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abstract

The rapid development of CAV technology has revolutionized urban trans-
portation by introducing innovative approaches to enhance traffic effi-
ciency. Leveraging advanced communication capabilities such as vehicle-
to-vehicle (V2V) and vehicle-to-infrastructure (V2I), CAVs can seamlessly
exchange information with their surroundings, while automation func-
tions enable precise individual control over these vehicles. Amidst these
advancements, signalized intersections and weaving sections remain criti-
cal nodes in urban traffic, often leading to congestion and safety concerns.

This Ph.D. research focuses on optimizing CAV movements with a pri-
mary objective of enhancing throughput and maximizing capacity under
bottleneck. To address this challenge, two novel approaches are proposed:
a grid-based mixed-integer programming optimization model for CAV
sorting and a macroscopic control strategy. The former facilitates coordi-
nation of individual CAV movement, while the latter takes a holistic view,
considering controlling the collective behavior of CAVs.

Traditional control strategies that solely focus on infrastructure and ge-
ometries are transcended through the grid-based mixed-integer program-
ming optimization model, which exhibits promising results in tackling
congestion challenges at bottlenecks. To overcome the scalability limita-
tions of microscopic individual vehicle control, the macroscopic control
strategy employs the Cell Transmission Model (CTM) to macroscopic
control traffic flow. This approach showcases improved traffic capacity,
especially in heavy traffic conditions, and exhibits robustness in dynamic
traffic scenarios.

To ensure practicality and real-time responsiveness, a rolling-horizon-
based solution method is introduced, accelerating the algorithms em-
ployed in both models and enabling coordinated CAV movements, even
in the presence of uncertain vehicle arrivals.
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Comprehensive numerical experiments validate the effectiveness and
reliability of the proposed models, demonstrating improved traffic through-
put, and efficient lane utilization.

This research contributes to the advancement of CAV-enabled trans-
portation systems, offering valuable insights into addressing congestion
challenges and optimizing traffic flow dynamics. The proposed approaches
hold tremendous potential in transforming urban transportation, facilitat-
ing the seamless integration of CAVs, and fostering the development of
more efficient, sustainable, and safer cities.
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1 introduction

This chapter starts with discussing the remaining challenges of CAV con-
trol at bottlenecks such as intersection and weaving section. In particular,
the challenge at bottlenecks lies in the underutilization of lanes and green
time, leading to congestion and safety concerns. Coordinating individual
vehicles efficiently in real-time presents computational challenges and
limits scalability, especially in scenarios with a large fleet of connected
automated vehicles (CAVs). Additionally, the proportion of vehicles with
specific directions is highly time-varying and uncertain, necessitating
fast and adaptive sorting algorithms to optimize traffic flow and increase
capacity.

1.1 Motivation
The rapid development of CAV technology has presented a transformative
opportunity to revolutionize urban transportation and improve traffic
efficiency. Through advanced communication capabilities like V2V and
V2I, CAVs can seamlessly exchange information with their surroundings,
while automation functions allow for precise individual control over these
vehicles. These advancements open the door to sophisticated cooperative
control strategies that can significantly enhance the effectiveness of traffic
systems. However, despite these promising developments, signalized
intersections and weaving section continue to pose significant challenges
in urban traffic, leading to congestion and safety concerns.

The main objective of this Ph.D. research is to optimize CAV move-
ments, focusing on enhancing throughput and maximizing intersection
and weaving section capacity. To achieve this, we propose three novel ap-
proaches: a grid-based mixed-integer programming optimization model
for CAV sorting and a macroscopic control strategy. The former allows
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real-time coordination of individually controlled CAV traffic movements,
while the latter provides a holistic outlook by macroscopic control of CAVs.

Bottleneck of Traffic Flow

Traffic congestion is a ubiquitous challenge in urban transportation sys-
tems, often leading to inefficiencies, delays, and increased environmental
impact. Among the various elements contributing to congestion, signal-
ized intersections and weaving sections are two critical bottlenecks that
significantly impact traffic flow and overall network performance. Sig-
nalized intersections, where streams of vehicles from multiple directions
converge and compete for right-of-way, often experience queuing, delays,
and inefficient utilization of green time. On the other hand, weaving sec-
tions, commonly found at freeway interchanges, pose unique challenges
due to the complex merging and diverging maneuvers between entering
and exiting traffic streams. These sections are prone to congestion, capacity
constraints, and safety hazards, especially during peak traffic periods. Ad-
dressing these bottleneck areas requires innovative strategies that leverage
advanced technologies and intelligent control mechanisms to optimize
traffic flow, enhance intersection throughput, and improve overall network
efficiency.

As the deployment of Connected Automated Vehicle (CAV) systems ex-
pands, the feasibility of traditional microscopic control, involving individ-
ual vehicle optimization, diminishes due to computational intensiveness
and real-time responsiveness challenges. To overcome these limitations,
we explore the potential of macroscopic control as a viable alternative.
By adopting the Cell Transmission Model (CTM), we can control CAV
traffic and optimize traffic flow on a cell-by-cell basis, discretizing the
road segment into cells representing individual lanes. This approach
facilitates the development of more efficient and scalable control strate-
gies for CAVs. Through our proposed connected automated flow control
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(CAFC) strategy, we effectively optimize lane utilization and green time
through coordination sorting, leading to improved capacity, especially in
heavy traffic conditions, and demonstrating robustness in dynamic traffic
scenarios.

To ensure the practicality and real-time responsiveness of our proposed
models, we introduce a rolling-horizon-based solution method that ac-
celerates the algorithms. This enhancement allows for coordinated CAV
movements even in the presence of uncertain vehicle arrivals, making our
solutions adaptive to real-world traffic scenarios.

To validate the effectiveness and reliability of our proposed models,
we conduct a series of comprehensive numerical experiments. The results
reaffirm the significant impact of our approaches, showcasing improved
intersection and weaving section throughput, efficient lane utilization, and
increased diverse traffic conditions. Moreover, the models exhibit minimal
sensitivity to parameter variations, further reinforcing their robustness
and applicability.

1.2 Objectives and Contributions
This doctoral research seeks to advance the field of CAV-enabled trans-
portation systems by introducing innovative methodologies to enhance
traffic bottlenecks efficiency. The proposed grid-based mixed-integer pro-
gramming optimization and macroscopic control strategies hold tremen-
dous potential in addressing congestion challenges and optimizing traffic
flow dynamics. In the subsequent sections of this paper, we provide com-
prehensive insights into the intricacies of our proposed models, present
the results of validation experiments, and conclude with a detailed dis-
cussion concerning potential avenues for future research and practical
implementation.
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2 literature review

The inefficiency of intersections and weaving sections has long been a
focus of transportation research. While studies have traditionally centered
on optimizing signal timing to improve intersection performance under
varying traffic conditions (Sawake and Borkar, 2017; Guo et al., 2019),
recent efforts have explored pre-signal traffic management as an alternative
solution. One notable approach is the pre-signal system (Xuan et al., 2011),
which employs a tandem design to group vehicles with the same direction
before the intersection signal. While this system enhances intersection
capacity, it necessitates additional infrastructure and may exacerbate traffic
congestion, especially if human-driven vehicles struggle to adapt to the
complex signal system.

Similarly, freeway weaving sections, where traffic streams converge
and diverge, present significant challenges for traffic optimization. These
sections often experience congestion, reduced capacity, and various issues
such as traffic oscillations, increased energy consumption, accidents, and
recurrent congestion. Past efforts have focused on implementing active
traffic management strategies like ramp metering and variable speed limits
(Cassidy and May, 1991; Liu et al., 2012; Bai et al., 2022; Du et al., 2018;
Wang et al., 2015; Golob et al., 2004; Cottrell, 1998; Zhang and Levinson,
2010; Wang et al., 2014b; Abdel-Aty and Wang, 2017). However, these
approaches have struggled to address the stochastic nature of individual
vehicle dynamics, limiting their effectiveness in optimizing traffic flow.

With the development of CAVs, the advantage of traffic sorting by
the pre-signal system can be achieved directly without introducing new
infrastructures. For pure CAV traffic, such sorting can be achieved by
sharing and receiving real-time information through V2V and V2I. V2V
communication-based vehicle control is divided into two categories: longi-
tudinal control and lateral control. In a CAV platoon, longitudinal control
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is primarily concerned with car-following control (Zhou et al., 2019; Han
et al., 2020; Chen et al., 2021a). Longitudinal control via V2V communi-
cation is known as the Cooperative Cruise Control system(Gong et al.,
2016; Öncü et al., 2014; Shi et al., 2021; Zhou et al., 2020). Lateral control,
on the other hand, refers to smooth lane changes. Many studies of lateral
control focus on addressing potential conflicts as "proximity cost" in the
framework (Wang et al., 2014a; Zhou et al., 2017a; Wang et al., 2021). The
existing studies on the CAVs’ lateral control are reviewed in Bevly et al.,
2016. Meanwhile, CAVs are precisely cooperatively controlled with infras-
tructure, thanks to V2I communication. Recent research has increased the
efficiency of bottlenecks scenarios by using cooperative control CAVs with
information from signal timings (Qian et al., 2021; Xu et al., 2017; Li et al.,
2021b) and optimized the trajectory in single-lane scenarios (Zhou et al.,
2017b; Li et al., 2018; Jiang et al., 2017; Dong et al., 2021).

However, it is important to note that all the aforementioned research
primarily focuses on microscopic control, which presents challenges in
terms of computation time and scalability. The computational time re-
quired for individually controlling a large number of vehicles becomes
a critical concern, especially as the scale of CAV systems increases. The
computational complexity becomes a bottleneck, hindering real-time re-
sponsiveness for practical implementation.

To address the limitations posed by the microscopic control approach,
researchers have considered a macroscopic perspective that encompasses
the collective behavior of vehicles rather than focusing on each individual
vehicle. One of the approaches employed to achieve this macroscopic view
is the CTM.

The CTM is a finite differences approximation based on hydrodynamic
theory, providing a practical representation of traffic flow and density
(Daganzo, 1995, 1994). It employs a piecewise linear function to describe
the FD of traffic flow, which convergently approximates a reduced form of
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the Lighthill-Whitham-Richards (LWR) hydrodynamic model (Lighthill
and Whitham, 1955; Richards, 1956). The CTM is capable of modeling
various traffic propagation phenomena, including spillback, kinematic
wave, and physical queue.

Over the last decade, the CTM has found applications in a wide range
of dynamic traffic issues. For instance, it has been incorporated into opti-
mized signal timing for CAVs (Yao et al., 2022b; Al Islam et al., 2020; Tajalli
et al., 2020). Additionally, researchers have utilized multiclass CTMs to
model the scenarios with mixed traffic involving human and autonomous
vehicles (Levin and Boyles, 2016b; Pi et al., 2019; Ngoduy et al., 2021). Fur-
thermore, the CTM has been employed to develop dynamic lane reversal
strategies for autonomous vehicles, aimed at reducing traffic congestion
and improving spacial utilization (Levin and Boyles, 2016a; Duell et al.,
2016). However, it is important to note that these applications do not
directly control vehicles; rather, they focus on modeling traffic scenarios
or addressing dynamic traffic challenges with operated infrastructure.

While the existing literature on CAV control and sorting strategies
has shown promise in improving capacity, there are notable limitations
and gaps in current research efforts. Most studies have predominantly
focused on microscopic control approaches, which are tailored to enhance
efficiency in small-scale scenarios (Yao et al., 2022a; Wu et al., 2021). These
microscopic control strategies address individual vehicle movements and
interactions, but they face challenges in terms of scalability when dealing
with a large fleet of CAVs.

On the other hand, the utilization of the CTM to increase capacity for
CAVs has shown potential but remains limited in scope. The existing liter-
ature primarily explores modeling traffic scenarios or addressing dynamic
traffic challenges with operated infrastructure. However, this approach
has not fully exploited the macroscopic control potential of the CTM to
optimize traffic flow and capacity in a broader context.
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Given these limitations and gaps, there is a pressing need to develop a
macroscopic vehicle control approach that can effectively address the scala-
bility challenges and unlock the full potential of CAV-enabled intersections
and weaving section.
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3 rolling-horizon based strategy of fully
cooperative traffic under signalized intersections

This chapter we present a novel grid-based mixed-integer programming
optimization model for CAV sorting to address the challenge of enhancing
intersection efficiency. The proposed model allows for real-time coordi-
nation of each CAV traffic movement, including speed changes and lane
changes, aiming to achieve higher throughput at signal-based, multi-lane
intersections. Additionally, we introduce a rolling-horizon based solution
method to expedite the algorithm and validate its effectiveness through
a series of numerical experiments, providing valuable insights into the
system’s performance.

3.1 Introduction
Connected automated vehicles (CAVs), enabled by communication func-
tions such as vehicle to vehicle (V2V) and vehicle to infrastructure (V2I)
can share the information with the ambient environment. Meanwhile, en-
abled by automation functions, CAVs can be precisely controlled individu-
ally. With the awareness of the environment and the resulted cooperative
control strategies, CAVs can significantly improve traffic system efficiency.
As the crucial module of urban transportation, signalized intersections
are often the bottlenecks causing congestion and safety concerns. The
adoption of connected and automated traffic in the near future brings
many new challenges and opportunities to enhance intersection efficiency
with wisely managed CAVs.

