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Interaction-Aware Motion Planning for Ramp

Driving with Perception Uncertainty Quantification
Zhen Tian1,†, Zhihao Lin1,†, Chunhong Yuan2, Sunil Prajapat3, Member, IEEE, Jing Yang4,§, and Por Lip

Yee4, Senior Member, IEEE

Abstract—Autonomous ramp driving is challenging due to
complex interactions between autonomous vehicles (AVs) and
human-driven vehicles (HDVs) with diverse driving styles, as well
as strict geometric constraints imposed by ramp terminations.
For consumer electronic vehicles (CEVs), these challenges are
further amplified by limited computational resources and real-
time decision requirements. This paper proposes a consumer-
electronics-oriented cooperative motion planning framework for
autonomous ramp driving that integrates driving style awareness,
perception uncertainty quantification, and interaction-aware
decision-making. Heterogeneous HDV behaviors are modeled
using data-driven driving style classification, while prediction un-
certainty is captured via error ellipses. A game-theoretic formu-
lation is employed to select lane-changing time points, which are
then translated into executable trajectories through lightweight
planning and control modules. Simulation results based on the
NGSIM dataset and diverse ramp traffic scenarios demonstrate
collision-free operation with improved merge efficiency and
velocity smoothness under varying traffic densities. Furthermore,
a dedicated consumer electronics platform evaluation shows that
the proposed method achieves sub-millisecond runtime, minimal
memory usage, and low energy consumption, outperforming
several recent 2025 state-of-the-art planners, including mean-
field-game-based MPC, Monte Carlo decision processes, and risk-
field-based game-theoretic approaches. These results indicate that
the proposed framework is well suited for safe and efficient ramp
driving on consumer-grade autonomous vehicle platforms.

Index Terms—Autonomous driving, consumer electric vehicles,
driving styles, interactive driving, lane changing, uncertainty
quantification.

I. INTRODUCTION

AUTONOMOUS ramp driving is among the most chal-
lenging scenarios for electric and intelligent vehicles

(EIVs), due to dense traffic, limited merging space, and strong
interactions with human-driven vehicles (HDVs). Safe ramp
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merging requires precise timing and robust decision-making
under dynamic traffic conditions. Meanwhile, autonomous ve-
hicles are increasingly deployed on consumer-grade platforms
with compact ECUs, efficient processors, and sensor-rich per-
ception, imposing strict constraints on real-time computation,
memory, and energy. Here, consumer-grade platforms refer to
embedded automotive systems with limited onboard resources.

Key challenges further arise from diverse human driving
styles and ramp-end geometric constraints requiring timely
lane changes. To navigate effectively, AVs must recognize and
predict surrounding behaviors and adapt to lane configurations
and intentions [1]. This paper investigates interaction-aware
ramp driving for EIVs, enabling AVs to cooperate with HDVs
under embedded consumer systems integrating perception, de-
cision, and control. The proposed framework ensures smooth
and safe ramp merging under complex traffic conditions [2].

Human drivers may focus on safety, efficiency, or com-
fort [3], making strategy-modeling essential for effective in-
teraction with HDVs. Existing methods for interaction with
HDVs are reviewed in [4], covering scenarios such as car
following and lane changing. The Intelligent Driving Model
(IDM) [5] is commonly used for car-following phase, as
it replicates realistic driving behaviors like smooth accel-
eration and collision avoidance. IDM also improves safety
and efficiency compared to human driving [6]. During lane
changing, predictions of surrounding vehicles’ motions and
intentions are required. Game-theoretic approaches [7] address
this but often assume full knowledge of others’ strategies,
which is unrealistic without driving style classification [8].
Additionally, most studies overlook perception and prediction
uncertainties, which can undermine decision reliability. During
ramp merging, the AV must decide when to merge based
on predictions of surrounding HDVs’ motions and inten-
tions. Game-theoretic approaches offer a principled interaction
model; however, without explicit driving style and uncertainty
modeling, they may yield unrealistic or unsafe decisions.

Uncertainty-aware motion models [9], [10], [11] and er-
ror ellipse methods [12], [13] help improve trajectory pre-
diction by capturing motion uncertainties. Once predictions
are obtained, the AV selects an optimal lane-changing time
using equilibrium theory [14]. This enables interaction-
aware decision-making under uncertainty. Utility-based ap-
proaches [15] further enhance decision-making by incorporat-
ing predicted trajectories and their uncertainties. The selected
time point of lane-changing can then be used for vehicle path
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planning by using the interpolation method [16].
Driving style diversity plays a critical role in ramp driving,

as human drivers may prioritize safety, efficiency, or comfort
differently. Existing studies on driving style recognition mainly
focus on car-following or isolated lane-changing behaviors,
while interactive dynamics with surrounding vehicles are often
overlooked. Fixed or static grading schemes further limit
adaptability in highly dynamic merging scenarios. Recent
studies have explored interactive ramp driving. [17] formu-
lates ramp merging as a Stackelberg game for connected
automated vehicles in mixed traffic, but does not account for
perception uncertainty or heterogeneous driving style classi-
fication. [18] and [19] investigate cooperative lane-changing
strategies for connected autonomous vehicles merging into
dedicated lanes under mixed traffic conditions; however, they
focus on platoon-level coordination rather than individual-level
interaction-aware decision-making with driving style diversity.
[20] uses a game-based approach but overlooks prediction un-
certainty and lacks real-world driving style data. [21] proposes
a cooperative merging strategy for a basic two-lane ramp,
ignoring the impact of other lanes and assuming fixed vehicle
lengths. [22] simulates CAV-HDV interactions under varying
traffic densities, but its simplified setup omits realistic driving
styles and behaviors. In contrast, our method considers these
factors, such as AV lane changes in response to unsatisfied
HDVs. [23] proposes a sampling-based solver for generalized
Nash equilibrium with interacting vehicle isolation. However,
the evaluation is limited to a single road and ramp scenario
and does not consider prediction errors [24].

