafe(κ) is the adaptive safety distance that varies with the road
curvature κ and relative velocities between HV and SVi.

The lane changing problem is formulated as a prediction-
aware optimization that considers multiple potential scenarios
i ∈ S , each with an associated probability pi(k). The opti-
mization problem seeks the optimal control sequence (Fig. 2)
minimizing a cost function with four key components:

J (·) = wcomJcom + wsafJsaf + weffJeff + wfolJfol (3)

where Jcom represents the comfort-related cost (jerk), Jsaf eval-
uates collision risks under different predicted scenarios, Jeff
promotes efficient lane changing execution, and Jfol ensures
proper gap regulation in the target lane. The weights w(·)
balance these competing objectives.

To solve this constrained optimization problem, we pro-
pose a comprehensive hierarchical framework outlined in
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Fig. 2, where the DRF block evaluates safety risks, the Safety
Corridor module converts these risks into explicit constraints,
and the NMPC optimizer generates trajectories that minimizes
the cost function (3) whilst satisfying all the constraints. The
detailed design of each component and their interactions will
be presented in the following sections.

III. DYNAMIC RISK AWARENESS

This section presents the DRF method, integrating real-
time risk evaluation with trajectory optimization to guide the
HV through complex environments while ensuring safety and
comfort. To facilitate efficient planning, a reference path Γ
is established, providing a baseline for optimization and risk
assessment. By transforming vehicle motion from Cartesian
to Frenet coordinates relative to Γ, the problem is simplified,
focusing on deviations in longitudinal and lateral directions.
Key components are detailed below.

1) Reference Path Γ Definition: The reference path Γ,
parameterized as r(s), is defined by a sequence of discrete
points (xi, yi), i ∈ [1, n], in the global Cartesian coordinate
system, where n is the number of waypoints. To ensure smooth
transitions and continuous derivatives, we fit these points with
cubic polynomials in both x and y directions as follows:

xr(s) =

3∑
i=0

ais
i, yr(s) =

3∑
i=0

bis
i (4)

where s is the arc length along the path, and si denotes
the i-th power of s. The polynomial coefficients ai and bi,
i ∈ [0, 3], determine the shape of the reference path in the
x and y directions, respectively. The resulting reference path
r(s) = [xr(s), yr(s)]

⊤ is continuous and twice-differentiable.
The path curvature κ(s) at any point s is calculated by

κ(s) =
ẋr(s)ÿr(s)− ẏr(s)ẍr(s)
(ẋr(s)2 + ẏr(s)2)3/2

(5)

where ẋr(s), ẏr(s) and ẍr(s), ÿr(s) are the first and second
derivatives of (xr(s), yr(s)) with respect to s, respectively.

The transformation from the Cartesian coordinates (x, y)
to Frenet coordinates (s, d) is given by[

x
y

]
=

[
xr(s)
yr(s)

]
+ d

[
− sin(θr(s))
cos(θr(s))

]
(6)

where d is the lateral offset from Γ and θr(s) =
arctan 2(ẏr(s), ẋr(s)) is the path heading angle at s.
arctan 2(y, x) is the two-argument arctangent function that
computes the angle between the positive x-axis and the line
from the origin to point (x, y), with a range of (−π, π].
The vehicle heading angle ψ at position (s, d) can then be
computed as ψ = θr(s)− arctan 2(κ(s)d, 1).

2) Candidate Trajectory Generation: To generate smooth
candidate trajectories, we adopt a quintic polynomial inter-
polation method in the Frenet coordinate frame as shown in
Fig. 3. Using a normalized path parameter τ ∈ [0, 1], both
longitudinal position s and lateral offset d are parameterized
as quintic polynomials that ensure continuous transitions up
to the second-order derivatives, as follows:

s(τ) =

5∑
i=0

ciτ
i, d(τ) =

5∑
i=0

diτ
i (7)

Fig. 3: Candidate trajectories generated using quintic polyno-
mials in the Frenet coordinate system.

Fig. 4: Illustration of the dynamic risk field.

where τ i denotes the i-th power of the normalized parameter
τ . The coefficients ci and di, i ∈ [1, 5], are solved from

[T0 T1]
⊤c = [xs xe]

⊤, [T0 T1]
⊤d = [ys ye]

⊤

where c = [c5 c4 c3 c2 c1 c0]
⊤, d = [d5 d4 d3 d2 d1 d0]

⊤.
xs, xe and ys, ye represent the longitudinal and lateral
boundary conditions conditions at the start and end points,
respectively. For the longitudinal motion, we have xs =
[ss, vs cos(θs), as cos(θs)] and xe=[se, ve cos(θe), ae cos(θe)].
For the lateral motion, the same logic applies with the cor-
responding lateral boundary conditions. The transformation
matrices T0 and T1 encode the polynomial coefficients for
evaluation and derivatives at τ = 0 and τ = 1 respectively:

T0=

0 0 0 0 0 1
0 0 0 0 1 0
0 0 0 2 0 0

 ,T1=

 1 1 1 1 1 1
5 4 3 2 1 0
20 12 6 2 0 0

 .
3) DRF Construction: The traditional APF typically model

obstacles as static repulsive forces and they often struggle with
dynamic environments due to their limited ability to model
temporal interactions. Conversely, learning-based approaches
can capture complex patterns but frequently lack interpretabil-
ity and theoretical guarantees [33]. Our DRF method bridges
this gap by extending Gaussian-based risk representations with
explicit modeling of dynamic interactions through a velocity-
dependent component.

Unlike existing methods that simply scale static risk fields
based on relative velocity magnitude [34], our approach
fundamentally reshapes the risk distribution based on both
the magnitude and direction of relative motion. This allows
the DRF to anticipate potential collisions by shifting risk
concentration in the direction of relative motion while main-
taining differentiability for optimization. The resulting risk
field combines the mathematical tractability of traditional APF
with enhanced spatial-temporal adaptivity that dynamically
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TABLE I:
PARAMETER VALUES FOR THE DYNAMIC RISK FIELD.