To enhance the intersection efficiency, the core is to improve the through-
put, that is the maximum number of vehicles passing through the inter-
section per unit time. Unlike traditional signal control strategies, which
only focus on the signal timing side, CAVs can coordinate with signals
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Figure 3.1: Pre-Signal System

at an individual vehicle level and better utilize the limited green time to
yield higher throughput. However, current research largely optimizes
the intersection efficiency by controlling CAVs’ longitudinal motions in
single-lane, single-phase scenarios(Jiang et al., 2017; Li et al., 2018; Zhou
et al., 2017b). Although the results of these researches are encouraging,
the single-lane, single-phase scenarios are greatly simplified and limited.
An intersection with heavy traffic, left-turn movement, and through move-
ment are normally in different phases. Without grouping vehicles with the
same direction in advance, some through traffic may block the left-turn
traffic and vice versa. Some intersections may have dedicated left-turn
lanes and through lanes separately to avoid blocking, but this sacrifices the
capacity hugely by reducing the number of lanes for each traffic direction.
Therefore, to fully utilize the spatial and temporal resource of intersections
to improve intersection capacity, Xuan et al. (2011) proposed a pre-signal
system to dynamically aggregate those traffic with the same direction
(e.g., left turn) together in the area between the designed pre-signal and
intersection, and let one phase of the intersection signal be dedicated to
one group of vehicles with the same direction, as shown in Fig.3.1.

Although this work has already shown the advantage of sorting ve-
hicles with their respective directions in advance, its implementation is
heavily constrained by the obedience of human drivers and the stochas-
ticity of driving behaviors. Fortunately, with the help of V2V and V2I,
pure CAVs can achieve such sorting directly without additional pre-signal
systems. Based on the information of fixed signal-timing and the desired
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direction of CAVs, lane changes and speed change can be optimized over
the whole traffic flow in a coordinated way, which can significantly im-
prove the intersection capacity.

However, many challenges exist to achieve the CAV sorting optimally.
First, when vehicles approach an intersection, the space and, time allow-
ing the sorting operations are pretty limited, especially in urban areas
where intersections are densely located. Sorting vehicles may involve quick
acceleration, deceleration, and frequent lane changes. Without proper
coordination, such frequent vehicle operations may not improve the traffic
condition but cause additional traffic congestion. Second, the proportion
of vehicles with respective directions is highly time-varying and uncertain.
Hence the sorting algorithm has to be fast and adaptive to the real-time
traffic situation. Given the number of all vehicle conditions and their com-
bination with different signal phases, the decision space can be extremely
huge. Some simplification modeling techniques are necessary to make the
problem tractable. Therefore, to address these challenges, one way is to
discretize the vehicle movement into grids, e.g., Wu et al. 2021 discretized
the platoon into a grid system in which vehicles with different directions
can be represented as a vector state. After such discretization, each vehi-
cle’s movement can be simplified into three actions, i.e., unit acceleration,
unit declaration, and lane change movement. Such grid system usually
forms constrained combinatorial optimization problem, which is typically
NP-hard and intractable for moderate or large-scale cases (Garey, 1979).

Noticing the above challenges, we establish a holistic framework to
address the coordinated CAV sorting problem for passing through a signal-
based, multi-lane intersection. The target is to find the optimal coordinated
CAV traffic movement strategy that can significantly increase the traffic
throughput, given the real-time uncertain traffic input and predetermined
multi-phase signal timing. The strategy can guide the movement of each
CAV, including speed change and lane change decisions in real-time. Our
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Figure 3.2: Problem Setting

contribution can be summarized as follows. (i) We establish a grid-based
mixed-integer programming optimization model to implement CAVs sort-
ing strategy near an intersection; (ii) We developed a rolling-horizon based
solution method to accelerate the solution algorithm, which conquers the
computational issue.(iii)A series of numerical experiments are conducted
to verify and validate our algorithm and provide insights.

3.2 Model

Problem Setting

We consider a signalized intersection and one of its connected upstream
road segments with two lanes, as shown in Fig.4.2. Here, the two-lane
road segment is representative of general cases. Those with more lanes can



12

be easily extended from this work. The signal phases of this intersection
include left-turn movements and through movements. All vehicles passing
through this road segment and the intersection is assumed to be pure
CAVs, i.e., 100% CAV market penetration. During the left-turn phase, only
left-turn traffic can pass the intersection through both lanes. On the other
hand, during the through phase, through traffic and right-turn traffic can
both pass the intersection, whereas the through traffic can utilize both
lanes but the right-turn traffic can only use the right lane.

To characterize the traffic management process, we consider a time-
rolling strategy on a fixed-length planning horizon, denoted by t ∈ T :=

{0, 1, ..., T }. The strategy of CAV movements will be planned across the
entire T , but only the action at time t = 0 will be implemented. This
strategy will be updated at each time step. For tractability, we focus on a
discretized grid-based modeling framework as follows.

Road Geometry. This upstream road segment is divided into a grid
of homogeneous cells to simplify the problem, following the practice of
Wu et al. (2021). After such discretization, each lane is represented as a
row of cells, where the width of the cell is equal to the lane width. On the
other hand, the cell length is based on the cruising speed of CAVs and the
“critical gap.” Here the critical gap indicates the minimum acceptable time
gap to complete a lane-changing maneuver Toledo et al. (2003). Without
loss of generality, we assume one vehicle can occupy one cell at a time.
Hence, each cell can be indexed by (i, j), where i ∈ I := {0, 1} is the lane
(0: right lane, and 1: left lane) and j ∈ J := {0, ..., J − 1} indicates the
distance of the cell to the intersection. In addition, we extend its definition
to J− := {−2,−1} and J+ := {J}, respectively. Specifically, J− indicates the
entering buffer zone where vehicles will appear at the sorting area at the
next time step, and j = J is the exiting buffer zone holding those vehicles
that have just passed the intersection. Hence, J+ and J− are "virtual"
and designed to describe the boundary condition of the traffic. It will be
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elaborated further in the following context. The cells in J are real cells
aligned with the road segment, representing the effective sorting area,
where vehicles are managed cooperatively to achieve the best grouping
result given their directions.

Signal State. We discretize the signal state into integers. Let n ∈
N := {0, 1, 2} be the phases, where 0 indicates the "Red", 1 indicates the
"Through", and 2 indicates the "Left-turn". Further, suppose snt ∈ {0, 1}
for n ∈ N, t ∈ T is the indicator of the signal at time t. For example, s10 = 1
means the signal is "Through" at time 0. Here we assume the signal timing
is endogenously determined. Hence, {snt} is a given parameter.

Traffic State. We consider three types of states of each cell, occupancy,
speed, and vehicle’s desired direction. Occupancy is denoted by xijt ∈
{0, 1} for i ∈ I, j ∈ J, t ∈ T, where xijt = 1 indicates a vehicle occupies cell
(i, j) at time t. For the speed, we let v ∈ V := {0, 1, 2} be the speed level,
where the value of the level indicates the number of cells a vehicle can
move across in a unit of time. Here we assume the maximum speed level is
2, which can be extended if necessary. Further, suppose yijvt ∈ {0, 1} is the
speed indicator of the vehicle occupied the cell (i, j) at time t. For example,
y1,2,2,3 = 1 means the cell (1, 2) is occupied by a vehicle with a speed level 2
at time 3. Similarly, let u ∈ U := 0, 1, 2 be the desired direction of a vehicle,
where 0 indicates the straight-through, 1 indicates the left-turn, and 2
indicates the right-turn. Hence, we use zijut ∈ {0, 1} to be the indicator for
the desired direction of the vehicle occupied the cell (i, j) at time t.

Traffic management. We assume each vehicle is fully controlled under
a centralized system after it arrives in the sorting area. For each vehicle,
its controls include lateral and longitudinal movements, i.e., lane change
and speed change. We define αijt ∈ {0, 1} for i ∈ I, j ∈ J, t ∈ T to be
the indicator of lane change action for the vehicle in cell (i, j) at time t.
Since we only have two lanes, there is no need to differentiate the lane
change direction. Further, the speed change indicator is similarly captured
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by βijt ∈ {0, 1}. To differentiate the acceleration/deceleration action, we
introduce γijt ∈ {0, 1}, where the acceleration and deceleration are denoted
by 1 and 0, respectively.

Management Strategy

Given the discrete environment above, we focus on designing the manage-
ment strategy with an integer programming problem. First, the ultimate
goal of the strategy is to let the most number of vehicles pass through the
intersection given the planning horizon T . In particular, the total number
of vehicles passed can be expressed as

∑
i∈I,t∈T xiJt. In addition, since

we run our management strategy on a rolling horizon, we hope to let
the vehicle pass the intersection as early as possible to reduce the burden
for later management. Therefore, we introduce a bonus term wx(t) on
the time a vehicle passes through the intersection, which is a decreasing
function over time. Moreover, to stabilize the traffic, we hope the entire
traffic can go through the intersection with the least state changes. To this
end, we introduce corresponding penalty terms and lead to the following
objective for our policy, i.e.,

max
x,y,z,α,β,γ

∑
i∈I,t∈T

wx(t)xiJt

−
∑

i∈Ij∈J,t∈T

(cα(j)αijt + cββijt)

−
∑

i∈Ij∈J,t∈T ,v∈{0,1}

cy(v)yijvt. (3.1)

The first term is the adjusted number of vehicles passing through the
intersection. The second term is the penalty to lane changes and speed
changes, where cα(j) is the penalty for a lane change, increasing over
the proximity to the intersection (since we hope the lane changes are
conducted relatively far away), and cβ is a constant penalty for speed
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change. Then the third term penalizes the speed reduction with cy(v),
which is decreasing over the speed level v.

Now, we provide a series of constraints that help guarantee the man-
agement strategy is feasible.

Vehicle Dynamics.
First, we give the dynamics of vehicles in the sorting area for i ∈ I, j ∈ J,

t ∈ T\{T }. The buffer area and the passing through of the intersection
will be discussed separately. Since our system is represented by multiple
indicator functions, we define a notation x̄ as 1 − x for convenience. Then,
based on the state of cells and vehicles, we have

xij(t+1) =xij(t+1)x̂ij(t+1), (3.2)

x̂ij(t+1) =yij0txijt + ᾱi(j−1)tyi(j−1)1txi(j−1)t

+ yi(j−2)2t(x̄i(j−1)t + xi(j−1)tyi(j−1)2t)xi(j−2)t

+ α(i−1)(j−1)ty(i−1)(j−1)1tx(i−1)(j−1)t

+ α(i−1)(j−2)ty(i−1)(j−2)2tx(i−1)(j−2)t
(
x̄(i−1)(j−1)tx̄i(j−1)t

)
,

(3.3)

xijt =xijtx̂ijt,

x̂ijt =yij0txij(t+1)

+ ᾱijtyij1txi(j+1)(t+1)

+ yij2txi(j+2)(t+1)

+ αijtyij1tx(i−1)(j+1)(t+1)

+ αijtyij2tx(i−1)(j+2)(t+1)
(
x̄(i−1)(j+1)tx̄i(j+1)t

)
. (3.4)

Here, Constraint 3.2 and (3.3) are a group of boolean algebra expressions
that characterizes the dynamic of all possible states for a vehicle from
time t to arrive at cell (i.j) at time t+ 1. Here, the auxiliary variable x̂ is
introduced to form as an activation for this arrival dynamic, which means
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if no vehicle occupied cell (i, j) at t + 1, we do not need to enforce any
traffic condition at time t. These constraints look redundant but are useful
in some cases, which will be mentioned later. In particular, there are four
possible cases when the cell (i, j) becomes occupied at time t + 1 based
on the state at time t, that is cell (i, j) is occupied with a vehicle at speed
level 0, cell (i, j − 1) is occupied with a vehicle at speed level 1 without
lane changing, cell (i, j− 2) is occupied with a vehicle with speed level 2,
and cell (i− 1, j− 1) is occupied with a vehicle with speed level 1 and lane
changing, and cell (i− 1, j− 2) is occupied with a vehicle with speed level
2 and lane changing. Similarly, Constraint 3.4 characterizes the dynamic
of all possible states at the next time step when a vehicle departs from the
cell (i.j). In addition, we consider the case when i = −1 as that for i = 1
to simplify the expression.