To tackle these challenges, we propose a consumer-
electronics-oriented top-down planner for ramp driving, en-
abling AVs to interact intelligently with surrounding vehicles
exhibiting diverse driving styles. The proposed framework
integrates three components: a scoring-based driving style
grader, a game-theoretic time point selector based on error
ellipses, and a high-resolution path planner optimized for
embedded electronic platforms. The main contributions are:

• Robust top-to-down on-ramping framework: The pro-
posed framework integrates interaction-aware decision-
making, uncertainty quantification, and consumer-grade
computational constraints into a unified ramp-driving
planner, enabling safe and efficient operation under dense
mixed-traffic conditions.

• Consumer-level driving style recognition: A real-world
data–driven style classifier is designed using ITTC and
THW metrics [25], enabling the system to identify human
driving styles and select ramp entry points that balance
intentions while minimizing prediction errors.

• Integrated dissatisfaction-aware coordination: The
planner jointly evaluates heterogeneous HDV types and
lane-changing intentions through a dissatisfaction mea-
sure, reflecting human-like comfort perception and co-
operation, an aspect that has been largely overlooked in
previous consumer-oriented driving frameworks.

• Validated consumer-intelligent performance: Simula-
tions with diverse HDVs and ramp traffic conditions
show that the proposed system achieves zero collisions,
shorter merge-to-exit times, higher velocity profiles, and

improved throughput, confirming suitability for embed-
ded consumer vehicle platforms.

II. PROBLEM STATEMENT AND SYSTEM OVERVIEW

Autonomous ramp driving requires AVs to interact and
coordinate with surrounding HDVs exhibiting diverse driving
styles, while satisfying strict spatial and temporal constraints
imposed by the ramp geometry.

1) Interactive traffic environment: In the ramp scenario,
the AV must complete its lane change before the ramp ends,
after which merging is no longer possible. Therefore, it must
make timely, interaction-aware decisions based on surrounding
traffic and inferred driving styles of neighboring vehicles.

To reflect realistic traffic behavior, multiple vehicle in-
tentions are modeled. Specifically, surrounding vehicles may
exhibit different interaction patterns depending on available
space ahead. When sufficient longitudinal gap exists, vehicles
tend to interact cooperatively with the AV. In contrast, when
space is limited, vehicles are more likely to adopt defensive or
aggressive behaviors, prioritizing safety and gap preservation.

To capture this effect, we introduce an unsatisfactory level
that quantifies a vehicle’s incentive to change lanes:

Lunsat = wgap · sadj/sfront + wvel · vself/vfront, (1)

where wgap and wvel are weighting factors. Here, sadj and sfront
denote the available front gaps in the adjacent and current
lanes, respectively, while vself and vfront represent the velocities
of the subject vehicle and its preceding vehicle in the same
lane. When Lunsat exceeds a predefined threshold, the vehicle
initiates a lane change, with left-lane changes preferred under
typical driving behavior. In this work, we set wgap = 0.8 and
wvel = 0.2, placing greater emphasis on gap adequacy due to
its direct safety impact during lane changes. These values were
empirically validated across different traffic densities, yielding
consistent triggering behavior.

2) Vehicle model: For efficient multi-agent decision-
making, we adopt the kinematic bicycle model for AV control:

ẋ = v cos(φ), ẏ = v sin(φ), φ̇ = v tan(δ)/L, (2)

where x and y denote the longitudinal and lateral positions
of the vehicle, φ is the heading angle, L is the wheelbase,
and v and δ are the control inputs representing velocity
and steering angle, respectively. The model in (2) is well
suited for low-speed ramp driving, where lateral dynamics and
tire slip effects are limited. Although higher-fidelity dynamic
models are required at high speeds, the adopted kinematic
model offers an effective balance between modeling accuracy
and computational efficiency for interaction-aware decision-
making in dense ramp environments.

3) Proposed interactive ramp driving system: We propose
an interactive ramp driving framework integrating driving style
assessment, uncertainty quantification, and game-theoretic
decision-making. As illustrated in Fig. 1, it consists of four
layers: driving style classification, uncertainty quantification,
decision-making, and motion planning/control.

The driving style layer infers behavioral tendencies of
surrounding HDVs, the uncertainty quantification layer models
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Fig. 1: The interactive ramp driving workflow, with stages III to VII detailed in their respective sections.

perception and prediction errors using error ellipses, and the
decision layer selects an optimal lane-changing time point
based on a game-theoretic formulation. Finally, the planning
and control layer generates executable trajectories that satisfy
vehicle dynamics and safety constraints. Detailed descriptions
of each module are provided in Sections III–VII.

III. CLASSIFICATION OF DRIVING STYLES

Driving styles play a critical role in interactive decision-
making, as human drivers exhibit different priorities with re-
spect to safety, efficiency, and comfort [26], [27]. Conservative
drivers tend to prioritize safety and maintain larger gaps,
aggressive drivers emphasize efficiency and higher speeds,
while moderate drivers balance these objectives. Accurately
identifying such behavioral tendencies is therefore essential
for interaction-aware ramp driving.

In this work, driving styles are inferred from real-world
human driving data extracted from the NGSIM dataset. To
ensure interpretability and robustness, we adopt two widely
used traffic metrics: Inverse Time-To-Collision (ITTC) and
Time Headway (THW), defined as

ITTC = S/vh, THW = vr/(S − Lp), (3)

where S denotes the distance between the host and preceding
vehicles, vh is the host vehicle (HV) speed, vr is the relative
speed, and Lp is the length of the preceding vehicle. ITTC
quantifies potential collision risk under constant-velocity as-
sumptions, while THW reflects the temporal spacing between
vehicles. Together, these metrics capture complementary as-
pects of driving aggressiveness and safety.

Based on established thresholds [25], ITTC values of 0.28
and 0.5 correspond to collision-free and high-risk conditions,
respectively, while THW thresholds of 2 and 6 distinguish

low-risk and comfortable following behaviors. Using these
thresholds, driving behaviors are mapped into comfort, safety,
and efficiency regions, as illustrated in Fig. 2.