Parameter Description Value
As Static risk amplitude 1.0
Ad Dynamic risk amplitude 0.7
σx Longitudinal spatial std. dev. 1.5lv
σy Lateral spatial std. dev. 1.2wv

β Shape parameter 2.0
α Position influence factor 2.0
kv Velocity scaling factor 0.4
de Influence decay distance 8 m

lv and wv represent the vehicle’s length and width, respectively.

responds to changing vehicle interactions without requiring
complex modeling or extensive computational resources.

The DRF represents the potential collision risk between
the HV and surrounding obstacles SVs. For each SVi, we
construct Ri(x, y) that combines both position and velocity
dependent risk components as follows:

Ri(x, y) = (Rs,i(x, y) +Rd,i(x, y))Fe(x, y). (8)

The position-based risk field Rs,i(x, y), as shown in Fig. 4, is
modeled as a modified Gaussian distribution in the obstacle-
centered coordinate system as follows:

Rs,i(x, y) = As exp
(
−
((∆x′

σx

)2

+
(∆y′
σy

)2)β)
(9)

where As is the maximum amplitude of the static risk field, σx
and σy are the spatial standard deviations that determine the
spread of risk in longitudinal and lateral directions based on
the vehicle dimensions, and β is a shape parameter controlling
the rate of risk decay with distance. (∆x′,∆y′) are the relative
coordinates after rotation by the obstacle’s heading angle θi:[

∆x′

∆y′

]
=

[
cos(θi) sin(θi)
− sin(θi) cos(θi)

] [
x− xi
y − yi

]
.

The velocity-dependent risk Rd,i(x, y) account for the
relative velocity vrel = vSV s − v0 between SVs and HV:

Rd,i(x, y)=
Ad exp

(
−∆x′2

σ2
v
− ∆y′2

σ2
y

)
1+exp(−sgn(vrel)(∆x′−ασxsgn(vrel)))

(10)

where Ad represents the maximum amplitude of the DRF,
σv = kv|vrel| is the velocity-dependent spatial variance, and
α is the position influence factor. This formulation introduces
three key innovations: 1) σv automatically adapts safety mar-
gins based on vrel; 2) A logistic denominator term creating an
asymmetric risk distribution that shifts concentration based on
relative motion direction—extending the field forward when
SVi approaches HV (vrel < 0) and behind SVi when HV
approaches it (vrel > 0); and 3) Decay factor Fe(x, y) ensuring
realistic risk diminishing with distance:

Fe(x, y) = exp(−
√
(x− x0)2 + (y − y0)2/de). (11)

Compared to learning-based methods [35], it provides greater
interpretability and theoretical guarantees with lower computa-
tional cost, while avoiding the unstable trajectories often gen-
erated by APF approaches when handling dynamic obstacles.

Table I presents the parameter values used in our DRF
formulation, which were determined through a combination

of theoretical analysis and extensive experimental validation to
ensure effective risk assessment across diverse traffic scenar-
ios. The static risk amplitude As is set higher than the dynamic
risk amplitude Ad to prioritize immediate collision risks over
potential future conflicts. The shape parameter β = 2 creates
a risk field that balances between a steep Gaussian (β = 1)
and a broader platykurtic distribution, providing appropriate
risk gradients for optimization. The spatial standard deviations
σx and σy were selected based on typical highway lane
widths (3.5–3.7 m) and vehicle dimensions, while σv scales
with relative velocity to accurately represent the increased
risk at higher closing speeds. The position influence factor
α determines the asymmetry of the DRF, with α = 2 creating
a forward-shifted risk profile that anticipates motion. The
influence decay distance de was set to ensure sufficient risk
perception range while maintaining computational efficiency.

To validate the sensitivity of these parameters, we con-
ducted a series of tests by varying each parameter within
±30% of its nominal value. The results indicated that the
risk field maintains robustness across reasonable parameter
variations, with performance degradation less than 5% in terms
of safety margins and comfort metrics. The dynamic risk
coefficient kv and shape parameter β were found to be the
most sensitive parameters, requiring careful tuning to balance
safety conservatism with trajectory optimization efficiency.

IV. SPATIOTEMPORAL SAFETY CORRIDORS

This section outlines the construction of time-varying
safety corridors based on spatial and dynamic relationships
between the HV and SVs (Algorithm 1). These corridors
define dynamic constraints used in the next section to ensure
safe, collision-free lane changes.

Let vi be the velocity of vehicle i, where i ∈ [0, 3] with
i = 0 representing the HV, and i ∈ [1, 3] representing the SVs
in the current lane front, target lane rear and front, respectively.
The vehicle’s geometric profile is defined by four vertices V =
[v1,v2,v3,v4], obtained via rotation transformation:

vi = p+R(θ)di, i ∈ [1, 4] (12)

where p = [x, y]⊤ is the vehicle’s position in the Cartesian
coordinate system, and θ is the heading angle. R(θ) is the
rotation matrix and di represents the displacement vectors
incorporating vehicle dimensions, given by

R(θ) =

[
cos(θ) − sin(θ)
sin(θ) cos(θ)

]
, di =

[
σxlv/2
σywv/2

]
(13)

where lv and wv are vehicle’s length and width, and (σx, σy) ∈
{(1, 1), (1,−1), (−1, 1), (−1,−1)} defines four vertices.