Moreover, the direction information follows a similar pattern. We have

ziju(t+1) =ziju(t+1)ẑiju(t+1), (3.5)

ẑiju(t+1) =yij0tzijut

+ ᾱi(j−1)tyi(j−1)1tzi(j−1)ut

+ yi(j−2)2t(z̄i(j−1)t + zi(j−1)tyi(j−1)2t)zi(j−2)ut

+ α(i−1)(j−1)ty(i−1)(j−1)1tz(i−1)(j−1)ut (3.6)

+ α(i−1)(j−2)ty(i−1)(j−2)2tz(i−1)(j−2)ut

(
z̄(i−1)(j−1)utz̄i(j−1)ut

)
,

zijut =zijutẑijut, (3.7)

ẑijut =yij0tziju(t+1)

+ ᾱijtyij1tzi(j+1)u(t+1)

+ yij2tzi(j+2)u(t+1)

+ αijtyij1tz(i−1)(j+1)u(t+1)

+ αijtyij2tz(i−1)(j+2)u(t+1)
(
z̄(i−1)(j+1)utz̄i(j+1)ut

)
. (3.8)
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This indicates that vehicles will not change their desired directions under
management.

As for the speed, the dynamic is relatively complicated as it involves
acceleration and deceleration,

yijv(t+1) =yijv(t+1)ŷijv(t+1), ∀v ∈ V , (3.9)

ŷij1(t+1) =ᾱi(j−1)tyi(j−1)1txi(j−1)tβ̄i(j−1)t

+ (yij0txijtβijtγijt

+ yi(j−2)2t(x̄i(j−1)t + xi(j−1)tyi(j−1)2t)

·xi(j−2)tβi(j−2)tγ̄i(j−2)t)

+ α(i−1)(j−1)ty(i−1)(j−1)1tx(i−1)(j−1)tβ̄(i−1)(j−1)t, (3.10)

ŷij0(t+1) =yij0txijtβ̄ijt + ᾱi(j−1)tyi(j−1)1txi(j−1)tβi(j−1)tγ̄i(j−1)t

+ α(i−1)(j−1)ty(i−1)(j−1)1tx(i−1)(j−1)tβ(i−1)(j−1)tγ̄(i−1)(j−1)t,
(3.11)

ŷij2(t+1) =yi(j−2)2t(x̄i(j−1)t + xi(j−1)tyi(j−1)2t)xi(j−2)tβ̄i(j−2)t

+ ᾱi(j−1)tyi(j−1)1txi(j−1)tβi(j−1)tγi(j−1)t

+ α(i−1)(j−1)ty(i−1)(j−1)1tx(i−1)(j−1)tβ(i−1)(j−1)tγ(i−1)(j−1)t

+ α(i−1)(j−2)ty(i−1)(j−2)2tx(i−1)(j−2)t

· β̄(i−1)(j−2)t
(
x̄(i−1)(j−1)tx̄i(j−1)t

)
. (3.12)
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yijvt =yijvtŷijvt, ∀v ∈ V , (3.13)

ŷij1t =ᾱijtyi(j+1)1(t+1)xi(j+1)(t+1)β̄ijt

+ (yi(j+1)0(t+1)xi(j+1)(t+1)βijtγ̄ijt

+ yi(j+1)2(t+1)xi(j+1)(t+1)βijtγijt)

+ αijty(i−1)(j+1)1(t+1)x(i−1)(j+1)(t+1)β̄ijt, (3.14)

ŷij0t =yij0t(yij0(t+1)xij(t+1)β̄ijt

+ ᾱijtyij1(t+1)xij(t+1)βijtγijt, (3.15)

ŷij2t =yi(j+2)2(t+1)xi(j+2)(t+1)(x̄i(j+1)t + xi(j+1)tyi(j+1)2t)β̄ijt

+ ᾱijtyi(j+2)1(t+1)xi(j+2)(t+1)

·(x̄i(j+1)t + xi(j+1)tyi(j+1)2t)βijtγ̄ijt

+ αijty(i−1)(j+2)2(t+1)xi(j+2)(t+1)β̄ijt. (3.16)

Here, for each speed level, the first term shows the condition when the
speed level remains; the second term shows the speed level is reached
from acceleration/deceleration; the third and fourth terms show the lane
change operation. Note that here we assume the lane change can happen
at speed level 1 and speed level 2. Speed level 2 is the free-flow speed.
Recall that we introduced the auxiliary Boolean variables, which is ŷijvt in
Constraint 3.13. The introduction of ŷijvt is to allow yijvt being 0 while the
right hand side of Constraint 3.14 can be 1. First, when yijvt is 1, Constraint
3.13 enforces ŷijvt to be 1 as well, which implies there is no impact on
introducing ŷijvt at all. Constraint 3.14 just describes the dynamic of the
vehicle at cell (i, j), that is all possible cells the vehicle may reach in the
next time step. When yijvt is 0, i.e., no vehicle at cell (i, j) at time t, the
introduction of ŷij1t relaxes the right hand side of Constraint 3.14 to be
any value, either 0 or 1. This is necessary. For example, if one vehicle is
located at its nearby cell (i−1, j), and changes lane at time t, it will result in
yi(j+1)1(t+1) = 1 and xi(j+1)(t+1) = 1. Since there is no vehicle at cell (i, j),
there is no lane change ᾱijt = 1 nor speed change, i.e., β̄ijt = 1. Hence
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the first term on the right hand side of Constraint 3.14 will take 1 as its
value. Hence if ŷij1t is not introduced, this constraint will ban the lane
change of nearby cells. To avoid similar potential issues, we just introduce
the auxiliary Boolean variables for each vehicle dynamic constraint.

Next, we provide the criteria for the boundary conditions.
Boundary and Initial conditions.
Besides the management strategy provided above, we provide the

boundary condition. First, we consider the constraints related to J−, i.e.,
incoming vehicles for this road segment. Because a rolling-horizon method
is used, which can update the newly arrived vehicles at each time step, we
simply neglect the impact of future incoming vehicles when we solve each
planning horizon, i.e., assuming the boundary condition for incoming
vehicles is always 0. In addition, we consider the constraints related to
J+, i.e., vehicles that have passed the intersection. Recall that n = 0, 1, 2
represents Red, Through, and Left phases, respectively, and u = 0, 1, 2
represent Through Left and Right desired direction of vehicles. Hence, let
ηiun be the capability of a vehicle passing the intersection under various
combinations of direction and signals, we have

ηiun =



1, if u = 0,n = 1,

1, if u = 1,n = 2,

1, if u = 2,n = {0, 1, 2}, i = 0,

0, otherwise.

(3.17)

Here, the first case indicates that the through traffic can pass at the through
phase, the second case is that the left traffic passes at the left phase, while
the third case is that the right traffic can pass at any phase at the right lane.
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Then, for i ∈ I, t ∈ T\{T }we have

xiJ(t+1) =
∑

n∈N,u∈U

snitηiun(xi(J−1)tyi(J−1)1tzi(J−1)ut

+
(
x̄i(J−1)t + xi(J−1)tyi(J−1)2t

)
xi(J−2)tyi(J−2)2tzi(J−2)ut), (3.18)

which involves the cases that the traffic passing through the intersection
at speed level 1 and 2.

Considering the traffic rules, where vehicles should not change lanes
near the intersection, we add the following constraint.

αijt = 0, j ∈ {J− J0, J− J0 + 1, ..., J− 1}, (3.19)

where J0 is the length of the region where the lane change is forbidden.
Then we discuss about the initial condition. Suppose at time t = 0, the

traffic state is observed as {x0
ij,y0

ijv, z0
iju} for i ∈ I, j ∈ J, v ∈ V ,u ∈ U. Then

we simply have

xij0 =

x0
ij, j ∈ J,

0, j ∈ J− ∪ J+,
(3.20)

yijv0 =

y0
ijv, j ∈ J,

0, j ∈ J− ∪ J+,
(3.21)

ziju0 =

z0
iju, j ∈ J,

0, j ∈ J− ∪ J+.
(3.22)

Variable Feasibility.
Note that only if a vehicle occupies the cell (i, j), i.e., xijt = 1, the cell

can have other meaningful states and movements, such as speed, direction,
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and speed/lane change. Hence,∑
v∈V

yijvt = xijt, (3.23)∑
u∈U

zijut = xijt, (3.24)

αijt ⩽ xijt, (3.25)

βijt ⩽ xijt. (3.26)

To maintain the count of vehicles stable, we need to apply the conservation
law, ∑

i∈I,j∈J∪J−∪J+

xijt +
∑

i∈I,τ∈{0,1,...,t−1}

xiJτ = M0, (3.27)

where the first term is the total number of vehicles on the road segment,
the second term is the total number of vehicles that have passed the inter-
section, and M0 is the initial number of vehicles.For notional connivance,
we define C0(x,y, z,α,β,γ) as the constraint set containing all constraints,
i.e., Constraints 3.2 - 3.27. Therefore, the management strategy, i.e., the
Sorting Problem, can be modeled as the following binary programming,

(SP) max
x,y,z,α,β,γ∈C0(x,y,z,α,β,γ)

∑
i∈I,t∈T

wx(t)xiJt

−
∑

i∈Ij∈J,t∈T

(cα(j)αijt + cββijt)

−
∑

i∈Ij∈J,t∈T ,v∈{0,1}

cy(v)yijvt.

Rolling-Horizon Scheme
Note that SP handles the scenario of complete information, i.e., all

vehicle information is given at the beginning as initial conditions. The
optimal decision will be the control of all vehicles over T . However, new
vehicles will always arrive in the system in reality. Hence, we will need to



22

extend the above strategy to be adaptive concerning any arrival scenarios.
In theory, as the states of arrival vehicles are uncertain, the optimal

management policy should be obtained through a stochastic programming
structure, which leads to a huge problem scale and intractability. Given the
practical need, we consider an adaptive rolling-horizon strategy. Suppose
we solve a problem with the entire time horizon TL = {0, 1, ..., Tmax} with a
rolling horizon length T + 1. Let T(τ) = {τ, τ+ 1, ..., τ+ T } be the moving
planning horizon starting at τ. For demonstration convenience, we define
the time index mapping Γ(t; τ) = t− τ to convert the actual time index t

to the corresponding time index inside the moving horizon T(τ). Then we
have Rolling-Horizon SP Algorithm (5.2). Step 0: At time 0, initialize the
planning horizon T = T(0); obtain the state of all vehicles in the sorting
area {x0

ij,y0
ijv, z0

iju} and signal phase {snt}t∈T(0);
Step 1: At time τ, solve SP within planning horizon T(τ), and obtain

management strategy {αijΓ(t;τ),βijΓ(t;τ),γijΓ(t;τ)}t∈T(τ) ;
Step 2: Utilize the one-step movement {αijΓ(0;τ),βijΓ(0;τ),γijΓ(0;τ)} and

vehicle dynamics constraint to obtain {xijΓ(1;τ), yijvΓ(1;τ), zijuΓ(1;τ)} as new
vehicle states;

Step 3: Update the initial vehicle state {x0
ij,y0

ijv, z0
iju}←the combination

of {xijΓ(1;τ),yijvΓ(1;τ), zijuΓ(1;τ)} and new arrivals;
Step 4: Update τ← τ+ 1; update the rolling horizon to T(τ),and the

signal phase to {snΓ(t;τ)}t∈T(τ);
Go back to Step 1 until τ+T > Tmax. With Algorithm (5.2), our strategy

can be applied to an infinitely long time of management scenarios. The
overarching framework of management strategy is shown in Fig. 3.3.

Linearization reformulation

Note that the above formulation of SP contains Boolean algebra equations
which are not linear. Fortunately, we can simply convert them into corre-
sponding linear forms. In particular, for constraints with multiplications
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Figure 3.3: Management Strategy

of arbitrary many binary variables, i.e., y = Πp
ξ=1xξ we have its equivalent

linear constraints reformulation as follows.

w ⩾
p∑

ξ=1

xξ − p+ 1,

w ⩽ xξ, ∀ξ,

w ∈ {0, 1}.

Hence, SP is equivalent to a linear integer programming problem, which
can be solved by commercial solvers such as Gurobi. For modeling con-
ciseness, we omit the reformulation of each nonlinear constraint with
multiplications.

Methodology Extension

Our framework is easy to be extended into various scenarios. In this
section, we show a series of extension examples, which include but are not
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limited to multi-lane, mixed traffic, and downstream congestion scenarios.
Each extension scenario is revised based on the basic case we introduced
above. The combination of different extension scenarios can also be easily
incorporated but is omitted here.

Multi-Lane Road Segment
We first extend the above basic model into its multi-lane version. In

particular, we need to modify the road geometry, slightly adjust the vehicle
dynamic for changing lanes, and revise the boundary condition. Objective
and Constraints that haven’t mention remain the same as the basic case.