To obtain a compact and quantitative representation, we
define a driving score as

fdriving-score = w1Pcomfort + w2Psafety + w3Pefficiency, (4)

where Pcomfort, Psafety, and Pefficiency denote the proportions of
time spent in each region, and w1, w2, and w3 are user-defined
weights. Higher scores indicate more aggressive driving styles,
while lower scores correspond to conservative behaviors.

Using this representation, we extract 344 trajectories from
the NGSIM dataset that satisfy minimum distance and du-
ration requirements. Each trajectory is encoded as a three-
dimensional feature vector and clustered using k-means to
identify three distinct driving styles: conservative, moderate,
and aggressive.

We adopt k-means since the driving score features are low-
dimensional and the cluster number is known a priori. More-
over, k-means incurs minimal computational overhead, making
it suitable for consumer-grade platforms; other methods such
as Gaussian Mixture Models and Density-Based Spatial Clus-
tering of Applications with Noise yielded comparable results
at higher computational cost.

The resulting clusters exhibit clear separation and consistent
statistical properties, as shown in Table I and Fig. 2, confirm-
ing the effectiveness of the proposed classification approach.

IV. UNCERTAINTY QUANTIFICATION

Quantifying uncertainty is vital for ramp driving to avoid
potential risks. This paper uses an error ellipse based on
an Axis-Aligned Gaussian model to represent prediction un-
certainty. Given predicted positions (xp(t), yp(t)) and actual
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Fig. 2: Classification of driving styles based on driving scores.

TABLE I: DRIVING STYLES v.s. DRIVING SCORE

Driving Style
Driving Score

Max Min Mean Standard Deviation

Aggressive 0.96 0.12 0.71 0.51
Moderate 0.53 0.09 0.34 0.11
Conservative 0.24 0.07 0.09 0.02

positions (x(t), y(t)), the associated covariance matrix defines
the uncertainty area around each vehicle is

Σ = diag(δ2xx, δ
2
yy), (5)

with δ2xx =
∑T

t=1(xp(t)−x̄)2

T−1 and δ2yy =
∑T

t=1(yp(t)−ȳ)2

T−1 ,
where T is the time interval, x̄ and ȳ are the mean

longitudinal and lateral positions over T .
Error variances are used to define the uncertainty area. A

Chi-Square model, aligned with the Gaussian assumption, is
applied to construct the error ellipse as follows:

(aob − aeq)
2/a2eq + (bob − beq)

2/b2eq = s, (6)

where aob and bob are observed sample counts, aeq and beq
are expected counts, and s is a constant value. Assuming
x ≫ δ2xx, (x − δxx)

2 ≈ x2, similarly for y. This leads to
the following error ellipse formulation: x2/δ2xx + y2/δ2yy = s.
The 95% confidence factor is taken as a Chi-Square value to
construct the error ellipse. In the simulation, the error ellipse
lengths are set to 1.47,m and 0.18,m for the major and minor
axes, respectively, following [12].

Remark on real-world deployment: We adopt an axis-
aligned Gaussian model for efficiency on consumer platforms,
but it cannot capture correlated or non-Gaussian perception
uncertainties (e.g., occlusion or sensor noise). In practice,
robustness improves by enlarging the safety buffer, e.g., aug-
menting dsafe with an additional margin scaling with prediction
horizon and traffic density.

V. DECISION-MAKING PROCESS

A. Game Theory

We model the lane-changing interaction between the HV
and the rear vehicle (RV) in the target lane as a two-player non-
cooperative game. Each vehicle adopts a driving style (conser-
vative, moderate, or aggressive), which determines the relative
importance of safety, efficiency, and comfort in its decision-
making. The game-theoretic formulation is used as a decision

consistency mechanism rather than a centralized optimization
tool, ensuring that a lane-changing decision is rational given
the anticipated reactions of surrounding vehicles. In this game,
the HV chooses between lane keeping (LK) and lane changing
(LC), while the RV decides whether to cooperate (CO) or
not cooperate (NC). Payoffs are defined for each action pair,
and the equilibrium solution characterizes mutually consistent
decisions under interaction and uncertainty.

1) Payoffs of HV: The HV’s total payoff is defined as a
weighted combination of safety, efficiency, and comfort:

PHV = wHV
s PHV

s + wHV
e PHV

e + wHV
c PHV

c . (7)

To unify lane-keeping and lane-changing cases, we intro-
duce the binary vector [α, β], defined as

[α, β] =

{
[1, 0], lane keeping,
[0, 1], lane changing.

(8)

The safety payoff of the HV is defined as

PHV
s = αPHV,LK

s + βPHV,LC
s , (9)

where

PHV,LK
s = 1, PHV,LC

s =
vHVsHV,RV

(vHV + vRV)(sHV,RV + dsafe + εur)
.

(10)
This formulation penalizes unsafe lane changes by jointly

accounting for relative speed, inter-vehicle distance, and lon-
gitudinal prediction uncertainty modeled via the error ellipse
radius r.

The efficiency payoff evaluates the ability of the HV to
maintain its desired speed and is defined as

PHV
e = αPHV,LK

e + βPHV,LC
e , (11)

with

PHV,LK
e =

vHV

vHV + εFVvFV
· 1

1 + λCE CHV
,

PHV,LC
e =

vHV

vHV + εLVvLV
· 1

1 + λCE CHV
.

(12)

where CHV denotes a normalized consumer-electronics com-
putational cost associated with the decision cycle, defined
as a lightweight proxy proportional to runtime and energy
consumption on embedded platforms, and λCE is a scaling
factor balancing traffic efficiency and computational efficiency.
The comfort payoffs of HV is formulated as

PHV
c = αPHV,LK

c + βPHV,LC
c , (13)

where PHV,LK
c and PHV,LC

c are HV’s comfort payoffs during
lane keeping and lane changing, formulated as

PHV,LK
c = PHV,LC

c = 1−△aHV/(amax − amin), (14)

where amax and amin are maximum and minimum accelera-
tions. ∆aHV is the acceleration difference between consecutive
time steps. The comfort payoff function evaluates ride smooth-
ness based on ∆aHV, normalized by amax − amin, with higher
values indicating smoother driving.
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Fig. 3: Demo of interacting with three different driving styles.