1) Safety Boundary Matrix Construction: The safety con-
straints vary by lane changing phases, determined by HV’s
lateral position relative to the lane centerline. Initially, bound-
aries are defined spatially and then converted to time-varying
constraints for optimization. The lane changing includes three
phases: 1) Pre-transition phase (ϕ1), with constraints only from
the initial lane front vehicle (SV1); 2) Transition phase (ϕ2),
where all SVs constraints are active; and 3) Post-transition
phase (ϕ3), with constraints from target lane vehicles (SV2,



5

Algorithm 1 Spatiotemporal safety corridor construction

1: Input: Γ, HV’s state x0, and SVs’ states {xi}3i=1

2: Discretize path with L points: ∆s = sg/L
3: Initialize Sb ∈ RL×6

4: for l = 1 to L do
5: Transform vehicle vertices to Frenet coordinates
6: Calculate sb1(l), sb2(l), sb3(l) in (16)
7: Determine du(l), dl(l) according to (17)
8: Update Sb[l, :] with computed boundaries in (15)
9: end for

10: // Regression-based Boundary Estimation //
11: for each time step k do
12: Sample points: Lk in (19)
13: Collect data points: Dk = {(sl, sbj(l))}l∈Lk

14: Compute regression coefficients [αj(k), βj(k)]
15: Construct regression vector rkj in (22)
16: end for
17: Return: Safety boundary matrix Sb

SV3). Let Vx,i and Vy,i represent the sets of longitudi-
nal and lateral coordinates of vehicle i’s vertices. At time
step k, we define dmax

0 (k) = max(Vy,0(k)), d
min
0 (k) =

min(Vy,0(k)), d
max
2 (k) = max(Vy,2(k)), and dmin

2 (k) =
min(Vy,2(k)). The phase function ϕ(k) at k is defined as

ϕ(k) =


ϕ1, dmin

0 (k) > dcl

ϕ2, dmin
0 (k) ≤ dcl and dmax

0 (k) ≥ dcl
ϕ3, dmax

0 (k) < dcl

(14)

where dcl is the distance between the center lines of two lanes.
During the lane-change process, we discretize the path into

L points with spacing ∆s = sg/L, with the path length sg
being estimated by sg = (sf − ss) ·max(1, v0/v3), where sf
and ss are the planned final and start positions, respectively.
For each discretized point, we compute its Frenet coordinates
and construct a safety boundary matrix Sb ∈ RL×6 that
includes both longitudinal boundaries (sbi, i ∈ [1, 3]) and
lateral boundaries (du, dl):

Sb=


s1 sb1(1) sb2(1) sb3(1) du(1) dl(1)
...

...
...

...
...

...
sl sb1(l) sb2(l) sb3(l) du(l) dl(l)
...

...
...

...
...

...
sL sb1(L) sb2(L) sb3(L) du(L) dl(L)

 . (15)

The longitudinal boundaries sbi, i ∈ [1, 3], are determined by

sb1(k)=

{
min(Vx,1(k))−dsafe(κ), if ϕ(k)∈{ϕ1, ϕ2}
NaN, if ϕ(k)=ϕ3

sb2(k)=

{
NaN, if ϕ(k)=ϕ1
max(Vx,2(k))+dsafe(κ), if ϕ(k)∈{ϕ2, ϕ3}

sb3(k)=

{
NaN, if ϕ(k)=ϕ1
min(Vx,3(k))−dsafe(κ), if ϕ(k)∈{ϕ2, ϕ3}

(16)

where NaN indicates inactive constraints, ensuring only rele-
vant safety conditions are applied at each lane change stage.
The lateral boundaries du, dl are determined by

du(k) =

{
min(Vy,2(k))−dsafe(κ), if θ2(k)
dmax
0 (k)+dsafe(κ), otherwise

dl(k) =

{
max(dmax

2 (k), dmin
0 (k)), if θ2(k)

dmin
0 (k)− dsafe(κ), otherwise

θ2(k) ≜ max(Vx,2(k)) ≥ min(Vx,0(k))

dsafe(κ) = dbase + kv|vi − v0|+ kκ|κ|

(17)

where dbase is the minimum safety distance, kv and kκ are
positive scaling factors, and θ2(k) indicates longitudinal over-
lap with the SV2. The lateral boundaries inherently handle the
phase transitions through the vehicle geometry considerations.

2) Regression Coefficient Calculation: To convert spatial
safety boundaries to time-varying continuous functions, we
first define the time discretization as

tk = k∆t, ∆t = T/I, T = (sf − ss)/min(v0, v3) (18)

where I is the number of discretization steps, and T is the
minimum time required for lane changing. Let s0(k) denote
the longitudinal position of the HV at time step k. For each
discretized path point indexed by l ∈ [1, L], we denote its
longitudinal coordinate as sl. The set of relevant path point
indices at k is described by

Lk={l | l ∈ [1, L], sl ∈ [s0(k)−∆s, s0(k) + ∆s]} (19)

where ∆s is the spatial sampling interval that defines the local
regression window around the HV’s current position.

For each time step k, we collect discrete data points Dk =
{(sl, sbj(l))}l∈Lk

and perform the following linear regression:

sbj(k, s) = αj(k)s+ γj(k), ∀s ∈ [ss, sf ] (20)

with regression coefficients αj(k) and γj(k) are calculated by

[αj(k) βj(k)]
⊤ =

(
X⊤

k Xk

)−1
X⊤

k yj,k (21)

where Xk =

 s(l1) 1
...

...
s(lm) 1

, yj,k =

 sbj(l1)...
sbj(lm)

 , [l1, lm] ∈ Lk

with m = |Lk| as the number of points in the local regression
window. For each longitudinal boundary j, we define

rkj =

{
[αj(k), βj(k)], |Lk| ≥ 2

[NaN,NaN], otherwise
. (22)

The lateral bounds du(k) and dl(k) from (17) are used directly,
as they remain constant for each time step k (see Algorithm 1).
These bounds provide continuous constraints for trajectory
optimization, as illustrated in Fig. 5.

We selected linear regression for boundary approximation
due to its computational efficiency and closed-form solu-
tion, making it well-suited for real-time applications. This
regression-based approach adapts to traffic scenarios through:
1) Dynamic construction of safety boundary matrix Sb; 2)
Continuous shifting of the regression window Lk around
the vehicle’s current position; and 3) Automatic constraint
activation based on the phase function ϕ(k). Unlike methods
that rely on offline learning or predefined templates [36],
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Fig. 5: Illustration of the spatiotemporal safety corridor.

our approach generates corridors in real-time, offering greater
adaptability to unexpected scenarios with lower computational
demands, while maintaining interpretability and theoretical
guarantees that learning-based alternatives often lack.