To capture the road geometry of multi-lane in general, we extend the
index of each cell into (i, j), where i ∈ I := {imin, imin + 1, ......, imax −

1, imax}, while j ∈ J−, J, J+ remain the same as the two-lane case.
Further, we extend the vehicle dynamic constraints of lane changing

in the multi-lane scenario. Note that vehicles on the side lanes such as
lane imin and lane imax can only change lanes to one direction, i.e., lane
imin + 1 and imax − 1. Respectively, while vehicles on other mid-lanes i ∈
I\{imin, imax} can change lanes to two directions. For notation convenience,
we set imin − 1 takes the value of imin + 1 in the corresponding subscript.
Thus, vehicle dynamic Constraints 3.2 - 3.4 are revised as follows.
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xij(t+1) =xij(t+1)x̂ij(t+1), (3.28)

x̂ij(t+1) =



yij0txijt + ᾱi(j−1)tyi(j−1)1txi(j−1)t

+yi(j−2)2t(x̄i(j−1)t + xi(j−1)tyi(j−1)2t)xi(j−2)t

+α(i+1)(j−1)ty(i+1)(j−1)1tx(i+1)(j−1)t

+α(i−1)(j−1)ty(i−1)(j−1)1tx(i−1)(j−1)t

+α(i+1)(j−2)ty(i+1)(j−2)2tx(i+1)(j−2)t
(
x̄(i+1)(j−1)tx̄i(j−1)t

)
+α(i−1)(j−2)ty(i−1)(j−2)2tx(i−1)(j−2)t

(
x̄(i−1)(j−1)tx̄i(j−1)t

)
,

i ∈ I\{imin, imax},

yij0txijt + ᾱi(j−1)tyi(j−1)1txi(j−1)t

+yi(j−2)2t(x̄i(j−1)t + xi(j−1)tyi(j−1)2t)xi(j−2)t

+α(i−1)(j−1)ty(i−1)(j−1)1tx(i−1)(j−1)t

+α(i−1)(j−2)ty(i−1)(j−2)2tx(i−1)(j−2)t
(
x̄(i−1)(j−1)tx̄i(j−1)t

)
,

i = {imin, imax},
(3.29)



26

xijt =xijtx̂ijt (3.30)

x̂ijt =



yij0txij(t+1)

+ᾱijtyij1txi(j+1)(t+1)

+yij2txi(j+2)(t+1)

+αijtyij1tx(i+1)(j+1)(t+1)

+αijtyij1tx(i−1)(j−1)(t+1)

+αijtyij2tx(i+1)(j+2)(t+1)
(
x̄(i+1)(j+1)tx̄i(j+1)t

)
+αijtyij2tx(i−1)(j+2)(t+1)

(
x̄(i−1)(j+1)tx̄i(j+1)t

)
,

i ∈ I\{imin, imax},

yij0txij(t+1)

+ᾱijtyij1txi(j+1)(t+1)

+yij2txi(j+2)(t+1)

+αijtyij1tx(i−1)(j+1)(t+1)

+αijtyij2tx(i−1)(j+2)(t+1)
(
x̄(i−1)(j+1)tx̄i(j+1)t

)
,

i = {imin, imax}.

(3.31)

Constraints for the desired direction {zijut} and speed information {yijvt},
i.e., Constraints 3.5 – 3.16, are revised correspondingly with a similar
pattern, which are omitted here due to the page limit.

As for the boundary conditions with multi-lanes, we adjust Constraints
3.17 from the basic case as follows to show only the rightest lane allows
right turn during the through phase,

ηiun =



1, if u = 0,n = 1,

1, if u = 1,n = 2,

1, if u = 2,n = {0, 1, 2}, i = imin,

0, otherwise.

(3.32)
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We summarize the above revised constraints for the multi-lane scenario
and denote them by CML(x,y, z,α,β,γ). Therefore, the management
strategy for the multi-lane scenario can be modeled as the following prob-
lem.

(MLSP) max
x,y,z,α,β,γ∈CML(x,y,z,α,β,γ)

∑
i∈I,t∈T

wx(t)xiJt

−
∑

i∈Ij∈J,t∈T

(cα(j)αijt + cββijt)

−
∑

i∈Ij∈J,t∈T ,v∈{0,1}

cy(v)yijvt.

Mixed Traffic
Besides the multi-lane scenario, we further extend the basic model

into its mixed traffic version, that is the traffic can include both CAVs and
human-driven vehicles (HDVs). In particular, we add another set of vehi-
cle dynamic constraints for HDVs. To differentiate CAVs with HDVs, we in-
troduce a superscript for each decision variables as xtype,ytype, ztype,αtype,βtype,γtype, type ∈
{CAV ,HDV}. Further, for notation convenience, we further define xijt as
the value of xCAV

ijt + xHDV
ijt , which helps the boundary conditions and

variable feasibility remain a similar form of the basic model. The other
decision variables yijvt,zijut,αijt,βijt,γijt are set correspondingly with a
similar pattern.

Since HDVs will not follow a centralized control strategy, and in many
states changing lanes close to the intersection is illegal (such as Ohio
and Arizona) we assume that HDVs should not change lanes when they
approach an intersection.magenta

αHDV
ijt = 0, j ∈ {J− j∗, J− j∗ + 1, ......J− 1}.

Here, j ∈ {J− j∗, J− j∗+1, ......J−1} is the corresponding area where HDVs
should not change lanes.
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Note that due to the existence of both CAVs and HDVs, we need to
revise the vehicle dynamics at speed level 2. Thus, Constraints 3.2 -- 3.4
are revised based on the type of vehicles as follows.

xtypeij(t+1) =xtypeij(t+1)x̂
type
ij(t+1), (3.33)

x̂typeij(t+1) =ytype
ij0t xtypeijt

+ ᾱtype
i(j−1)ty

type
i(j−1)1tx

type
i(j−1)t

+ ytype
i(j−2)2t(x̄ijt + xijtyij2t)x

type
i(j−2)t

+ αtype
(i−1)(j−1)ty

type
(i−1)(j−1)1tx

type
(i−1)(j−1)t

+ αtype
(i−1)(j−2)ty

type
(i−1)(j−2)2tx

type
(i−1)(j−2)t

(
x̄type(i−1)(j−1)tx̄

type
i(j−1)t

)
,

(3.34)

xtypeijt =xtypeijt x̂typeijt , (3.35)

x̂typeijt =ytype
ij0t xtypeij(t+1)

+ ᾱtype
ijt ytype

ij1t xtypei(j+1)(t+1)

+ ytype
ij2t xtypei(j+2)(t+1)

+ αtype
ijt ytype

ij1t xtype(i−1)(j+1)(t+1)

+ αtype
ijt ytype

ij2t xtype(i−1)(j+2)(t+1)

(
x̄type(i−1)(j+1)tx̄

type
i(j+1)t

)
. (3.36)

Constraints for the desired direction {zijut} and speed information {yijvt},
i.e., Constraints 3.5 – 3.16, are revised correspondingly with a similar
pattern, which are omitted here due to the page limit.

We summarize the above revised constraints for the mixed-traffic sce-
nario and denote them by CMix(x,y, z,α,β,γ). Therefore, the manage-
ment strategy for the mixed-traffic scenario can be modeled as the follow-
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ing problem.

(MixSP) max
x,y,z,α,β,γ∈CMix(x,y,z,α,β,γ)

∑
i∈I,t∈T

wx(t)xiJt

−
∑

i∈Ij∈J,t∈T

(cα(j)αijt + cββijt)

−
∑

i∈Ij∈J,t∈T ,v∈{0,1}

cy(v)yijvt.

Downstream Congestion
Furthermore, we extend the basic model to consider the possible down-

stream congestion. We only need to focus on the boundary condition, the
rest constraints remain the same as the basic case.

We introduce a binary indicator s ′it to capture the downstream traffic
condition, where it takes 1 if the downstream traffic is not congested, and
0, otherwise. Then, Constraint 3.18 can be revised as follows,

xiJ(t+1) =
∑

n∈N,u∈U

s ′itsnitηiun(xi(J−1)tyi(J−1)1tzi(J−1)ut

+
(
x̄i(J−1)t + xi(J−1)tyi(J−1)2t

)
xi(J−2)tyi(J−2)2tzi(J−2)ut).

Here, vehicles will be blocked at the intersection if the downstream traffic
is congested, i.e., s ′it = 0 , even if the signal is green snit=1.

We summarize the above revised constraints for the possible down-
stream congestion scenario and denote them byCDC(x,y, z,α,β,γ). There-
fore, the management strategy for the possible downstream congestion
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scenario can be modeled as the following problem.

(DCSP) max
x,y,z,α,β,γ∈CDC(x,y,z,α,β,γ)

∑
i∈I,t∈T

wx(t)xiJt

−
∑

i∈Ij∈J,t∈T

(cα(j)αijt + cββijt)

−
∑

i∈Ij∈J,t∈T ,v∈{0,1}

cy(v)yijvt.

3.3 Case Study
In this section, we conduct a series of case studies to show the effectiveness
of the proposed sorting strategy. To achieve this goal, we first provide
a benchmark case and illustrate the detailed operations over the entire
sorting area step-by-step. Then, a sensitivity analysis is conducted to
reveal interesting managerial insights. Later on, the sorting strategy is
compared with several scenarios, such as those without any management
strategies. All algorithms are solved by Gurobi on a desktop computer
with i7-10700F CPU @2.90 GHz and 16.0GB RAM.

First, the fundamental settings in the benchmark case are as follows.
We set a road segment with two lanes with a speed limit of 12 m/s (≈26.8
mph). This sorting area is set to a grid withmagenta 6 m length for each
cell and ten columns of cells in total (i.e., 60 m), which guarantees one
vehicle can pass one cell per second at the speed limit. Let the time unit
be one second and the length for a rolling planning horizon be 15 seconds.
The cycle of the signal phases is 60 seconds with 30 seconds green phase
and 30 seconds red phase. In addition, the length of the region forbidding
lane changes is set to 2 cells (12 m) ahead of the intersection.

To validate the correctness of our proposed sorting strategy, we con-
sider a simple benchmark case, where the through and left-turn phases
are both 15 seconds. The new vehicles arriving in the sorting area are
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assumed to be random at a certain probability for each lane at each step,
called the arrival rate. We set the arrival rate to be 0.7 in the benchmark
case. In addition, we investigate two representative cases for vehicles with
different directions. Traditionally, a two-lane road segment with Left-turn
and Through traffic is usually split into two dedicated lanes, where the
left lane only allows Left-turns and the right lane allows Through and
Right-turn traffic. Hence, the arrival vehicles must follow the restrictions
of lanes, i.e., Left-turn traffic arrives at the left lane, while the other traffic
arrives at the right lane. We name this scenario of arrival vehicles as “tradi-
tional input”. For the traditional input case, we set the turning movement
ratio as Through: Right-turn = 5:2. On the other hand, the design of the
sorting strategy can allow more flexible traffic arrivals. There is no need
to enforce the vehicles on the left (right) lane to be Left-turn (Right-turn
or Through) traffic through coordinated lane changes. Hence, we allow
the traffic with different directions to arrive at both lanes. We name this
scenario “random input.” For the random input case, we set the turning
movement ratio as Through: Left-turn: Right-turn = 5:7:2 to reach a simi-
lar turning movement ratio with traditional input. Based on these settings,
a sample result of the proposed sorting algorithm is shown in Fig.5.4 for
demonstration convenience. Since there are 30 seconds for the red phase,
where vehicles are almost waiting and not moving, we show the traffic
state and operations during the green phase. In these figures, the bird
view of the sorting area is plotted for each time step, the driving direction
of vehicles is from left to right, and the intersection is on the right end of
the road.

Specifically, the 11 columns in each bird view plot correspond to the
whole sorting area (Columns 0-9) and the exiting buffer zone (Column
10). A vehicle occupying a specific cell is plotted with colors, showing its
speed status (where “red” indicate stop, “yellow” indicate speed level 1,
and “green” indicate speed level 2). The arrow on each vehicle indicates
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its desired direction. The light in the front/back of each vehicle shows its
acceleration/declaration action. In addition, the lane change actions are
illustrated by arrows across the cells (where solid arrows indicate the lane
change action and hollow arrows indicate the vehicle just finished the lane
change). Graphics, including crossmark and arrows with directions, in the
right gray area, shows the corresponding signal phases at that particular
time step.

Fig.?? shows the green phase example under sorting for a traditional
input case. It is observed that from time 59 to time 64, on the Through
phase, those Left-turn vehicles gather and wait in the left lane. Mean-
while, Through and Right-turn vehicles gather in the right lane to pass the
intersection, intuitive. Interestingly, Left-turn vehicles leave a cell at the
left lane just before the intersection to pass more Through and Right-turn
vehicles under sorting operations. A more interesting sorting pattern can
be seen from time 71 to time 74. Since the signal phase switches from the
Through to the Left-turn at time 75, those Left-turn vehicles are wisely
sorted and grouped in advance at the front of the sorting area to maximize
the utilization in the following phase.

Similar sorting patterns are also observed in the result of the random
input case, as shown in Fig.??. Intuitively, since the incoming vehicles are
not located based on their desired directions, more actions of lane change
are necessary.

