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Introduction

➢Connected and automated vehicle (CAV)
technology enables spatiotemporal intersection
management.

➢Infrastructure-assisted cooperative driving can
greatly improve the efficiency of signalized
intersection operations.

➢In most of the existing studies, the CAV
trajectory planning problem is simplified as only
modeling longitudinal vehicle behavior or
instantaneously lane changing process, leading to
unrealistic vehicle trajectories.

➢A two-level optimization model is formulated
that integrates a full CAV trajectory planning
model with traffic signal control in a cooperative
driving environment with mixed traffic.
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➢The proposed model is tested in a typical four-
arm intersection via SUMO.

➢4 CAV penetration rates and 3 traffic demand
levels are evaluated.

➢The resultant signal timing plan and CAV
trajectories outperform adaptive and fixed time
signal control by as much as 56% in terms of
reduction of average vehicle delay.

Implementation framework

High-Level (Intersection Level) 
Optimization Model

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 (Total Vehicle Delay
+ Total Lane Change CAV Numbers)

𝑠. 𝑡.

Signal constraints

Lane assignment constraints

Arrival time constraints

➢The main objective of the high-level
optimization is to minimize total vehicle delay
with a secondary objective to minimize the
number of lane-changing CAVs.

➢A MILP model is formulated to optimize traffic
signal parameters, CAV arrival time and arrival
lane assignment.

Low-Level (Vehicle Level) 
Trajectory Planning Model

➢ Arrival time from the high-level optimization
is converted to the planning horizon (𝑁).

➢Lane assignment from the high-level
optimization is converted to the reference
position in the cost function.

➢Given the vehicle’s initial state, the arrival time
and lane, generated trajectory can guide the
vehicle to arrive at the reference point at the end
of the planning horizon.

Numerical Study

Figure: Trajectories of 
vehicles in (a) through and 

right turning lane, (b) 
through lane and (c) left 
turning only lane (100% 
CAV penetration rate).

➢Discontinuous trajectories are caused by lane
changes

➢Vehicles adjust their speed and lane allocation
to pass through the intersection during the green
time with desired speeds and without making
complete stops.

➢The traffic signal adjusts the green durations
according to the number of approaching vehicles
dynamically.

➢Comparing with 100% CAV penetration rate,
the vehicle distribution on the two through lanes
is less even and more vehicles stop at intersection
when CAV penetration rate is 50%

Learning Optimal Driving Policy

➢Construct cost function 𝜽𝑇𝑓 𝒔, 𝒖 consists of

driving policy related features.

➢Features include safety, mobility, comfort, and

reference position.

➢Apply maximum entropy inverse reinforcement

learning method to learn the weight vector (𝜽) of

the cost function (f) through collected

demonstrative trajectories.
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𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒𝒔 𝜽
𝑇𝑓 𝒔, 𝒖

𝑠. 𝑡.

Vehicle dynamic constraints

Safety constraints
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Figure: Trajectories of 
vehicles in (a) through and 

right turning lane, (b) 
through lane and (c) left 
turning only lane (50% 
CAV penetration rate).
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