V. TRAJECTORY OPTIMIZATION

This section formulates the lane changing trajectory plan-
ning as a constrained NMPC problem that incorporates pre-
diction of the SV2. Unlike traditional approaches that either
assume fixed motion patterns or full cooperation for SVs,
we recognize that vehicles (whether HDVs or AVs) naturally
respond to merging maneuvers while maintaining their own
preferences [37]. This observation motivates the proposal of
a prediction-aware planning framework that adapts to SV2’s
potential responses for safer and more efficient lane changes.

A. Planning Strategy with Contingency Handling

To implement this prediction-aware planning strategy, we
first define the key components of our NMPC formulation.
The problem is structured around the combined state space of
both the HV and the target lane rear vehicle (SV2), allowing us
to explicitly consider their coupled dynamics and interactions.
Below, we detail the state and control variables, along with the
discretized system dynamics that form the foundation of our
optimization framework. We adapt standard NMPC to the lane
changing scenario where the stage cost incorporates multiple
objectives including comfort, safety, and efficiency, while the
constraints ensure collision avoidance through spatiotemporal
safety corridors in (16). Specifically, the system state zk =
[s0(k), v0(k), a0(k), s2(k), v2(k), a2(k)]

⊤ contains both HV
(subscript 0) and SV2 (subscript 2) states, and the control
input uk = j0(k) represents HV’s jerk. The HV dynamics
are discretized with the sampling time ∆t and given ass0(k + 1)

v0(k + 1)
a0(k + 1)

=
1 ∆t ∆t2

2
0 1 ∆t
0 0 1


︸ ︷︷ ︸

A

s0(k)v0(k)
a0(k)

+
∆t3

6
∆t2

2
∆t


︸ ︷︷ ︸

B

j0(k) (23)
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Fig. 6: Construction and regression of spatiotemporal safety
corridors: (a) Safety corridors construction during lane change,
with HV and SV1−3; (b) Safety boundary regression using (20)
where hollow circles represent the discrete boundary points
from Sb, dotted boxes represent their safety margins, and solid
lines show the continuous boundary constraints at different k.

with state constraints v0(k) ∈ [vmin, vmax], a0(k) ∈
[amin, amax], and control input j0(k) ∈ [jmin, jmax]. A and B
are the system matrices obtained from the third-order Taylor
expansion of the continuous dynamics in (1) around zref.

To capture the uncertainty in SV2’s behavior during lane
changing, we model its potential responses using a probabilis-
tic framework. First, we define a set of possible scenarios as

S = {syield, sconstant, saccelerate} (24)

where syield represents that the SV2 yields to create space,
sconstant represents maintaining current velocity, and saccelerate
represents accelerating. The probability of the i-th scenario,
i ∈ S, is dynamically evaluated with a Boltzmann distribution
based on the current traffic state as

pi(k) =
exp(−βiVi(zk))∑

j∈S exp(−βjVj(zk))
, i ∈ S (25)

where βi, i ∈ S, are temperature parameters in HV’s pre-
diction model, representing the observed rationality of SV2

in different scenarios. For the lane-change problem, these
rationality parameters are determined based on SV2’s state
information from the past few time steps. The cost function
Vi(zk) is defined as

Vi(zk) = α1,idrel(k) + α2,i|vrel(k)|+ α3,i|a2(k)|

where vrel(k) is the relative velocity, and drel(k) represents
the relative distance between HV and SV2. For each scenario
i ∈ S, we model SV2’s specific response by combining a
deterministic IDM component with stochastic perturbations as

ji2(k) = jiIDM(k) + ϵi(k) (26)
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with the scenario-specific IDM responses, given by

jyield
IDM (k) = −η1(v2(k)− vdes)− η2(drel(k)− dsafe(k))

jconstant
IDM (k) = −η3a2(k)

jaccelerate
IDM (k) = min(η4(vmax − v2(k)), jmax)

where η1, ..., η4 are model parameters. ϵi(k) ∼ N (0, σ2
i (k))

captures scenario-specific uncertainties. The prediction uncer-
tainty σ2(k) is adaptively set by

σ2
i (k) = αi · drel(k) + βi · |vrel(k)|+ γi (27)

where vdes is the desired velocity, and {α, β, γ} are hyperpa-
rameters. The optimization problem is then formulated as

min
Uk,ξj(k)

J(zk,Uk, ξj(k)) :=
∑
i∈S

pi(k)

N−1∑
k=0

(
wcomj0(k)

2

+ wsafJ
i
saf(k) + weffJeff(k) + wfolJfol(k)

)
+ρ

N−1∑
k=0

5∑
j=1

ξj(k)
2+(zk+N − zref)

⊤P (zk+N−zref) (28)

s.t. (23), ∀k ∈ [0, N − 1], zk+N ∈ Xf , j ∈ [1, 5]

sb1(k)− s0(k)− dsafe(κ) + ξ1(k) ≥ 0, (for SV1)

s0(k)− sib2(k)− dsafe(κ) + ξ2(k) ≥ 0, (for SV2)
sb3(k)− s0(k)− dsafe(κ) + ξ3(k) ≥ 0, (for SV3)
du(k)−d0(k)+ξ4(k)≥ 0, d0(k)−dl(k)+ξ5(k)≥ 0

(29)

s0(k + 1)− s0(k) ≥ 0, ∀k ∈ [0, N − 1]

where Uk = {uk+i}N−1
i=0 represents the control sequence, and

Xf denotes a control-invariant terminal set where the system
can be stabilized around reference state zref through a terminal
controller. The costs Jeff, J i

saf, and Jfol are defined as

Jeff(k) = (vref−v0(k))2+
(
s0(k)− ss
sf − ss

− k∆t
T

)2

,

J i
saf(k)=

3∑
j=1

Rj(s0(k), d0(k))+(s0(k)−si2(k)−dsafe(κ))
2,

Jfol(k)=(s0(k)−s3(k)+dsafe(κ))
2+(v0(k)−v3(k))2.