To choose hyper-parameters in the objective function mentioned in
Equation (5.18), we conduct a series of sensitivity analysis by introducing
a variable k. The k is set to vary from 10−6 to 10 with the common ratio 10.
The result is shown in Table (5.2). After sensitivity analysis, we choose
hyper-parameters with the largest throughput. Thus, we set wx(t) =
103(15−t)

15 , cα(j) = j, cβ = 10−5, cy(0) = 10−3, and cy(1) = cy(2) = 0 as
hyper-parameters.The average computational time for solving the Rolling-
Horizon SP is controlled to less than one second.
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Figure 3.4: Sample Results of Sorting for a Traditional Input Case
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Figure 3.5: Sample Results of Sorting for a Random Input Case
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(a) Throughput (b) Lane Change Rate per CAV

(c) Speed Change Rate per CAV (d) Impact of Sorting Area Length

Figure 3.6: Performance comparison with and without implementing the
sorting strategy under varying arrival rates.
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Throughput
k wx(t) =

105(15−t)
15 k cα(j) = jk cβ = k cy(0) = k

0 - 1760 1637 1043
10−6 1600 1555 1886 1842
10−5 1654 1782 2046 1923
10−4 1645 1700 2034 1880
10−3 1720 1811 1985 2046
10−2 2046 1609 1967 1695
10−1 1991 1877 1877 1717

1 1934 2046 1540 1542
10 1968 1963 1335 1434

Benchmark: wx(t) = 103(1 − 1
15t), cα(j) = j, cβ = 10−5,

cy(0) = 10−3, and cy(1) = cy(2) = 0.

Table 3.1: Sensitivity Analysis

Moreover, to evaluate the effectiveness of the proposed sorting strategy,
we compare its performance with the corresponding counterpart without
using the sorting strategy. To remove the lane change impact, we focus on
traditional input when no sorting strategy is implemented, denoted by the
No-Sorting case. First, to investigate the impact of different arrival rates,
the other parameters remain the same as the benchmark case. The arrival
rate is set to vary from 0.1 to 0.9 with 0.1 intervals. For demonstration
convenience, we define the number of vehicles passing through the inter-
section per hour as throughput and the average number of lane changes
and speed changes per vehicle as lane change rate” and “speed change
rate”, respectively. Due to the uncertainty of incoming traffic states, we
run the Monte Carlo simulation ten times for each case, with 300 seconds,
i.e., 300 time-step for every single run.

The results are shown in Fig.??. For each case, the mean values of
Monte Carlo simulation results are plotted as curves to show the trend.
Comparing the performance between the sorting and the no-sorting cases,
we find that the sorting strategy always increases the throughput. Espe-
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cially when the arrival rate is above 0.5, i.e., the traffic is relatively busy, the
throughput improvement under the sorting strategy is significant. The re-
sult shows that it achieves the maximum throughput (i.e., 2046) when the
arrival rate is 0.9, and the improvement from the benchmark throughput
(i.e., 1624) is about 26%magenta On the other hand, we also investigate the
impact of the sorting area length. The variation of the sorting area length
is set to 60m (10 cells), 90m (15 cells), and 120m (20 cells). We choose
0.9 as the arrival rate and the other parameters remain the same as the
benchmark case, The result is shown as the last figure in Fig.??. It shows
that with the increasing sorting area length, the throughput improvement
of the proposed sorting strategy increases. In particular, the throughput
improvement for a 120m sorting area can reach over 44%.

Next, we further investigate the impact of signal phases and the ratio
of vehicle directions. We fixed the 30s red phase and the arrival rate to be
0.7, under a random input setting. Three representative cases of signal
phases are selected, including the Left-turn dominating phase “T5L25”
(i.e., 5s Through phase, 25s Left-turn phase,), the balanced phase “T15L15”
(i.e., 15s Through phase, 15s Left-turn phase), and the Through dominat-
ing phase “T25L5” (i.e., 25s Through phase, 5s Left-turn phase). As for
the vehicle direction, we also select five representative direction portfo-
lios, including the count-balanced direction case “111” (i.e., Through:Left-
turn:Right-turn = 1:1:1), signal-balanced case “121” (Through:Left-turn:Right-
turn = 1:2:1), right-turn dominating case “118” (Through:Left-turn:Right-
turn = 1:1:8), Left-turn dominating case “181” (Through:Left-turn:Right-
turn = 1:8:1), and Through dominating case “811” (Through:Left-turn:Right-
turn movement = 8:1:1).

Based on these settings, Table 4.3 shows the result under different com-
binations of signal phases and direction ratios. First, for the throughput,
it is observed that Through movement dominating case “811” and Right-
turn movement dominating case “118” show the same trend, increasing
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Table 3.2: Performance among Different Turning Movement Ratio with
Different Signal Phases.

Ratio of Vehicle Directions Signal Phase Throughput Lane Change Rate Speed Change Rate
(Through:Left-turn:Right-turn) (Through:Left-turn) Max Mean Min Max Mean Min Max Mean Min

1:1:1
T5L25 1416 1291 1200 0.5 0.4 0.4 3.2 3.1 2.7

T15L15 1908 1761 1596 0.5 0.5 0.4 3.6 3.4 3.1
T25L5 1680 1404 1068 0.5 0.5 0.3 4.1 3.8 3.2

1:1:8
T5L25 2652 2558 2496 0.6 0.5 0.5 2.4 2.4 2.3

T15L15 2784 2625 2532 0.6 0.5 0.5 2.6 2.4 2.2
T25L5 2940 2620 2184 0.6 0.5 0.5 2.8 2.4 2.2

1:2:1
T5L25 1608 1459 1356 0.3 0.3 0.2 3.4 3.1 2.9

T15L15 1884 1706 1620 0.5 0.4 0.2 3.4 3.0 2.7
T25L5 1128 1022 960 0.4 0.4 0.4 3.1 2.9 2.5

1:8:1
T5L25 1956 1876 1788 0.4 0.4 0.4 3.2 2.9 2.7
T15L15 1596 1526 1428 0.4 0.3 0.3 3.8 3.5 3.3
T25L5 852 792 744 0.3 0.2 0.1 4.2 3.9 3.7

8:1:1
T5L25 900 830 756 0.5 0.5 0.4 3.4 3.3 4.0

T15L15 1644 1574 1488 0.5 0.5 0.4 3.8 3.5 3.4
T25L5 2016 1912 1764 0.6 0.4 0.3 4.4 4.1 3.9

(a) Multi-lane Scenario (b) Mixed-Traffic Scenario(c) Downstream Conges-
tion Scenario

Figure 3.7: Extended Scenarios

with the increasing time of the Through phase. Since the Right-turn traffic
can pass the intersection at any phase, the throughput of Case “118” is
much larger than others, given its dominating Right-turn traffic. Moreover,
the Left-turn dominating case “181” has the opposite trend. These two
balanced cases, “111” and “121”, have the best performance of through-
put at the balanced phase. Hence the throughput highly depends on the
alignment of signal timing and the traffic direction.

As for the lane change rate and the speed change rate are almost the
highest overall signal phases, these two balance turning movement cases,
“111” and “121”. This is mainly due to random input, where a balanced
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ratio of directions generates more complicated direction states. Comparing
the three turning movements dominating case, the Left-turn dominating
case (“181”) under the Through-turn dominating phase needs more speed
change.

Extended Scenarios

Furthermore, we conduct a case study for extended scenarios proposed in
Section 3.2 to show the generality of our framework.

For the multi-lane scenario, we use a three-lane road segment as an
example. The other parameters remain the same as the benchmark case.
We vary for the “traditional input” to fit the multi-lane, Left-turn vehicles
can arrive on the left and middle lane, Right-turn vehicles can only arrive
on the right lane, and Through vehicles can arrive at any lane.

The example output for the multi-lane scenario is shown in Fig. 3.7a.
Interestingly, the sorting pattern can be seen from time 1 to time 7. Since
the signal phase switches from the Through to the Left-turn at time 5,
those Left-turn vehicles are wisely sorted and grouped in advance at the
front of the sorting area to maximize the utilization in the following phase.

Next, for the mixed-traffic scenario, the other parameters remain the
same as the benchmark case. We consider a 4-columns length (24 m) area
close to the intersection where HDVs should not change lanes. In addition,
we set the mixed traffic ratio CAV: HDV as 1:1. An example result is shown
in Fig. (3.7b). Although HDVs are uncontrollable, mixed traffic platoons
led by CAVs can follow the sorting strategy and indirectly manage HDVs.

For the downstream congestion scenario, with the same parameters
set as the benchmark case with the traditional input, we consider a down-
stream congestion period with three seconds, which is shown in Fig. (3.7c).
The downstream congestion happens from time 3 to time 5,magenta where
through and left traffic are blocked at the intersection temporarily, even if
the signal is green.
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3.4 Conclusion and Future Work
In summary, this research established a modeling framework for pure CAV
traffic passing through intersections and proposed a rolling time-horizon
based CAV sorting strategy to improve the intersection capacity. Given
the signal timing for multiple phases, all CAVs with different desired
directions can optimally coordinate without additional infrastructure sup-
port. To find the best coordination strategy, a mixed-integer programming
model with Boolean logic constraints can characterize critical features of
the CAV behaviors. Then, an accelerated rolling time-horizon algorithm
can be solved by commercial solvers to yield real-time decisions, which can
be utilized in practice. A series of numerical experiments have shown that
the improvement of the proposed sorting strategy is significant compared
with traditional intersections without coordination, especially when the
traffic is relatively busy.

There are two major limitations to this study. The first is the description
of detailed vehicle dynamics due to the grid representation, such as the
heterogeneity of the vehicle length.The second is the scalability of the
model. We leave them for future research. For example, we can embed
the continuous vehicle dynamic models on top of the grid system and
develop an advanced heuristic algorithm to accelerate the algorithm in
large-scale instances. Furthermore, the work can also be extended to
incorporate more complex traffic scenes such as those with multi-direction
and multi-intersection.
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4 cell transmission model based macroscopic
cav control for signalized intersections

This chapter proposes a novel macroscopic control approach. Unlike tradi-
tional microscopic control, this approach considers the collective behavior
of vehicles and employs the Cell Transmission Model (CTM) to model
traffic dynamics efficiently. The contribution of the model includes the de-
velopment of a CTM-based CAV control model that integrates lateral and
longitudinal control using cells, a rolling-horizon-based solution method
for real-time coordination of CAVs, and the demonstration of significant
capacity enhancement at signalized intersections through numerical ex-
periments, along with robustness and reliability across diverse traffic
conditions.

4.1 Introduction
Connected automated vehicles (CAVs) possess vehicle-to-vehicle (V2V)
and vehicle-to-infrastructure (V2I) communication capabilities, enabling
them to exchange information with their surroundings. Alongside the au-
tomation features of CAVs, these advancements allow for precise individ-
ual vehicular-level control. By that, traffic systems have been brought with
the potential to significantly enhance their effectiveness of traffic systems
via vehicular cooperative control strategies. Despite the rapid progress
witnessed in CAV-enabled transportation systems in recent years(Sharma
and Zheng, 2021), signalized intersections, which are vital components
of urban traffic, continue to experience congestion. This congestion stems
from the underutilization of lanes and green time. Therefore, there is
still substantial room for improvement in the efficiency of CAV-enabled
intersections through better coordination of CAVs.

The prevailing research on employing CAV technology at intersections
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can be largely classified into two main categories. The first category con-
centrates on optimizing individual vehicle trajectories to improve traffic
flow. Researchers are evaluating diverse control algorithms to efficiently
direct CAVs through intersections, with a specific emphasis on reducing
stops, minimizing delays, and enhancing overall traffic performance (Li
et al., 2021a; Chen et al., 2021b; Dong et al., 2022; Mirheli et al., 2018). Con-
currently, the second category aims to increase intersection capacity by
addressing challenges related to limited green light duration and optimal
lane utilization. Various methods to boost capacity through coordinated
efforts of CAVs are under active investigation, including adjusting indi-
vidual vehicle control based on signal phases to maximize lane utilization
and green light time (Wu and Qu, 2022; Yao et al., 2022a).

While for pure CAV scenarios, these approaches have shown promise
in improving intersection performance, but challenges are also posed for
large-scale implementation. As the scale of CAV systems increases, the
computational time required for individual control becomes a significant
hindrance, limiting real-time responsiveness essential for practical applica-
tions. Consequently, an alternative approach is urgently needed to address
these challenges and achieve efficient and scalable control of CAVs. This
substitute approach must encapsulate both effectiveness and scalability,
allowing for optimal control over CAVs in various traffic scenarios.

In addressing the challenges associated with traffic management for
CAVs, a macroscopic approach is adopted. Specifically, cell Transmission
Model (CTM) (Daganzo, 1995, 1994) is utilized, segmenting roadways
near intersections into cells for modeling traffic flow and density. This per-
spective enables a comprehensive understanding of traffic dynamics and
the development of scalable and efficient control strategies for CAVs. The
connected automated flow control (CAFC) method centers on the CTM
framework as shown in Figure 5.1. Road segments near intersections are
divided into pre-sorting, sorting, and post-sorting areas. In the pre-sorting
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Figure 4.1: Connected automated flow control

area, traffic flows of different movements are separated and directed to-
wards the sorting area. Here, traffic alignment in each cell corresponds
with a specific direction, as determined by signal timing, to optimize green
time and lane usage. The post-sorting area, conceptualized as a virtual
segment, manages vehicles that have passed the intersection. The aim is
to improve multilane, signalized intersection efficiency by aligning CAV
movements with signal phases, using a macroscopic control approach.
This strategy optimizes throughput by regulating cell inflow and outflow,
ensuring traffic flow aligns with signal timings and complies with traffic
laws. The approach, formulated as a quadratic programming problem,
is efficiently solvable by modern solvers, representing a breakthrough in
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scalable traffic management for CAV environments.
The subsequent sections of this paper are structured as follows. Section

2 offers an extensive literature review on the subject. In Section 3, we
present a comprehensive description of the scenario-based intersection
model, addressing the cooperative control problem. The outcomes of
the numerical experiments are presented in Section 4. Finally, Section 5
concludes our work, highlighting its contributions, and explores potential
avenues for future research.