2) Payoffs of RV: The RV adopts the same payoff struc-
ture as the HV, consisting of safety, efficiency, and comfort
components:

PRV = wRV
s PRV

s + wRV
e PRV

e + wRV
c PRV

c . (15)

The RV’s decision is represented by the binary vector [γ, ζ],
corresponding to cooperation (CO) or non-cooperation (NC)
with the HV.

The safety payoffs of RV is formulated as

PRV
s = γPRV,CO

s + ζPHV,NC
s , (16)

where PRV,CO
s and PRV,NC

s denote RV’s safety payoffs when
cooperating or not cooperating with HV, defined as

PRV,CO
s = PRV,NC

s = αPHV,LK
s + βPHV,LC

s , (17)

where PRV,CO
s and PRV,NC

s are influenced by RV’s decision.
The RV’s safety payoff mirrors HV’s, with identical models for
both cooperation and non-cooperation since avoiding collision
with HV is the key concern in both cases.

The efficiency payoffs of RV is formulated as

PRV
e = γPRV,CO

e + ζPHV,NC
e , (18)

where PRV,CO
s and PRV,NC

s represent RV’s efficiency payoffs
when cooperating or not with HV, defined as follows:

PRV,CO
e =

vRV

vRV + εHVvHV
, PRV,NC

e =
vRV

vRV + εLVvLV
(19)

where vRV is the velocity of RV and εHV is the accommoda-
tion coefficient of HV. The efficiency payoff for RV reflects
its ability to maintain desired speed. For PRV,CO

e , it’s based on
HV due to potential speed adjustments, while for PRV,NC

e , it
depends on the LV ahead.

The payoffs of comfort is formulated as

PRV
c = γPRV,CO

c + ζPHV,NC
c , (20)

where PRV,CO
c and PRV,NC

c are the comfort payoffs during
cooperation and non-cooperation with HV, defined as

PRV,CO
c = PRV,NC

c = 1− △aRV

amax − amin
, (21)

where ∆aRV is the acceleration difference. The comfort pay-
off, identical for both scenarios, rewards smoother acceleration
with higher values.

3) Payoff weight configuration: The payoff weights ws, we,
and wc balance safety, efficiency, and comfort. For the AV,
three adaptive modes are defined by the available front gap:
conservative {0.33, 0.33, 0.33}, balanced {0.5, 0.3, 0.2}, and
aggressive {0.7, 0.2, 0.1}, with higher safety emphasis un-
der smaller gaps. For HDVs, weights are randomly sampled
between {0.33, 0.33, 0.33} and {0.66, 0.66, 0.66} to capture
behavioral variability while avoiding extreme actions. These
values were calibrated in simulation (Section VIII) and yield
realistic interactions across traffic conditions.

4) Nash equilibrium: Nash equilibrium describes a state
where each player selects their optimal strategy given the
other’s choice. Assuming RV’s strategy is fixed (cooperate or
not), HV selects the best response to maximize its payoff. The
equilibrium is defined as

Π∗
HV :=argmax

π∈Π
PHV(π)={π∗ ∈ Π : f(π∗) ≥ f(π), π ∈ Π},

where Π∗
HV is HV’s optimal strategy (lane changing or keep-

ing), π is a strategy and Π is the set of all strategies. At Nash
equilibrium, both HV and RV adjust their decisions based on
their combined driving styles. As shown in Fig. 3, HV has a
moderate style, while RV’s style ranges from conservative to
aggressive, influencing HV’s lane-changing behavior.

B. Feasibility Check of Lane Changing

Before the planning stage, the final step is to check the
feasibility of the lane-changing maneuver. This ensures that
the decision is safe despite uncertainties. Assuming the RV
maintains a constant speed during lane changing, we gener-
ate a virtual smooth lane-change trajectory for short-horizon
feasibility checking. This simplification is reasonable over the
brief maneuver window (3–5 s) and is corrected by replanning
at each cycle, while residual errors are accounted for by the
uncertainty ellipse model (Section IV). A cubic polynomial,
which offers simplicity, flexibility, and smoothness, is em-
ployed for this feasibility check, given by

y(x) = a0 + a1x+ a3x
2 + a3x

3, (22)

where a0, a1, a2 and a3 are constant coefficients.
The lane-changing process is shown in Fig. 4, with a road

width of 4 meters and three positions: (0,−2), (xr, 0), and
(2xr, 2). The risk point for the feasibility check is at (xc, yc).
Substituting these positions into (22) gives: a0 = −2, a0 +
a1xr + a2x

2
r + a3x

3
r = 0, a0 + 2a1xr + 4a2x

2
r + 8a3x

3
r = 2.

These are simplified as a1 = 2a3x
2
r , a2 = −3a3x

2
r and a3 =

1/x3
r . Therefore, the cubic polynomials is obtained as

y(x) = −2 + 2x/xr − 3x2/x2
r + x3/x3

r.
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Fig. 4: Collision detection of lane changing.

The distance from the starting position to the risk position dr
is computed as

dr=

∫ xr

0

√
1 + (y′)2dx=

∫ xr

0

√
1 +

( 2

xr
+

6x

x2
r

− 6x2

x3
r

)2
dx.

The time to risk (TTR) for RV and HV is computed as:
TTRHV = dr/vHV, TTRRV = xr/vRV, where vHV and vRV
are vehicle velocities at the starting position. The feasibility
of lane changing is checked using

|TTRHV − TTRRV| > Tsafe, (23)

where Tsafe is the safety time margin. The absolute value
indicates that either HV or RV can reach the risk position
first. As long as they have enough time difference, the lane
change is considered safe.