The safety cost J i
saf and safety boundary sib2 depend on the pre-

dicted SV2 states under each scenario i ∈ S. Ri(s0(k), d0(k))
is the DRF as defined in (8), transformed to Frenet coordinates
by using (9), (10), and (11). Here, SV2’s predicted states based
on the IDM model [6] are used in Jsaf to consider its potential
responses during lane changes. The safety constraints in (29)
use regression-based safety boundaries sb1(k), sib2(k), and
sb3(k) from (15) and (16), as shown in Fig. 6. With prediction
horizon N , slack variables ξj(k) allow minor constraint viola-
tions, penalized by weight ρ. The terminal set Xf and terminal
cost term with weighting matrix P ensure convergence to zref.

B. Solution Method for NMPC

To solve the optimization problem efficiently, we employ
a sequential quadratic programming (SQP) method, which
iteratively approximates the nonlinear problem by a sequence
of quadratic subproblems.

Algorithm 2 Prediction-aware NMPC with contingency

1: Input: Initial states z0, DRF Ri(x, y), Sb, scenarios S.
2: Set N , weights wcom, wsaf, weff, wfol.
3: Set scenario parameters {η1, ..., η4}, {αi, βi, γi}i∈S .
4: Initialize control sequence U0

k.
5: Compute LQR feedback gain K.
6: j ← 0.
7: while not converged do
8: for i ∈ S do
9: Calculate scenario probability pi(k) in (25).

10: Predict SV2 response ji2(k) using (26).
11: Update uncertainty σ2

i (k) in (27).
12: end for
13: // Solve QP subproblem at iteration j //
14: Compute scenario-specific Hessian Hi

k.
15: Construct scenario-weighted Hk =

∑
i∈S pi(k)H

i
k.

16: Compute scenario-dependent constraints in (31).
17: Solve for ∆U∗

k using SQP.
18: // Update control sequence //
19: Determine step size αj via line search.
20: Update: Uj+1

k = Uj
k + αj∆U∗

k in (32).
21: // Check convergence //
22: Calculate weighted cost reduction ∆Jk in (33)
23: Evaluate scenario-wise primal-dual feasibility
24: j ← j + 1.
25: end while
26: // Ensure stability and recursive feasibility //
27: Verify terminal states: zik+N ∈ Xf ,∀i ∈ S.
28: Apply terminal controller κf (zk).
29: Return: Optimal control sequence U∗

k

1) Lagrangian Formulation: The augmented Lagrangian
incorporates both system dynamics and safety constraints:

L(zk,Uk, ξj(k), λk, µk) =
∑

i∈S,j∈[1,5]

pi(k)J(zk,Uk,ξj(k))

+

N−1∑
k=0

µ⊤
k g(zk,uk, ξj(k))︸ ︷︷ ︸

safety constraints

+λ⊤k (Azk +Buk − zk+1)︸ ︷︷ ︸
dynamics constraints

(30)

s.t. zk ∈ Z, uk ∈ U , zk+1 = Azk +Buk, zk+N ∈ Xf

where g(zk,uk, ξj(k)) represents the safety constraints in
(29). The Lagrange multipliers λk ∈ R3 and µk ∈ R5 indicate
the sensitivity of the cost function to dynamics and safety
constraint violations, respectively.

2) SQP Method: At each iteration j, we solve the following
scenario-weighted quadratic approximation:

min
∆Uk

∑
i∈S

pi(k)(
1

2
∆U⊤

k H
i
k∆Uk + gik

⊤
∆Uk)

+
1

2
∆z⊤k+NP∆zk+N (31)

s.t. Ck∆Uk + ck = 0, Di
k∆Uk + dik ≤ 0, ∀i ∈ S,

zik+N +∆zik+N ∈ Xf , ∀i ∈ S
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Fig. 7: Convergence analysis of the proposed method.

where, for each scenario i ∈ S, we have

Hi
k=∇2

UkUk
Li(U

j
k,λ

j ,µj), gik=∇Uk
Li(U

j
k,λ

j ,µj),

Ck=∇Uk
h(Uj

k), ∆zik+N = ∇Uk
zik+N (Uj

k)∆Uk,

Di
k=∇Uk

gi(U
j
k), h(U

j
k) = Azk +Buk − zk+1 = 0.

The scenario-specific Hessian matrix Hi
k and gradient gik

incorporate both the nominal cost and the uncertainty terms
associated with scenario i’s prediction model, where Hi

k

represents the second-order derivative and gik the first-order
derivative of the scenario-dependent Lagrangian Li with re-
spect to Uk. While Ck represents the gradient of the HV
dynamics constraints h(Uj

k), D
i
k captures the gradients of

safety constraints that depend on the predicted states of SV2

under scenario i. The control input sequence is updated by

Uj+1
k = Uj

k + αj∆U∗
k (32)

where ∆U∗
k is the optimal solution to the scenario-weighted

quadratic subproblem. The step size αj is determined by the
weighted Armijo line search condition:∑

i∈S
pi(k)Ji(U

j
k + αj∆U∗

k) ≤
∑
i∈S

pi(k)Ji(U
j
k)

+ cαj∇J(Uj
k)

⊤∆U∗
k

where c ∈ (0, 1) is a constant parameter. The whole procedure
of contingency NMPC is illustrated in Algorithm 2.

3) Convergence Analysis of SQP Method: The convergence
properties of the proposed method are analyzed from three
aspects: cost function convergence, primal-dual feasibility, and
Lyapunov stability, as shown in Fig. 7. The convergence rate
is characterized by the following metrics:

Cost reduction: ∆Jk= |
∑
i∈S

pi(k)[Ji(zk,Uk)−Ji(zk,Uk−1)]|

Primal feasibility: ∥Azk +Buk − zk+1∥2 (33)

Dual feasibility: ∥
∑
i∈S

pi(k)∇Uk
Li(U

j
k, λ

j
k, µ

j
k)∥2

As shown in Fig. 7, all metrics exhibit consistent convergence
behavior: the cost function value (green line) initially descends
rapidly, followed by steady convergence to the optimal value,

demonstrating the effectiveness of the scenario-weighted SQP
updates. The primal and dual infeasibility measures (purple
and blue lines) decrease monotonically, confirming that the
solution increasingly satisfies the KKT conditions. The Lya-
punov value (yellow line) exhibits a linear decay rate, sup-
porting the practical convergence properties of the algorithm.