4.2 Literature Review
Systems, methods, and algorithms to comprehensively improve intersec-
tion efficiency have been a subject of research for several decades. One
area of research focuses on improving signal timing under various traffic
conditions, as documented in previous studies (Sawake and Borkar, 2017;
Guo et al., 2019). More recently, researchers have begun exploring pre-
signal traffic management as a potential solution. A well-known approach
in this domain is the pre-signal system (Xuan et al., 2011), which proposes
a tandem design to aggregate traffic in the same direction, allowing them
to pass through the intersection efficiently through pre-sorting between
the pre-signal and the intersection signal. While this system has shown
benefits in improving intersection capacity, it also introduces the need for
new infrastructure, potentially leading to new traffic bottlenecks and even
worsening traffic conditions, particularly if human-driven vehicles do not
adapt well to the complex signal system.

With the development of vehicle automation and communication,
CAVs are brought with the ability to achieve precise control manifested
by longitudinal (Zhou et al., 2019; Han et al., 2020; Chen et al., 2021a)
and lateral control (Wang et al., 2014a; Zhou et al., 2017a; Wang et al.,
2021) to achieve car following and lane keeping or lane changing driving
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tasks in a precise and efficient manner. The longitudinal control, widely
known as Cooperative Cruise Control system, are shown to improve traffic
efficiency, throughput and stability(Gong et al., 2016; Öncü et al., 2014;
Shi et al., 2021; Zhou et al., 2020). Lateral control, on the other hand,
ensures the smoothness of vehicle trajectory and improves the lane change
safety(Wang et al., 2014a; Zhou et al., 2017a; Wang et al., 2021; Bevly et al.,
2016). Not limited to the research above, which focused on the freeway
scenarios, V2I communication enables CAVs to be precisely cooperatively
controlled with infrastructure, which shows great potential to increase
the efficiency of signalized intersections by vehicle and signal timing co-
ordination (Qian et al., 2021; Xu et al., 2017; Li et al., 2021b), though the
majority of research mainly focus on optimizing the vehicles’ trajectory
in single-lane, single-phase scenarios (Zhou et al., 2017b; Li et al., 2018;
Jiang et al., 2017; Dong et al., 2021).

Due to the advantages offered by pre-signal traffic management and
the continuous development of CAV technology, recent studies have ex-
plored the incorporation of the sorting idea from the pre-signal system
into microscopic CAV control. Notably, Wu et al. (2021) addressed the
sorting of a constant number of CAVs before passing through a signalized
intersection. Furthermore, Yao et al. (2022a) established a microscopic
control approach for uncertain CAV traffic with a sorting strategy based
on cooperative signal timing.

However, it is important to note that all the aforementioned research
primarily focuses on microscopic control, which presents challenges in
terms of computation time and scalability. The computational time re-
quired for individually controlling a large number of vehicles becomes
a critical concern, especially as the scale of CAV systems increases. The
computational complexity becomes a bottleneck, hindering real-time re-
sponsiveness for practical implementation.

To address the limitations posed by the microscopic control approach,
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researchers have considered a macroscopic perspective that encompasses
the collective behavior of vehicles rather than focusing on each individual
vehicle. One of the approaches employed to achieve this macroscopic
view is the CTM, which is a finite differences approximation based on
hydrodynamic theory, providing a practical representation of traffic flow
and density (Daganzo, 1995, 1994). It employs a piecewise linear function
to describe the FD of traffic flow, which convergently approximates a
reduced form of the Lighthill-Whitham-Richards (LWR) hydrodynamic
model (Lighthill and Whitham, 1955; Richards, 1956).

The value of CTM extends to versatile applications in dynamic traffic
scenarios with CAVs. Notably, researchers have integrated CTM to opti-
mize signal timing for CAVs (Yao et al., 2022b; Al Islam et al., 2020; Tajalli
et al., 2020). Multiclass CTM builds on this, effectively analyzing mixed
traffic scenarios with human-driven and autonomous vehicles (Levin and
Boyles, 2016b; Pi et al., 2019; Ngoduy et al., 2021). These studies address
complexities introduced by autonomous vehicles, such as reduced follow-
ing headways, increased capacity, and enhanced backward wave speed.
For example, Levin and Boyles (2016b) developed a model accommodat-
ing variations in capacity and backward wave speed based on vehicle
proportions. Pi et al. (2019) extended this to a spatio-temporal model
considering travel modes and vehicle classes, while Ngoduy et al. (2021)
proposed a dynamic system optimum formulation for a multi-class dy-
namic traffic assignment problem. Simultaneously, researchers leverage
CTM for dynamic lane reversal strategies tailored to autonomous vehicles,
aiming to alleviate traffic congestion and enhance intersection utilization
(Duell et al., 2016; Levin and Rey, 2017). Levin and Rey (2017) introduced
a CTM formulation for dynamic lane reversal, offering insights for both
single-link scenarios and network-wide implementation with stochastic
demand. Building on this, Duell et al. (2016) explored the impact of au-
tonomous vehicles on traffic management, emphasizing dynamic lane
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reversal to optimize lane configurations in real time. Together, these stud-
ies provide crucial perspectives on applying CTM to address challenges
in traffic flow dynamics, particularly in the context of autonomous vehicle
integration. However, these works do not fully explore the potentials of
CAVs in terms of control, especially in a constrained environment (e.g.,
signalized intersection).

Given these limitations and gaps, there is a pressing need to effectively
address the scalability challenges and unlock the full potential of CAV-
enabled intersections. Hence, we propose a CAFC method based on the
customized CTM, to sort the CAVs with pre-signal philosophy and from a
macroscopic perspective. The detailed method is given in the following
section.

4.3 Methodology

Problem Setting

We consider a typical four-leg signalized intersection, focusing on the
approach of a single leg. This particular approach to the intersection is
assumed to be exclusively Connected and Autonomous Vehicles (CAVs).
For the sake of demonstration, we assume that the CAV-only traffic con-
sists solely of left-turn and through movements. Although more intricate
scenarios, such as those involving right-turn or U-turn vehicles, can be
readily extrapolated from this framework, we’ve chosen to omit them here
for simplicity. Given this setup, the signal phases for this intersection only
need to contain left-turn and through movements. In order to maximize
the intersection’s capacity by leveraging the controllability of CAVs, we
don’t set specific movement constraints for each lane. In other words,
both left-turn and through movements are allowed to use any lane as
they traverse the intersection, provided the signal allows it. While this
approach can make full use of the lane capacity during the respective



48

Table 4.1: Notation of parameters and variables

Notation Description
I Set of cells in the road segment
I− Set of cells in pre-sorting area
I+ Set of cells in post-sorting area
Iαi ; Iα̃i ; Iᾱi Upstream neighbor set; Upstream set with lane-changing; Upstream set with-

out lane-changing
Iβi ; Iβ̃i ; Iβ̄i Downstream neighbor set; Downstream set with lane-changing; Downstream

set without lane-changing
T ; τ Set of discrete time points; Starting time index for the rolling-horizon strategy
P;pt Set of signal phases; Signal phase at time t
D Set of desired directions for vehicles
nidt Number of vehicles in cell i with desired direction d at time t
yijdt Traffic flow from cell i to cell j with desired direction d at time t
rijdt Receiving flow from cell i to cell j with desired direction d at time t
sijdt Sending flow from cell i to cell j with desired direction d at time t
kidt Traffic density in cell i with desired direction d at time t
qijdt Traffic flow rate from cell i to cell j with direction d at time t
zidt Binary auxiliary variable indicating the number of desired direction of traffic

in the cell
mijdt Binary auxiliary variable preventing conflict during lane changing
bout(t) Time-dependent bonus term for vehicles passing through intersection
bin Bonus coefficient for vehicles driving into the sorting area
γ Penalty coefficient for lane changes
vf Desired free-flow speed
v Speed of CAVs
w Shockwave speed
qmax Maximum flow rate
kj Jam density
g0 Minimum spacing between CAVs

signal phases, it necessitates sophisticated operations for each CAV to
prevent blockages. For clarity and consistency in our presentation, the
notations used throughout this paper are consolidated in Table 5.1.

Specifically, we consider a fixed-length planning horizon, denoted by
t ∈ T := {0, 1, . . . , T }. At each time t ∈ T, we provide the CAV moving
strategy for both longitudinal and lateral control. Following our early
work (Yao et al., 2022a), we extend the per-vehicle control strategy into
a more practical and scalable version, which is a discretized grid-based
modeling framework as follows.
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Road Geometry
To address the challenges of large-scale CAV control strategies, we

adopt a macroscopic method instead of focusing on individual CAV ac-
tions. We draw inspiration from the well-known Cell Transmission Model
(CTM), an established method in traffic flow analysis (Daganzo, 1994,
1995). The CTM allows us to represent the control of CAVs in groups, each
distinguished by its intended direction, e.g., left-turn or straight-through
movement. These groups can then cross the intersection collectively.

In particular, as illustrated in Figure 4.2a, we partition the targeted
upstream road segment’s lanes into a grid of uniform cells. This differs
from conventional CTMs, where a cell typically encompasses multiple
lanes; in our model, each cell corresponds to a single lane. As a result, a
lane is depicted as a sequence of cells, with each cell’s width matching the
lane’s width. The length of a cell is determined by the distance a vehicle
travels at its free-flow speed in a one time unit. This structure allows
for a unique indexing of each cell in the grid with i ∈ I := {0, 1, . . . , I}.
Central to our method is the development of a control strategy for each
cell, representing a group of CAVs sharing the same movement (left-
turn/straight-through). We call the CAV group control strategy "Sorting",
and the cells within I are referred to as the "Sorting Area".

However, the incoming CAV traffic usually consists of mixed move-
ments. The first step, therefore, is to segregate this mixed-movement CAV
traffic into separate cells, such that each cell contains only one movement.
For this purpose, we introduce the concept of the "Pre-Sorting Area,"
located just before the sorting area. This is represented as a column of ad-
ditional cells at the entrance of the sorting area and is denoted by I−. In this
manner, CAVs situated within a cell in I− that have mixed movements can
be organized, with their specific movements separated in the subsequent
time step, enabling them to reach the first column of cells in the sorting
area. Additionally, for the sake of modeling convenience, we also monitor
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the CAVs that have passed through the intersection, using extra cells for
this purpose. This is called the "Post-Sorting Area," and is denoted by I+.
Conceptually, this is viewed as a virtual zone without capacity constraints,
accommodating all traffic that has traversed the intersection.

With the aid of the CTM, the longitudinal and lateral behaviors of CAVs
can be described by transitions between adjacent cells. To facilitate this, we
categorize the cells involved in such transitions as neighboring sets. For
each cell i, its upstream neighbors are represented by the set Iαi , while its
downstream neighbors are denoted by I

β
i . For any given cell i, traffic from

any cell in Iαi can transition to cell i in the next time step. Likewise, traffic
within cell i can advance to any cell in the downstream neighbor set Iβi in
the subsequent time step. To distinguish between traffic that changes lanes
and traffic that does not, we partition the downstream neighbor set Iβi into
two subsets: Iβ̃i and I

β̄
i . The subset Iβ̃i comprises cells accessible by traffic

that undergoes a lane change from cell i. In contrast, Iβ̄i consists of cells
reachable without any lane changes from cell i. Similarly, the upstream
neighbor sets Iα̃i and Iᾱi are both subsets of Iαi . The configuration of these
neighbor sets is illustrated in Figure 4.2.

Signal State
To reflect the changes in signal phases, we represent them with the

parameter pt ∈ P := {−1, 0, 1}. Here, 0 indicates the "Red" phase, −1
denotes the "Through" phase, and 1 is the "Left-turn" phase. Note that our
modeling framework sets a fixed signal timing. Therefore, pt serves as an
input parameter to the system.

Traffic State
To describe the traffic state in cells, we let nidt be the number of vehicles

at cell i ∈ I at time t ∈ T. Here, d ∈ D := {−1, 1} represents the desired
directions of vehicles within a cell: −1 corresponds to the straight-through
direction and 1 denotes the left-turn direction. For example, n2,1,3 = 1
suggests that there is one left-turn vehicle in cell 2 at time 3. Further exten-
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(a) Decomposition of the road segment prior to the intersection

(b) Neighbor set setting

Figure 4.2: Problem setting
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sions for complicated scenarios such as those with right-turn movements
can be easily extended by adding more values to D.