VI. PLANNING

The planning module generates executable vehicle trajecto-
ries based on the decision outcome from the game-theoretic
layer. Two planning modes are considered: lane keeping and
lane changing.

If lane keeping is selected, longitudinal motion is planned
using the Intelligent Driver Model (IDM), which regulates
acceleration to maintain a safe and comfortable distance from
the front vehicle (FV). If lane changing is selected and the
feasibility check is satisfied, a smooth lateral maneuver is
generated using an interpolation-based trajectory planner.

1) Longitudinal Planning via IDM: For lane keeping, the
acceleration of the HV is computed using the IDM:

aIDM = amax

[
1− (vHV/ve)

4 − (s∗/s)2
]
. (24)

where amax is the maximum acceleration, vHV is the current
velocity of the HV, ve is the desired velocity, and s is the
actual gap to the FV. The desired gap s∗ is defined as

s∗ = se + vHVTe − 0.5 · vHV∆v/
√
amaxb, (25)

where se is the minimum desired spacing, Te is the desired
time headway, ∆v is the relative velocity between the HV
and FV, and b is the comfortable deceleration. This formu-
lation ensures collision avoidance while maintaining smooth
longitudinal behavior.

2) Lane-Change Trajectory Generation: When lane chang-
ing is selected, a geometric interpolation method is used
to generate a smooth trajectory between the start point
(xstart, ystart) and the target endpoint (xend, yend). The lateral
displacement is determined by the lane geometry, while the

TABLE II: MPC TUNING PARAMETERS

Parameter Value Description
Ts, Np, Nc 0.1 s, 10, 5 Sampling time, prediction horizon, control horizon
X 1 Weight on longitudinal position error
Y 10 Weight on lateral deviation (lane centering)
V 2 Weight on velocity error (speed tracking)
U 0.1 Weight on control-input changes (smooth actuation)

longitudinal displacement is adjusted according to the vehicle
speed to ensure ride comfort:

slon = xend − xstart = vHVsc/vr, (26)

where vr is a reference velocity and sc is a scaling constant.
At higher speeds, a large longitudinal-to-lateral ratio may

lead to abrupt lateral motion and reduced comfort. To mitigate
this effect, the longitudinal displacement is adjusted as

s∗lon = slon − w · tan(arctan(w/slon) + c)
−1

,

where w is the lane width and c is a tuning constant. The op-
timized endpoint (x∗

e, y
∗
e) is then computed using the adjusted

longitudinal displacement.
Finally, intermediate waypoints are recursively inserted be-

tween the start and end points until the spacing between
consecutive points satisfies a predefined threshold, yielding a
smooth and dynamically feasible lane-change trajectory.

VII. CONTROL PROCESS

In our approach, MPC is used during lane changing to fol-
low pre-defined trajectories, optimizing control in advance to
reduce computation and ensure accuracy. The game-theoretic
module determines the maneuver decision and timing at a high
level, while MPC is employed solely for low-level trajectory
tracking and control execution, ensuring dynamic feasibility
and comfort. The discretized vehicle model for MPC is derived
using the Euler method with sample time Ts and given as

x(k + 1) = x(k) + v(k) cos(φ(k))Ts,

y(k + 1) = y(k) + v(k) sin(φ(k))Ts,

φ(k + 1) = φ(k) + v(k) tan(δ(k))Ts/L,

v(k + 1) = v(k) + ∆v(k)Ts,

δ(k + 1) = δ(k) + ∆δ(k)Ts,

(27)

where ∆v(k) and ∆δ(k) are the changes in velocity and
steering angle between steps k and k − 1 with input ∆u =
[∆v(k),∆δ(k)]⊤. The MPC problem is formulated as

min Jmpc (28)
s.t. (27), 0 < v(k + i) ≤ vmax, amin ≤ ∆v(k + i)/Ts ≤ amax,

δmin ≤ δ(k + i) ≤ δmax, δ̇min ≤ ∆δ(k + i)/Ts ≤ δ̇max,

where Jmpc =
∑Np

i=1 ∥x̃(k + i)− dsafe∥2X+∥ỹ(i)∥2Y+∥ṽ(i)∥2V+∑Nc−1
i=0 ∥∆u(k + i)∥2U is the cost function; x̃, ỹ and ṽ repre-

sent deviations in longitudinal position, lateral position, and
velocity from their reference values. Definition of the MPC
parameters are listed in Table II.
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Fig. 5: Interactive driving with conservative HDVs.

VIII. SIMULATION RESULTS

This section evaluates the proposed framework in interactive
ramp-merging scenarios with mixed traffic and heterogeneous
driving styles. Experiments are conducted in MATLAB 2022b
using a ramp simulation environment.

1) Experimental Setup: The road length is 300 m with lane
width 4 m. Standard vehicles are modeled as 4 × 1.8 m,
and long vehicles as 10 × 2 m. Simulations run at 0.2 s
resolution with traffic demand of 200 vehicles/h on the ramp
and 100 vehicles/h on the main road. Vehicle speeds are
bounded within [0, 57] m/s. Three driving styles (conserva-
tive, moderate, aggressive) correspond to efficiency demand
intervals of 0–25%, 25.1–52%, and 52.1–100%, respectively.
Style recognition is based on ITTC and THW; given identi-
cal initial longitudinal speeds, ITTC serves as the dominant
discriminator. Representative speeds derived from NGSIM are
set to 7.1, 21.9, and 43.3 m/s, while the AV initial speed is
uniformly sampled from 20–40 m/s. In Eq.(4), we use w1 = 0,
w2 = 0.5, and w3 = 1 to emphasize safety and efficiency.
Each merge lasts approximately 3 s, during which driving
styles are assumed fixed. Dynamic lane-changing intentions
are captured by the unsatisfactory level in (1), enabling real-
time adaptation to gap and speed conditions.