C. Practical Convergence Analysis and Terminal Control

The proposed contingency NMPC approach introduces
unique challenges for stability analysis due to its scenario-
based predictions and time-varying probabilities. Our formu-
lation extends standard NMPC through scenario-weighted cost
functions and the incorporation of multiple predicted behaviors
of SV2, making theoretical stability proof particularly chal-
lenging. Therefore, we focus on establishing practical stability
through rigorous analysis and numerical validation.

Upon completing the lane changing maneuver, the vehi-
cle’s motion will be either car-following or cruising in the
target lane, under both of which the operating points vary
within a small range around the equilibrium state. This allows
us to approximate the system dynamics using a linear model.
The terminal set Xf maintains three essential constraints:

sb3(k)− s0(k)− dsafe(κ) ≥ 0 (for SV3)
du(k)− d0(k) ≥ 0, d0(k)− dl(k) ≥ 0 (lateral bounds)
s0(k + 1)− s0(k) ≥ 0, ∀k ∈ [0, N − 1] (monotonicity)

where the longitudinal safety constraint with SV3 ensures safe
car-following behavior in the target lane, while lateral bounds
maintain stable lane-keeping. Within this terminal region, the
system dynamics can be approximated by a linear model,
allowing for the design of a stabilizing terminal controller:

κf (zk) = K(zk − zref) + uref (34)

where K ∈ R1×3 is the feedback gain matrix obtained
through the LQR technique [38], and zref represents either car-
following with a safe distance or cruising at desired velocity
vref, depending on the presence of a preceding vehicle SV3.

To handle SV uncertainties, the NMPC uses scenario-based
predictions and slack variables, ensuring adaptive, feasible
control that balances safety and performance. Fig. 7 shows
consistent convergence of the scenario-weighted cost and
constraints, with control inputs staying within limits. The
steady decline of the Lyapunov function indicates smooth,
stable responses. While theoretical stability with time-varying
scenario probabilities is challenging, the results demonstrate
safe, efficient lane changes in dynamic settings. In dynamic
traffic, our contingency-aware approach ensures recursive fea-
sibility via: 1) slack variables ξj(k) to allow minor, penalized
constraint violations; 2) scenario-weighted optimization to
handle varied traffic evolutions; and 3) terminal constraints
for safe fallback states. Though complex cases may raise
iterations to 230 (vs. 90–150 typically), computation remains
real-time feasible. Like human decision-making [39], our
method considers multiple SV responses, but offers greater
interpretability and explicit safety guarantees.
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Fig. 8: Spatiotemporal corridors for HV during lane change.
(a) shows the spatiotemporal corridor constructed for the lead
vehicle in the original lane before lane change, (b) shows the
spatiotemporal corridor constructed for the rear vehicle in the
target lane. The dashed line represents the trajectory of HV.

TABLE II:
COMPARISON OF ALGORITHM PERFORMANCES IN CASE 1.

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

Ours 0.0642 0.0008 0.0911 0.0061 4.84± 0.03
SQP −1.3585 −0.0879 0.1119 0.0091 5.31± 0.04
A S −0.1512 0.0092 0.0011 0.0008 6.62± 0.05
GA −0.1860 −0.0158 0.2005 0.0092 6.63± 0.05

xa, ya: average longitudinal and lateral accelerations; xj, yj: average
longitudinal and lateral jerks; T: average lane changing time.

VI. SIMULATION RESULTS

Simulations are conducted in MATLAB 2023b to evaluate
the proposed approach for safe and efficient autonomous driv-
ing in various lane changing scenarios. We make comparison
between the proposed SQP and several advanced optimization
algorithms including SQP [40], Active Set (A S) method [41],
and Genetic Algorithm (GA) [42]. These baseline methods
represent diverse optimization paradigms commonly applied in
trajectory planning. They were chosen after preliminary exper-
iments where other algorithms (e.g., Differential Evolution and
Particle Swarm Optimization) frequently failed to find feasible
solutions under the strict lane-changing safety constraints.

Our experiments target a core lane-changing pattern: HV
coordination with three key SVs—consistent across traffic
complexities. Spatiotemporal safety corridors (Fig. 8) adapt
to vehicle setups and densities, ensuring robust safety. The
contingency-aware framework handles traffic randomness via
scenario-based predictions with adaptive uncertainty (25), and
(27). Traffic density is tested by varying gaps, with the DRF
adjusting safety margins based on proximity and relative
speed.

Case 1: Lane Changing Performance on Highway.
This case considers a two-lane highway scenario where the
HV changes lanes while accounting for three SVs positioned
across both lanes, requiring careful coordination.

Figure 8 illustrates our spatiotemporal safety corridor
construction during lane changing. In Fig. 8(a), a blue spa-
tiotemporal safety corridor is initially constructed for SV1 in
the original lane, deactiving once the HV crosses the lane
centerline. In Fig. 8(b), a purple safety corridor is established
for SV2 when HV approaches the target lane. Dashed trajec-
tories within these corridors show the paths that satisfy safety
constraints while enabling smooth lane transitions.

The comparative performance analysis presented in Fig. 9

demonstrates the superiority of our approach under zero accel-
eration conditions for SV2 (ar = 0). Fig. 9(a) visualizes vehi-
cle positions from time 0.00 s−5.60 s and the DRF at 3.06 s,
where the color gradient indicates varying risk levels. The
trajectory comparison in Fig. 9(b) reveals that our method gen-
erates significantly smoother paths with more consistent cur-
vature compared to the baseline approaches. The longitudinal
velocity profile shown in Fig. 9(c) demonstrates remarkable
stability, maintaining speeds between 14−16 m/s throughout
the maneuver. The lateral velocity profile in Fig. 9(d) shows
that our method always maintains stability during the lane
change process, while Fig. 9(e) shows well-contained overall
jerk values within ±0.3 m/s3, indicating superior comfort
characteristics during the lane change execution.