Traffic Management
We assume that all CAV traffic, upon reaching the pre-sorting area,

will be fully controlled by a centralized system. Our control strategy
involves adjusting the inflow and outflow from each cell to its adjacent
cells. This adjustment includes both the quantity and direction of the CAV
flow. Specifically, the number of CAVs exiting one cell and their respective
destination cells. For each cell i ∈ I−

⋃
I at time t ∈ T, we define its flow

decision as yijdt ∈ [0, Y), where Y is the maximum flow. Here, j ∈ I
β
i

represents the downstream neighbor cell of i, and d ∈ D denotes the
direction.

Strategy Design

With all the states and decisions introduced above, we are able to describe
the cell-based CAV flow control strategy through a quadratic program-
ming framework. First, our primary goal is to maximize the number of
vehicles passing through the intersection during the planning horizon T .
In addition, we hope more CAVs can enter the pre-sorting area so that our
strategy can coordinate vehicles on a larger scale. Note that we should
limit the number of lane changes in practice without necessity hence this
would cause more energy and raise the risk of vehicle collisions. By jointly
considering these factors, we can have the following connected automated
flow control (CAFC) strategy,

max
y

bout(t)
∑

j∈I+,d∈D,t∈T

∑
i∈Iαj

yijdt (4.1)

− γ
∑

i ′∈I,t∈T ,d∈D

∑
j ′∈I

β̃

i ′

yi ′j ′dt + bin
∑

i ′′∈I−,t∈T ,d∈D

∑
j ′′∈I

β

i ′′

yi ′′j ′′dt.
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Here, the first term expresses the cumulative traffic flow that has passed
through the intersection. In order to push vehicles passing through the
intersection quickly, we introduce a time-dependent bonus term bout(t),
which decreases over time t. The second term represents the penalty for
lane changes, where γ is a positive penalty. The last term accounts for
the bonus to traffic entering the sorting area, where bin is also a positive
constant.

Then, to ensure that the CAFC strategy is feasible, we need to provide
a series of constraints.

Fundamental Diagram of CAV
The behaviors of CAVs described by transitions between adjacent cells

are characterized by the CTM. Critical parameters in the CTM can be de-
rived from the fundamental diagram (FD). Among multiple variations of
the FD, we choose the triangular FD due to its simplicity and representative
quality (Daganzo, 1994).

It’s important to note that the FD describes the macroscopic traffic
flow behavior for vehicles. The focus of our work is on CAVs, which
differ slightly from traditional Human-Driven Vehicles (HDVs). To select
the appropriate parameters for CAV traffic, we conducted a comparative
analysis of traffic dynamics between CAVs and HDVs, as illustrated in
Figure 5.2.

Figure ?? depicts the relationship between spacing and speed for both
CAVs and HDVs. A spacing-speed profile for traffic flow represents the car-
following behavior. The triangular FD corresponds to a piece-wise linear
car-following law. Initially, the following vehicle will remain stationary
when its headway to the leading vehicle is less than the minimum spacing,
denoted by g0. Subsequently, it accelerates at a constant rate to maintain
a consistent spacing with the leading vehicle, denoted by h. Finally, it
reaches the free flow speed, denoted by vf. It’s noteworthy that due to the
rapid "reaction time" of CAVs, they can maintain a shorter desired headway,
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(a) Spacing-Speed Profile (b) Triangular Fundamental
Diagram

Figure 4.3: CAV and HDV behavior comparison

resulting in reduced spacing compared to HDVs traveling at identical
speeds. Therefore, in contrast to HDV traffic, we opt for a relatively short
headway hCAV and a smaller minimal spacing g0,CAV for CAV traffic.

Given the speed-spacing car-following law, the corresponding trian-
gular FD is illustrated in Figure 5.2b. Specifically, let qmax denote the
maximum flow rate, kj represents the jam density, and w is the shock-
wave speed. The parameters in the FD can be derived from those in the
speed-spacing profile as follows:

kj =
1
g0

,

qmax =
vf

g0 + vf ∗ h
,

−w =
qmax

kj −
1

g0+vf∗h
.

The reduced minimum spacing and desired headway of CAVs result in a
slightly higher flow-density curve in the FD. This suggests that CAVs can
achieve a higher maximum flow under the same road conditions and are
less prone to congestion.

Vehicle Dynamics based on CTM
To apply CTM, we first normalize the traffic state and flow decision
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with respect to the discretization resolution. Let △ l represent the length
of each cell and △ t represent the length of the time interval. We have

yijdt = qijdt △ t, (4.2)

nidt = kidt △ l. (4.3)

Here, qijdt indicates the traffic flow rate with desired direction d from cell
i to one of the downstream cells j during one time interval t, while kidt

indicates the traffic density with desired direction d in cell i during a time
interval t.

Further, given the triangular FD, we introduce the upper and lower
bounds of traffic flow rate and traffic density as follows:

0 ⩽
∑
d∈D

qijdt ⩽ qmax, (4.4)

0 ⩽
∑
d∈D

kidt ⩽ kj. (4.5)

Here, qmax and kj are the corresponding max flow and jam density, respec-
tively, for CAVs. Note that the flow moving out from cell i is limited by
the number of vehicles in the cell. Hence,

nidt ⩾
∑

j∈N(i)

yijdt. (4.6)

Then, we describe the vehicle dynamics in the sorting area for i ∈ I and
t ∈ T . The pre-sorting areas I− and post-sorting area I+ will be discussed
separately. Based on the state of cells and vehicles, we have:

nidt = nid(t−1) +
∑
j ′∈Iαi

yj ′id(t−1) −
∑
j ′′∈I

β
i

yij ′′d(t−1). (4.7)

Here, Equation (5.7) characterizes the dynamic state of cell i from time
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t−1 to time t. Specifically, the number of vehicles in cell i at time t depends
on the number of vehicles in cell i at time t − 1, considering the traffic
flow exiting cell i (the cumulative outflow to its downstream neighbor
set) and entering cell i (the cumulative inflow from its upstream neighbor
set) during the previous time step t− 1.

Furthermore, we calculate receiving flow rijdt and sending flow sijdt

according to the CTM. If cell i and cell j are neighbors, the traffic flow from
cell i to cell j with direction d at time t depends as follows:

rijdt = min{w/vf(kj △ l−
∑
d∈D

nidt),qmax △ t}, (4.8)

sijdt = min{
∑
d∈D

nidt,qmax △ t}, (4.9)

yijdt = min{rijdt, sijdt}. (4.10)

Here, the variablew represents the CAV’s shockwave speed, and vf denotes
the CAV’s free flow speed. Equation (5.8) shows the maximum traffic flow
that cell j can receive from cell i, while Equation (5.9) characterizes the
maximum traffic flow that cell i can send to cell j. The exact traffic flow
yijdt between cell i and cell j is determined by taking the minimum value
of rijdt and sijdt.

Next, we provide the criteria for the boundary and initial conditions.
Boundary and Initial Conditions
Firstly, we consider the constraints related to the pre-sorting area I−.

To help group CAVs according to the signal phase, we set that the desired
direction d of traffic in any cell of the sorting area be with unique direction.
Note that in the pre-sorting area, the CAVs are allowed to have mixed
directions. Thus, we introduce zidt ∈ {0, 1} as a binary indicator variable,
representing if cell i at time t contains CAVs with direction d . Then, we
have

nidt ⩽ zidtnidt, (4.11)
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which activates the indicator with the traffic state. Then we use∑
d∈D

zidt ⩽ 1,∀i ∈ I,∀t ∈ T , (4.12)

to guarantee at the sorting area, CAV’s direction is exclusive.
Then we model the impact of traffic signals. Recall that pt ∈ P :=

{−1, 0, 1} represents the signal phases which include Through, Red, and
Left phases, respectively, while d ∈ {−1, 1} indicates the desired direction
of vehicles, either Through or Left, respectively. Therefore, to facilitate
the passage of traffic through the intersection during the corresponding
signal phase, we use the following conditions:

yijdt =


0 if d ̸= pt,

0 if pt = 0,

1 otherwise.

(4.13)

Considering the traffic rules, where vehicles should not change lanes near
the intersection, we add the following constraint,

yijdt = 0,∀i ∈ Iβ̃j , j ∈ I+,d ∈ D, t ∈ T . (4.14)

We also discuss the initial condition. At time t = 0, suppose the system
observes the traffic state as n0

id for i ∈ I and d ∈ D. We have

nid0 = n0
id,∀i,d. (4.15)

Variable Feasibility
Note that we have mixed directions in the pre-sorting area, the dynamic

of mixed traffic is more complicated. When mixed CAVs enter the sorting
area from the pre-sorting area, we separate the flow into two cells, hence
the are with to ensure traffic feasibility within each cell, particularly for
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Figure 4.4: Example of "crossing" lane change

cells containing mixed desired direction traffic, only vehicles with the
same speed are permitted within the cell. Thus, we have the following
conditions: ∑

j∈I
β
i

yij1tni(−1)t =
∑
j∈I

β
i

yij(−1)tni1t. (4.16)

To avoid conflict during lane changing, i.e. cannot do "crossing" lane
change, as shown in Figure 5.3, we define conflict set ((ic1 , ic2), (i ′1c, i ′2c)) ∈ F

with cells where the traffic flow could conflict when doing lane changing.
Hence, we have

yijdt = mijdtyijdt, (4.17)

∑
d∈D

mic1 ,ic2 ,d,t +mi ′1
c,i ′2c,d,t ⩽ 1. (4.18)

Here, mijdt ∈ {0, 1} is a binary variable.
For notional connivance, we define C(y,n) as the constraint set con-

taining all constraints, i.e., Constraints 5.2 - 5.17. Therefore, the connected
automated flow control problem (CAFCP) can be modeled as the follow-
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ing,

(CAFCP) max
y,n∈C(y,n)

bout(t)
∑

j∈I+,d∈D,t∈T

∑
i∈Iαj

yijdt

− γ
∑

i ′∈I,t∈T ,d∈D

∑
j ′∈I

β̃

i ′

yi ′j ′dt + bin
∑

i ′′∈I−,t∈T ,d∈D

∑
j ′′∈I

β

i ′′

yi ′′j ′′dt.

Rolling-Horizon Scheme
Note that CAFC handles the scenario of complete information, i.e.,

all traffic information is given at the beginning as initial conditions. The
optimal decision will be the control of all traffic flow over T . However,
traffic will always arrive in the system in reality. Hence, we will need to
extend the above strategy to be adaptive concerning any arrival scenarios.

To address traffic uncertainty and achieve real-time control, a time-
rolling strategy is adopted. The CAV movement strategy is planned across
the entire T, but only the action at time t = 0 is implemented. This strategy
is updated at each successive time step.

In theory, as the states of arrival traffic are uncertain, the optimal man-
agement policy should be obtained through a stochastic programming
structure, which leads to a problem scale and intractability. Given the
practical need, we consider an adaptive rolling-horizon strategy. Suppose
we solve a problem with the entire time horizon TL = {0, 1, ..., Tmax} with a
rolling horizon length of T + 1. We define T(τ) = {τ, τ+ 1, ..., τ+ T } as the
moving planning horizon starting at τ. We define a time index mapping
Γ(t; τ) = t− τ to convert the actual time index t to the corresponding time
index inside the moving horizon T(τ). Then we have Rolling-Horizon
CAFC Algorithm (5.2).

Step 0: At time 0, initialize the planning horizon T = T(0), obtain the
state of all vehicles in the sorting area n0

idt and the signal phase sntt∈T(0).
Step 1: At time τ, solve the quadratic programming problem within

the planning horizon T(τ) and obtain the management strategy yjidΓ(t;τ).
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Step 2: Use the one-step movement yjidΓ(0;τ) and the vehicle dynamics
constraint to obtain nidΓ(1;τ) as new vehicle states.

Step 3: Update the initial vehicle state n0
idt ← the combination of

nidΓ(1;τ) and new arrivals.
Step 4: Update τ ← τ + 1, update the rolling horizon to T(τ), and

update the signal phase to pΓ(t;τ)t∈T(τ)
.

Repeat Steps 1-4 until τ+ T > Tmax.
With Algorithm (5.2), our strategy can be applied to an infinitely long

time of management scenarios.

4.4 Case Study
In this section, we present a series of case studies aimed at demonstrating
the effectiveness of the proposed CAFC approach. To this end, we begin
by defining a benchmark case and providing a detailed step-by-step illus-
tration of the operations involved in the sorting area. We then proceed to
compare the performance of the CAFC against scenarios without coordi-
nation. All algorithms were executed on a desktop computer equipped
with an i7-10700 CPU operating at 2.90 GHz and 32.0GB RAM and were
solved using Gurobi optimization software.