2) Interactive Driving with Conservative HDVs: Figure 5
illustrates AV performance when conservative HDVs occupy
the target lane. Over the 3 s horizon, several AVs attempt to

Fig. 6: AVs’ velocities: conservative HDVs.

Fig. 7: Longitudinal distance and THW: conservative HDVs.

merge but are initially blocked by limited gaps. The 2nd AV
merges at 0.5 s, followed by the 2nd and 3rd AVs by 1 s,
while the 1st AV remains on the ramp and adjusts its position
behind the rear target-lane vehicle. The 5th AV enters at 2 s
and merges by 2.5 s. By 3 s, the 1st AV completes its lane
change, resulting in three AVs successfully merged. Overall,
conservative HDVs restrict lane-changing space, necessitating
delayed maneuvers and highlighting the effectiveness of the
proposed game-based method.

Figure. 6 illustrates the velocities of three AVs that enter the
target lane in 3 s. The 1st AV reduces its speed from 33 m/s to
22 m/s within the first 0.5 s, maintains approximately 22 m/s
from 0.5 to 2 s, and then decreases to around 16 m/s during
the final second. The 2nd AV drops from 31 m/s to 16 s in
the first 0.5 s, holds nearly constant between 0.5 s and 1.2 s,
and fluctuates around 20 m/s thereafter. The 3rd AV maintains
about 30 m/s for the first 1.5 s before settling at 22 m/s for
the remainder of the interval. Fig. 7 illustrates the longitudinal
displacements and THW before entering into the target lane of
three AVs. According to [28], THW over 1 can be considered
as no risk of collisions. Three AVs can reach the safety THW
from the initial THW level around 0.4 s, 0.1 s and 1.6 s, which
increases the driving safety. It can be observed that the 1st
AV has a longer longitudinal distance, around 80 m, than the
other two AVs. This is in accordance with more adjustments
of the 1st AV during the driving. All AVs keep increasing their
longitudinal distance stably, ensuring stable driving efficiency.
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Fig. 8: Interactive driving with moderate HDVs.

Fig. 9: AVs’ velocities: moderate HDVs.

3) Interactive Driving with Moderate HDVs: Figure 8
shows AVs’ performance when moderate HDVs are on the
target lane, over a 3 s duration. At 0 s, the 1st AV enters the
ramp lane, with HDVs ahead and behind on the target lane. At
0.5 s, the 1st AV merges into the target lane. By 1 s, the 2nd
AV is still on the ramp. At 1.5 s, the 2nd AV waits for a safe
merging opportunity, while the 3rd AV enters the ramp. At 2 s,
the 2nd AV adjusts its position, and the 3rd AV merges into
the target lane. By 2.5 s, the 3rd AV is fully in the target lane,
and the fourth AV starts merging. At 3 s, the fourth AV enters
the target lane. All AVs successfully choose proper times for

Fig. 10: Longitudinal distance and THW: moderate HDVs.

Fig. 11: Interactive driving with aggressive HDVs.

lane changes, demonstrating the effectiveness of the proposed
game-based framework for moderate HDVs.

Figure 9 shows the velocities of three AVs entering the
target lane in 3 s. The 1st AV reaches 40 m/s in 0.6 s and
maintains it throughout. The 2nd AV reaches about 35 m/s
in 1.5 s and stays near 40 m/s after. The 3rd AV varies
around 35 m/s for 2.2 s and increases to 37 m/s. The AVs
in this scenario show higher average speeds than those with
conservative HDVs, proving efficacy of the proposed method.
Fig. 10 shows the longitudinal distance and THW before
entering the target lane. The 1st AV changes lanes quickly,
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Fig. 12: AVs’ velocities: aggressive HDVs.

Fig. 13: Longitudinal distance and THW: aggressive HDVs.

with THW increasing from 0.5 to 0.57. The 2nd AV has
a higher initial THW and decreases it from 0.7 to 0.58 as
the front vehicle changes. The 3rd AV maintains a THW
of around 0.75 before lane changing. All three AVs exhibit
stable, gradual increases in longitudinal distance, reflecting the
efficiency of the proposed framework for moderate HDVs.

4) Interactive Driving with Aggressive HDVs: Figure 11
shows the driving performance of AVs when aggressive HDVs
are on the target lane over a 3 s duration. At 0 s, one AV enters
the target lane. By 0.5 s, the 2nd AV merges into the ramp
lane while the 1st AV enters the target lane. At 1 s, the 2nd
AV is adjusting for lane changing due to limited longitudinal
distance to the HDV. By 1.5 s, it’s still waiting for a safe
time point, and the 3rd AV merges into the ramp lane. By
2 s, the 2nd AV adjusts its position, and the 3rd AV enters the
target lane. By 2.5 s, the 2nd AV enters the target lane. At
3 s, all three AVs are stably in the target lane, having selected
proper lane-changing times. This demonstrates the intelligence
of AVs using the proposed game-based framework.

Figure 12 shows the velocity variation of three AVs entering
the target lane in 3 s. The 1st AV accelerates from 40 m/s to
55 m/s, while the 2nd AV decelerates from 40 m/s to 34 m/s
in 1.8 s, then increases its speed to around 42 m/s. The 3rd
AV increases its velocity from 30 to 34m/s in 1.25 s, then
oscillates around 35 m/s for the remainder. Fig. 13 shows
the longitudinal distance and THW before entering the target
lane for three AVs. The 1st AV completes lane changing
quickly, maintaining a THW above 1, indicating high safety.

Fig. 14: Interactive driving with mixed traffic.

Fig. 15: AVs’ velocities: mixed traffic.

The 2nd AV reaches a THW of 1 at 1 s, and at 1.2 s, the
decision to change lanes shifts from the ramp lane to the target
lane, causing abrupt changes in THW. Despite this, collision
detection confirms the decision is safe. The 3rd AV maintains
a THW around 0.7 before lane changing, ensuring relatively
high safety. All three AVs exhibit stable, gradually increasing
longitudinal distances. The second and 3rd AVs end with the
same final distance, as the 2nd AV spends more time adjusting
its position for lane changing.