The statistical performance metrics illustrated in Fig. 10
through box plots further validate efficacy of our algorithm.
The velocity distribution shows higher median values with
notably smaller variances than baselines, while acceleration
remains predominantly within ±1 m/s2. The jerk distribution
centers near zero, indicating smoother control. Figure 11
shows that our approach consistently maintains optimal safety
gaps with all SVs, with a reliable 15 m spacing from SV1 and
systematic distance management with SV2 and SV3.

Table II provides quantitative validation of our method’s
performance across key metrics. Our approach demonstrates
superior trajectory smoothness and stability, with up to 95%
reductions in accelerations (95.3% reduction from | − 1.3585|
to |0.0642| m/s2 longitudinally, and 99.1% from | − 0.0879|
to |0.0008| m/s2 laterally) compared to baseline methods.
Additionally, our method achieves a highly consistent lane
change time of 4.84 ± 0.03 s, showcasing both efficiency
and adherence to safety constraints. While the A S method
achieves comparable jerk minimization, it lacks stability in
acceleration control.

Despite sharing identical mathematical constraint formu-
lations, the different optimization algorithms yield varying
performance as shown in Table II due to several factors.
First, each algorithm employs different searching strategies
that traverse the solution space differently. Our SQP-based
approach utilizes scenario-weighted Hessian matrices in (31),
enabling more effective navigation of the highly nonlinear
cost landscape. In contrast, the baseline SQP focuses solely
on the current state without incorporating scenario prob-
abilities, while A S prioritizes constraint satisfaction over
optimality, and GA’s stochastic nature leads to suboptimal
convergence in this context. Second, our method’s dynamic
risk field integration provides gradient information that guides
optimization more effectively than discrete constraints alone,
allowing for smoother trajectories with smaller acceleration
variations. Third, the spatiotemporal corridor construction
enables phase-dependent constraint activation, reducing un-
necessary restrictions during optimization. These advantages
collectively contribute to our method’s superior acceleration
control and efficiency, as evidenced by the 95% reduction in
longitudinal acceleration and 27% decrease in lane-changing
time compared to baseline methods.

Case 2: Performance Under Different SV2 Uncertain-
ties. To validate our prediction-aware NMPC with contingency
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Fig. 9: Comparison of our algorithm’s performance on the road with different algorithmic metrics under the condition of the
SV2 acceleration ar = 0. (a) DRF and vehicle positions at different times in Cartesian coordinates, with lane change occurring
at T = 3.06 s. (b) Comparison of lateral position Y versus longitudinal position X in Cartesian coordinates. (c) Longitudinal
velocity comparison over time. (d) Lateral velocity comparison over time. (e) Overall jerk comparison over time.

Fig. 10: Comparison of overall performances.

Fig. 11: Algorithmic comparison of average distance to SVs.

handling, we tested its adaptability across varying SV2 accel-
erations while balancing safety, efficiency, and comfort. As
shown in Fig. 12, our algorithm leverages the scenario-specific
prediction model in (26) to identify the more aggressive
response patterns of SV2 with acceleration ar = 3 m/s2,
enabling more efficient trajectory planning that completes the
lane changing in 4.04 s versus 5.16 s when ar = 2 m/s2. The
velocity profiles in Figs. 12(b)(c) reveal how our scenario-
weighted optimization strategy in (31) systematically adapts
to different SV2 capabilities. Under higher SV2 acceleration
(ar = 3 m/s2), the algorithm prioritizes shorter paths while
maintaining safety bounds through the adaptive constraints
in (29), demonstrating the framework’s ability to balance
multiple objectives based on predicted vehicle responses.

TABLE III:
COMPARISON OF ALGORITHM PERFORMANCES IN CASE 2.

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

ar = 0 0.0642 0.0008 0.0911 0.0061 4.84± 0.03
ar = 1 −0.1665 −0.0142 0.2425 0.0133 4.22± 0.04
ar = 2 −0.1096 0.0110 0.2307 0.0127 4.64± 0.04
ar = 3 −0.0250 −0.0063 0.2659 0.0155 4.04± 0.03

xa, ya: average longitudinal and lateral accelerations; xj, yj: aver-
age longitudinal and lateral jerks; T: average lane changing time.

The statistical analysis in Fig. 13 quantifies the perfor-
mance of our contingency handling mechanism. The system-
atic increase in median velocity with higher ar values (from
12.5 m/s to 15 m/s at different ar) demonstrates how our con-
tingency framework enables more efficient trajectories when
conditions permit. Through optimizing the scenario-weighted
cost function, both acceleration and jerk profiles remain well-
controlled (±1.0 m/s2 and ±0.5 m/s3 respectively) across
all scenarios, indicating that the improved efficiency does not
compromise comfort constraints.

Figure 14 demonstrates our framework’s adaptive safety
management across traffic scenarios. For constant-velocity
cases (ar = 0 m/s2), the algorithm maintains conservative
trajectories with larger safety margins (30 m to SV2) and lower
curvature by prioritizing the ‘yield’ scenario in (25). For higher
accelerations (ar = 3 m/s2), it adjusts safety constraints to
enable efficient trajectories with robust safety.

The quantitative analysis in Table III further validates
our framework’s performance across varying acceleration sce-
narios. At ar = 0 m/s2, the algorithm achieves minimal
longitudinal and lateral accelerations (ax = 0.1254 m/s2,
ay = 0.0876 m/s2). As ar increases to 3 m/s2, the framework
maintains stability while allowing slightly higher dynamics
(xj = 0.2659 m/s3), demonstrating its ability to balance
efficiency and safety through prediction-aware optimization.
The consistent lane changing completion times (averaging 5 s)
across conditions verify the framework’s reliable performance
under different interaction scenarios.
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Fig. 12: Comparison of DRF and vehicle trajectories under different target lane rear vehicle accelerations. (a) shows DRF and
vehicle positions at different times in Cartesian coordinates, with lane changing occurring at T ≈ 3 s. (b) and (c) show the
longitudinal and lateral velocities over time for ar = 0, 1, 2, 3 m/s2, respectively.