5) Mixed Traffic Flow with Moderate HDVs: This section
evaluates the proposed method in mixed traffic with moderate

This article has been accepted for publication in IEEE Transactions on Consumer Electronics. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TCE.2026.3675966

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: University of Glasgow. Downloaded on June 25,2026 at 18:20:06 UTC from IEEE Xplore.  Restrictions apply. 



10

Fig. 16: Longitudinal distance and THW: mixed traffic.
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Fig. 17: Mean relative vehicle (MRV) distances (N = 10 runs)
under nine slope–surface conditions.

HDVs over a 3 s horizon (Fig. 14). Initially, two AVs are on
the ramp and a third enters. The 3rd AV merges by 0.5 s, while
the 1st and 2nd AVs remain constrained by limited safe gaps.
The 4th–6th AVs enter sequentially, and by 3 s, three AVs have
stably merged into the target lane. Fig. 15 shows the velocity
profiles. The 1st AV decelerates from 35 to 30 m/s within 0.4 s
and stabilizes around 22.5 m/s. The 2nd AV oscillates between
14 and 25 m/s, whereas the 3rd AV accelerates from 28 to
31 m/s before converging to a similar steady speed. Fig. 16
reports longitudinal distances and THW before lane changes.
The 1st and 2nd AVs maintain THW above 1, indicating high
safety, while the 3rd AV remains above 0.7. Overall, the 3rd
AV achieves the largest progress with fewer safety constraints,
whereas the others merge more conservatively.

6) Validation on Various Merging Situations: To validate
effectiveness of the proposed framework under different road
conditions, we conducted simulations across three slopes (15°,
30°, and 50°) and three road surface conditions with friction
coefficients of µ = 0.8 (normal), µ = 0.5 (wet), and µ = 0.15
(icy). For each of the nine combinations, we performed N =
10 independent runs with randomized initial conditions. Each
trial included one AV and one HDV in the target lane, with the
AV’s initial velocity sampled as vAV ∼ U(17, 23) m/s and the
HDV’s velocity as vHDV ∼ U(12.5, 17.5) m/s. The HDV’s
starting position was randomized as ∆x ∼ U(−7.5, 7.5) m
relative to its nominal midpoint.

Figure 17 shows the mean relative vehicle (MRV) distances
over 10 runs under nine slope-surface conditions. On icy
roads, the distance starts at approximately 38 m, fluctuates
between 2–6 seconds with a minimum of about 30 m, and
stabilizes around 28–29 m after 8 s. On wet roads, the distance
begins at approximately 38–39 m, decreases with similar

Fig. 18: Mean velocities during lane change under nine
slope–surface combinations in dense traffic.

TABLE III: LANE CHANGING PERFORMANCE

Scenario
Time [s] Speed [m/s] THW [s/veh] Collisions

Ours [29] Ours [29] Ours [29] Ours [29]

Conservative HDVs 1.42 1.85 17.39 14.54 0.95 1.21 0 16
Moderate HDVs 0.86 1.62 36.68 17.30 0.53 1.15 0 0
Aggressive HDVs 0.81 0.86 39.45 38.06 0.46 0.83 0 0
Mixed platoon 1.12 1.26 22.15 22.39 0.97 0.87 0 14

fluctuations to icy roads between 2–6 s, reaching about 32 m,
and stabilizes around 31–32 m after 8 s. On normal roads, the
distance starts highest at about 45 m, experiences noticeable
fluctuations between 2–6 s with peaks at approximately 43–
45 m and troughs at about 39–40 m, and stabilizes around
38–39 m after 8 s. Fig. 18 shows the AV’s mean velocities,
time-normalized from merge start to end, across nine slope
and surface conditions in dense traffic. On gentle slopes, the
AV on normal pavement accelerates to about 19.2 m/s, then
decelerates to 17.8 m/s. On wet surfaces, it peaks at 21 m/s,
settling at 16.7 m/s, and on icy roads, it starts at 22 m/s,
holding at 17.7 m/s. For medium slopes, the normal profile
peaks at 18.5 m/s and ends at 17.5 m/s, the wet profile
peaks at 19.5 m/s and ends at 16.4 m/s, and icy roads peak
at 21 m/s and end at 17 m/s. On steep slopes, the normal
and wet profiles start near 18 m/s but dip more sharply, with
normal reaching 16.3 m/s and wet ending at 17.8 m/s. The
icy profile starts at 20 m/s and ends at 18 m/s.

7) Comparison with Existing Methods: We compare our
method with the simpler model in [29], which uses basic gap
acceptance without considering driving styles or uncertainty.
Table III summarizes lane-changing time, speed, THW, and
collisions, with each scenario tested ten times using ran-
dom HDV speeds. While the baseline performs reasonably
in simple cases, it struggles in complex ones—causing 16
collisions in conservative HDV scenarios. In contrast, our
method consistently achieves shorter lane-change times (up to
46.9% faster) and significantly higher speeds (up to 111.4%),
demonstrating clear safety and performance gains. We further
benchmark our method against recent studies [30], [31], [32],
[33], as shown in Table IV. While existing methods address
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TABLE IV: COMPARISON WITH EXISTING METHODS
Methods Scenario ML ID UP CD MTSV VT

[30] Ramp
√

-
√

- -
√

[31] Ramp -
√

- - -
√

[32] Ramp
√

- - - -
√

[33] Ramp
√

- - - -
√

Ours Ramp
√ √ √ √ √ √

MLR: Multi-lane ramp, ID: Interactive driving, UP: Uncertainty process,
CD: Collision detection, MTSV: Multiple types of surrounding vehicles, VT:
Verified in traffic flow, -: not considered or not given.

TABLE V: COMPUTATIONAL PERFORMANCE

Algorithm
Runtime (ms) Memory (KB) Energy (mJ)

Light Mod. Dense Light Mod. Dense Light Mod. Dense

Ours 0.02 0.02 0.03 0.1 0.1 0.1 0.04 0.04 0.06
MFG-MPC 0.48 0.57 0.74 32.5 39.1 48.6 0.96 1.14 1.48
MCDP 4.92 7.19 16.78 780.2 1570.3 3920.5 9.84 14.38 33.56
RFSG 0.41 0.50 0.72 21.3 26.0 34.7 0.82 1.00 1.44

aspects like multi-lane ramps or interactive driving, they often
overlook uncertainty, collision detection, or vehicle diversity.
In contrast, our approach integrates all these factors, making
it better suited for complex, real-world ramp scenarios. The
added complexity is justified by improved safety and efficiency
where benchmarks fall short.

A. Consumer Electronics Platform Evaluation

To validate the suitability of the proposed method, we con-
duct computational benchmarks comparing runtime, memory
footprint, and energy efficiency against three representative
baselines: Mean Field Game with MPC (MFG-MPC) [34],
Monte Carlo Decision Process (MCDP) [35], and Risk Field
Stackelberg Game (RFSG) [36].

1) Experimental Setup: Simulations were conducted on a
Ubuntu OS equipped with an Intel Core i5-12600KF CPU, an
NVIDIA RTX 3070Ti GPU, and 16 GB RAM. All experiments
were implemented in MATLAB R2024b to evaluate compu-
tational feasibility under consumer-grade onboard resources.
Three traffic scenarios with 5, 10, and 15 surrounding HDVs
were tested, each repeated over 100 trials.

2) Runtime Analysis: Table V reports the average runtime
across different traffic densities. Under light, moderate, and
high traffic conditions (5, 10, and 15 HDVs), the proposed
GEE method achieves an average runtime of 0.02 ms, oper-
ating consistently at a sub-millisecond scale. In comparison,
MFG-MPC, RFSG, and MCDP require 0.57 ms, 0.50 ms, and
7.19 ms, respectively. This corresponds to runtime reductions
of approximately 96.5% relative to MFG-MPC, 96.0% rela-
tive to RFSG, and over 99.7% relative to MCDP.

3) Memory Footprint: Memory usage is reported as the
estimated peak size of major allocated arrays, providing
a platform-independent comparison. Under moderate traffic,
GEE requires only 0.1 KB, reflecting its lightweight O(N)
structure. In contrast, MFG-MPC and RFSG consume 39.1 KB
and 26.0 KB, respectively, due to grid-based state representa-
tions, while MCDP requires 1570.3 KB to store Monte Carlo
trajectory samples. This corresponds to memory reductions
of approximately 99.7%, 99.6%, and 99.99% compared to
MFG-MPC, RFSG, and MCDP, respectively, enabling deploy-
ment on resource-constrained ECUs.

4) Energy Consumption: Energy efficiency is evaluated
using a normalized energy index computed as CPU runtime
multiplied by a nominal processor power of 2 W, serving as a
relative proxy rather than a direct power measurement. Under
moderate traffic, GEE consumes 0.04 mJ per decision cycle,
compared to 1.14 mJ for MFG-MPC, 1.00 mJ for RFSG, and
14.38 mJ for MCDP. This represents energy reductions of
approximately 96.5%, 96.0%, and 99.7%, respectively. Over
extended driving durations with frequent decision updates,
such reductions contribute to lower thermal load and improved
energy efficiency on consumer electronic platforms.

B. Discussion and Limitations

While the proposed framework demonstrates strong perfor-
mance in interactive ramp-driving scenarios, several limita-
tions should be acknowledged. First, the game-theoretic for-
mulation assumes bounded rationality and predefined payoff
structures for surrounding human-driven vehicles. Although
these assumptions are widely adopted in interaction-aware
planning, real human behavior may deviate from rational
or stationary decision-making, especially under extreme or
unexpected conditions.

Second, the proposed model focuses on local interactions
within a limited spatial and temporal horizon, which is suitable
for time-critical ramp merging but may not fully capture long-
term strategic behaviors in more complex traffic networks.
Extending the framework to multi-stage or hierarchical games
could further improve its applicability in large-scale scenarios.

Third, the performance of the GT-based decision module
depends on the design of payoff weights and uncertainty
parameters. While our chosen parameters are grounded in
empirical observations and validated through extensive sim-
ulations, adaptive or learning-based tuning mechanisms could
further enhance robustness across diverse traffic conditions.

Finally, the current framework is evaluated primarily in sim-
ulation environments. Although the computational evaluation
demonstrates strong suitability for consumer-grade electronic
platforms, future work will focus on real-world deployment
and hardware-in-the-loop testing to further validate robustness
under sensing noise, communication delays, and model mis-
match.

IX. CONCLUSION

This paper presented a top-down, interaction-aware plan-
ning framework for autonomous ramp driving that explicitly
accounts for heterogeneous human driving styles and percep-
tion uncertainty. The proposed approach integrates data-driven
driving style grading, uncertainty modeling via prediction error
ellipses, game-theoretic time-point selection, and lightweight
planning and control modules suitable for consumer-grade
electronic platforms. Extensive simulation results under mixed
traffic conditions demonstrate collision-free operation, stable
velocity profiles, and improved merge efficiency, particularly
in congested ramp scenarios. While the game-theoretic formu-
lation provides a structured mechanism for interaction-aware
decision-making, it is inherently limited by assumptions on
human rationality and predefined payoff structures. Future

This article has been accepted for publication in IEEE Transactions on Consumer Electronics. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TCE.2026.3675966

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: University of Glasgow. Downloaded on June 25,2026 at 18:20:06 UTC from IEEE Xplore.  Restrictions apply. 



12

work will focus on enhancing adaptability through learning-
assisted or adaptive MPC-based trajectory generation, as well
as validating the proposed framework in hardware-in-the-
loop and real-world ramp-driving experiments for consumer
electronic intelligent vehicles.
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