Fig. 13: Overall performance analysis for different ar.

Fig. 14: Average distance to SVs for varying ar.

Table III demonstrates how our optimization framework
adapts to different SV2 acceleration scenarios while maintain-
ing identical constraint structures. Although the mathematical
formulation of constraints remains consistent across scenarios,
the actual optimization landscape varies significantly due to
three key factors. First, different ar values directly alter the
prediction model in (26), changing the likelihood distribution
pi(k) over possible scenarios through (25). For higher accel-
erations (e.g., ar = 3 m/s2), the algorithm assigns greater
probability to the “accelerate” scenario, effectively reshaping
the scenario-weighted objective function. Second, the adaptive
prediction uncertainty σ2

i (k) in (27) scales with relative dy-
namics, creating scenario-specific confidence intervals that in-
fluence both constraint boundaries and cost evaluation. Third,
while constraint structures remain identical, their numerical
values evolve as safety boundaries adapt to changing vehicle
dynamics through sib2(k) in (29), resulting in different feasible
regions for each ar value.

The results demonstrate that our contingency-aware NMPC

TABLE IV:
COMPUTATIONAL EFFICIENCY COMPARISON OF

DIFFERENT OPTIMIZATION METHODS.

Methods Computation Time (ms) Iter.
Conv.Low Mid. High

Ours 42.3± 3.8 68.5± 5.2 94.7± 7.1 133± 19
SQP 58.7± 4.5 87.4± 6.3 126.3± 8.9 187± 31
A S 72.6± 5.8 108.4± 7.2 154.2± 10.6 143± 38
GA 285.3± 18.7 412.5± 24.6 598.7± 35.2 242± 54

Low, Mid., and High denote optimization convergence tolerance
settings of δ = 10−3, δ = 10−4, and δ = 10−6, respectively.

enables safer, more efficient lane changes through three key
mechanisms: (a) The scenario-based prediction model enables
proactive trajectory adjustment based on anticipated vehicle
responses. (b) The scenario-weighted optimization allows dy-
namic safety margin adaptation based on predicted behaviors.
(c) The integrated handling of multiple contingencies ensures
controlled comfort metrics even during dynamic maneuvers.

Case 3: Computational Efficiency Analysis. To evaluate
deployment feasibility of our framework in real-world AVs, we
tested computational efficiency across optimization methods
and accuracy settings on an Intel i5-12600KF CPU, reflecting
typical automotive hardware.

The results in Table IV reveal that our method has superior
efficiency over the baselines, requiring 22% less computation
time than standard SQP, 37% less than A S, and 83% less than
GA at medium accuracy settings. This advantage comes from
the scenario-weighted design and fast convergence, as shown
in Fig. 7, where the cost drops quickly in early iterations.
The table shows a 28% time reduction from high to medium
accuracy with minimal impact (< 3% increase in jerk), and
a further 38% cut at low accuracy with acceptable trade-offs.
The average 68.5 ms runtime at medium accuracy meets the
10 Hz control update rate, supporting real-world feasibility.

Case 4: Discussion and Limitations. The quantitative
results show our contingency-aware framework outperforms
baseline methods. As evidenced in Table II, our method
achieves up to 95% reductions. The framework also delivers
a 27% reduction in lane-changing completion time (4.84 s
versus 6.3 s for baseline methods), while maintaining consis-
tent safety margins as illustrated in Fig. 11. Furthermore, our
adaptability analysis across varying SV2 acceleration scenarios
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(Table III) confirms the robust performance of the prediction-
aware planning approach in dynamic traffic environments.
Notably, as SV2 acceleration increases from 0 to 3 m/s2, our
framework maintains acceleration values within ±0.17 m/s2

longitudinally and ±0.1 m/s2 laterally, while simultaneously
reducing lane-changing time from 4.84 s to 4.04 s, a 16.5%
efficiency improvement. This shows the framework adapts to
traffic changes while preserving comfort and safety.

Our performance gains result from the synergy of four
key components. First, the DRF offers smooth, direction-
aware risk gradients that support stable trajectories without
the oscillations seen in traditional potential fields. Second,
spatiotemporal safety corridors with regression-based bound-
aries simplify constraint handling and adapt during lane
changes using a phase function ϕ(k). Third, the contingency-
aware approach incorporates scenario probabilities pi(k), en-
abling smoother optimization across multiple SV responses
and reducing sharp trajectory shifts. Lastly, recursive fea-
sibility mechanisms—slack variables ξj(k) and a terminal
controller—add flexibility, preventing abrupt control actions
under tight constraints. Together, these features ensure safety
while minimizing acceleration and jerk.

Despite its advantages, the framework has limitations. In
dense traffic with minimal gaps, the solution space narrows,
leading to more conservative actions or higher computation.
Abrupt SV maneuvers outside the modeled scenarios in S may
briefly lower prediction accuracy until pi(k) adjusts. Expand-
ing scenario diversity and using adaptive safety margins could
help, though at a computational cost. Nevertheless, the con-
sistent performance demonstrated across multiple evaluation
scenarios validates the framework’s effectiveness for typical
highway lane-changing maneuvers.

VII. CONCLUSION

This paper presents a comprehensive framework for au-
tonomous lane changing that prioritizes safety, comfort, and
efficiency in dynamic traffic. It features a DRF for inter-
vehicle risk assessment, a Spatiotemporal Safety Corridor
for efficient constraint management, and a prediction-aware
NMPC that anticipates surrounding vehicles’ responses. Using
regression-based boundaries and an IDM-based model, the
NMPC adapts lane changes based on rear vehicle behav-
ior, balancing efficiency and conservatism while maintaining
safety margins. Simulations confirm stability, with smooth
trajectories and minimal accelerations, balancing efficiency,
safety, comfort. Future work will explore complex traffic
scenarios with learning-based predictions, develop stability
analysis tools for NMPC with scenario-based forecasts, and
validate real-time performance using high-fidelity simulators
like CARLA and experimental setups.
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