First, we consider the fundamental settings of the benchmark case. A
road segment with four lanes is set, with a speed limit of 40 mph (≈64.4
km/h). The area is divided into a grid with 0.055 mile (≈88.5 m) length
for each cell, and a total of four columns of cells, spanning a distance of
265.5 m. This setup ensures that vehicles can pass through one cell per
unit time at the speed limit. The time unit is set to five seconds, and the
length of the rolling planning horizon is 40 seconds (i.e., 8 time steps).
The signal phases operate on a cycle of 120 seconds, with a green phase of
60 seconds and a red phase of 60 seconds.

The traffic flow in this benchmark case is uniformly distributed between
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(a) Sample results of a
traditional scenario

(b) Sample results of
an all-lanes-utilizing

scenario

Figure 4.5: Sample results comparison with and without implementing
the CAFC for a left turn from two dedicated left lanes
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(a) Space-time-speed diagram for a
traditional traffic scenario

(b) Space-time-speed diagram for
an all-lanes-utilizing scenario

Figure 4.6: Sample space-time-speed diagram comparison with and with-
out implementing the CAFC for a left turn from two dedicated left lanes

0.6 and 1 vehicle/second, with 50% of traffic flow being through traffic and
50% being left-turn traffic. To validate the correctness of our proposed
CAFC, we consider a matched signal phase case where the through and
left-turn phases are equal length, i.e., both set to 30 seconds. The minimum
spacing between vehicles is set to 5 meters, and based on the FD, the jam
density is calculated to be 324.3 veh/mile. In addition, we investigate two
representative cases for vehicles with different directions. Traditionally,
a road segment with left-turn and through traffic often has a protective
left turn from the dedicated left lanes, i.e., several of the left lanes only
allow the left turn movements and the right lanes allow through and
right-turn movements. For our example, we use two left lanes that only
allow left-turn traffic passing through the intersection and two right lanes
that only allow through traffic passing through the intersection. We refer
to this scenario as the "Traditional Case." On the other hand, for traffic
with both desired directions, all lanes can be used to pass through the
intersection. We refer to this scenario as the " All Lanes Utilizing Scenario."
It is important to note that vehicles arriving in the sorting area can use any
lane without considering their desired direction. Based on these settings,
a sample result of the proposed CAFC algorithm is shown in Figure 5.4
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for demonstration purposes. In this sample result, the arrival rate is 0.7
vehicles per second per lane. Since there are 60 seconds for the red phase,
where vehicles are almost waiting and not moving, we show the traffic
state and operations during the green phase. In these figures, the bird’s eye
view of the sorting area is plotted for each time step, the driving direction
of vehicles is from left to right, and the intersection is located at the right
end of the road.

To clarify, each bird view plot presented in the paper represents the
traffic conditions in the sorting area for a specific time step. The 6 columns
in each plot correspond to the whole sorting area (Columns 2-4), the
pre-sorting area (Columns 0), and the post-sorting area (Columns 5-6).
The grids on the plot indicate cells, and the color of the cell shows the
desired direction status of the traffic in the cell. Specifically, ”red” indi-
cates through traffic, and ”blue” indicates left-turn traffic. The density
of the stripes on the grid indicates the number of vehicles present in the
cell. Additionally, the lines between cells indicate the traffic flow between
corresponding cells, with the width of the line representing the amount
of the traffic flow. Finally, the graphics presented in the right gray area
of each plot show the corresponding signal phases at that particular time
step, with crossmarks and arrows.

Figure5.4a illustrates the effectiveness of the proposed CAFC algorithm
in an All Lanes Utilizing Scenario. It is observed that from time 47 to time
52, on the Through phase, Left-turn traffic gathers and waits in the second
left lane. Meanwhile, Through traffic gathers in the other lanes to pass the
intersection, intuitively. Remarkably, Left-turn vehicles exit a cell in the
left lane just before the intersection to pass more Through vehicles under
CAFC operations. A more interesting sorting pattern can be seen from
time 53 to time 54. Since the signal phase switches from the Through to the
Left-turn at time 54, those Left-turn vehicles are wisely sorted and grouped
in advance at the front of the sorting area to maximize the utilization in
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the following phase. On the other hand, Figure4.5a shows the example
result of the traditional scenario in the same set of vehicle input.

To facilitate demonstration, we define the number of vehicles passing
through the intersection per hour as throughput. The throughput of the
Traditional Scenario without CAFC operation is 3600 vehicles per hour,
whereas the All Lanes Utilizing Scenario with CAFC operation achieves a
throughput of 6182 vehicles per hour, indicating an improvement rate of
about 72%.

To further analyze the comparison between scenarios with and without
the implementation of CAFC, the Space-Time Speed Diagram, as depicted
in Figure 4.6, serves as a crucial visualization tool to assess the impact
of CAFC implementation on the average speed across all lanes. The dia-
gram illustrates the temporal and spatial evolution of traffic speed along
both the pre-sorting and sorting areas over seven 120-second cycles, each
comprising 60 seconds of green signal time followed by 60 seconds of red
signal time.

In comparison to the traditional scenario, i.e., without CAFC implemen-
tation, where left-turn vehicles use two dedicated left lanes (as illustrated
in Figure 4.6a), the average speeds during green signal intervals exhibit
a significant improvement when CAFC is applied, as shown in Figure
??. Figure ?? demonstrates that with the assistance of CAFC, traffic can
reach free-flow speeds (40 mph), signifying that vehicles from all lanes
can attain free-flow speeds simultaneously. In contrast, without CAFC, the
average speed is limited to approximately 20 mph during green phases, as
only half of the lanes allow vehicle passage at each green phase. Further,
as can be found that, the general speed of the system with CAFC achieves
a larger speed, demonstrating the effectiveness of the CAFC approach in
enhancing overall traffic performance at the intersection.

To select appropriate hyper-parameters for the objective function stated
in Equation (5.18), we conducted a sensitivity analysis by introducing
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Table 4.2: Sensitivity analysis

Throughput
k bout(t) =

(8−t)
8 k γ = k bin = k

0 - 4309.9 3721.7
1 3731.8 4522.8 4340.3

10 4502.5 4005.6 4147.6
50 4350.4 3062.5 4340.3

100 4046.2 3143.7 4015.8
Benchmark: bout(t) = 10(1 − 1

8t), γ = 1, bin = 1,

a variable k that varied from 0 to 100. The results of this analysis are
presented in Table (5.2). Based on the sensitivity analysis, we selected
the hyper-parameters that produced the highest throughput. Thus, we
set bout(t) = 10(8−t)

8 , γ(j) = 0, and bin = 50 as the hyper-parameters.
We ensured that the computational time for solving the Rolling-Horizon
CAFC was less than the unit time, i.e., 5 seconds.

Furthermore, to assess the efficiency of the proposed CAFC, we com-
pare its performance with the Tradition Scenario without implementing
the CAFC. To investigate the impact of varying arrival rates, we keep the
other parameters constant and vary the arrival rate from 0.2 vehicles per
second per lane to 1 vehicle per second per lane with 0.1 intervals. Recall
that we define the number of vehicles passing through the intersection per
hour as throughput. Owing to the uncertainty of incoming traffic states,
we perform the Monte Carlo simulation ten times for each case, with 360
seconds, i.e., 72-time steps for each run.

The findings from our simulations are illustrated in Figure ??. In each
case, the light grey curves represent the mean values of the Monte Carlo
simulation results, highlighting the overall trends. The blue shadow sur-
rounding the curves denotes the range of throughput observed in each
scenario, spanning from the maximum to the minimum throughput val-
ues.
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(a) Left turn from two dedicated
left lanes

(b) Left turn from a dedicated
left lane

Figure 4.7: Performance comparison with and without implementing the
CAFC

A comprehensive comparison between the Traditional Scenario and the
All Lanes Utilizing Scenario reveals that the CAFC consistently improves
throughput across all scenarios.

For instance, when the arrival rate is 0.7 vehicles per second per lane,
the throughput improvement is approximately 72%. Under the All Lanes
Utilizing Scenario, the average maximum throughput reaches 6182 ve-
hicles per hour, which significantly surpasses the traditional scenario’s
throughput of 3600 vehicles per hour. These results affirm that the pro-
posed All Lanes Utilizing Scenario, with the employment of the CAFC
approach, demonstrates superior performance compared to the traditional
approach, effectively enhancing intersection throughput and optimizing
traffic flow.

Note that the dotted line in the graph represents the theoretical maxi-
mum throughput achievable when traffic flow efficiently utilizes all avail-
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(a) Sample results of a
traditional scenario

(b) Sample results of
an all-lanes-utilizing

scenario

Figure 4.8: Sample results comparison with and without implementing
the CAFC for a left turn from a dedicated left lane
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(a) Space-time-speed diagram of a
traditional scenario

(b) Space-time speed diagram of an
all-lanes-utilizing scenario

Figure 4.9: Sample space-time-speed diagram comparison with and with-
out implementing the CAFC for a left turn from a dedicated left lane

able lanes with the largest possible amount of traffic flow at each green
second. Figure ?? demonstrates that at relatively low arrival rates (< 0.4),
the throughput using the CAFC approach closely approaches the theoreti-
cal maximum throughput. Even during relatively busy traffic conditions,
when compared to the traditional scenario, the CAFC approach remains
competitive.

Furthermore, it is imperative to consider a real-life scenario character-
ized by a protected left turn from a dedicated left lane configuration. In
this specific scenario, a single lane is exclusively designated for left-turn
traffic, while the remaining three lanes are for through traffic. Notably, the
direction ratio for left-turn traffic to through traffic is altered to 1:3, which
matches the ratio of the lane allocation, in conjunction with matched signal
phases comprising 45 seconds for the left-turn phase and 15 seconds for
the through phase. All other parameters are retained at the benchmark
values.

To visually illustrate the effectiveness of the proposed CAFC approach
in this left turn from a dedicated left lane scenario, Figure ?? and Figure
4.9 provides a graphical representation. In contrast, Figure 4.8a depicts
the outcome of the traditional scenario under identical vehicle input con-
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Table 4.3: Performance among different turning movement ratios with
various signal phases

Scenario Ratio of Vehicle Directions Signal Phase Throughput
(Through:Left-turn) (Through:Left-turn) Min Mean Max

All Lanes Utilizing
1:5 T10L50 4500 5142 5505
2:4 T20L40 5400 5621 6030
3:3 T30L30 6075 6172 6435
3:1 T45L15 5700 5892 6045

Traditional Scenario 3:3 T30L30 3600 3600 3600
3:1 T45L15 4230 4433 4500

ditions. We can also get the same conclusion for the effectiveness of the
CAFC, and the improvement is also significant even though the left-turn
ratio is different.

Moreover, our investigation extends to examining the influence of
fluctuating arrival rates. While keeping all other parameters constant, we
systematically vary the arrival rate from 0.2 vehicles per second to 1 vehicle
per second, in intervals of 0.1. Figure ?? presents the outcomes of this
analysis, demonstrating that the CAFC consistently enhances throughput
across all scenarios. For instance, when the arrival rate is 0.7 vehicles per
second per lane, the observed throughput improvement is approximately
32.5%. Under the All Lanes Utilizing Scenario, the average maximum
throughput reaches 5962.5 vehicles per hour, significantly exceeding the
traditional scenario’s throughput of 4500 vehicles per hour. Remarkably,
these results closely align with those of the benchmark case, in which the
left turn from two dedicated left lanes underscores the robustness of the
CAFC algorithm across varying traffic conditions.

Next, we further investigate the impact of several key factors on the
performance of the proposed CAFC algorithm. To ensure the reliability
and consistency of our analyses, we maintained all parameters other than
the ones under investigation at values identical to those in the benchmark
case. Then compare the performance between the "All Lane Utilizing"
scenario, i.e., under the operation of CAFC, while the traditional scenario
remained uncoordinated.
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To assess the impact of varying direction ratios while maintaining
matched signal phases on algorithm performance, we conducted an exten-
sive series of simulations. This inquiry involved four distinct direction ratio
scenarios: one direction traffic extreme dominating case, we use left-turn
traffic dominating case as an example, ’15’ (representing a Through:Left-
turn ratio of 1:5); one direction traffic relative dominating case, we use
left-turn traffic relative dominating case as an example,’24’ (indicating a
2:4 ratio); the count-balanced direction case,’33’ (equivalent to a 3:3 ratio);
and left turn from a dedicated left lane case, ’31’ (corresponding to a 3:1
ratio). To facilitate a direct comparison with the two traditional scenarios
one featuring a ’33’ scenario with Left turns from two dedicated left lanes,
and the other characterized by Left turns from a dedicated left lane we
incorporated an additional ’31’ scenario (3:1 ratio).

In addition to assessing direction ratios, we also explored matched
signal phase configurations. These configurations included ’T10L50’ (10
seconds Through phase, 50 seconds Left-turn phase), ’ T20L40’ (20 sec-
onds Through phase, 40 seconds Left-turn phase), ’T30L30’ (30 seconds
Through phase, 30 seconds Left-turn phase), and ’T45L25’ (45 seconds
Through phase, 15 seconds Left-turn phase). Through Monte Carlo simu-
lations conducted for each scenario 5 times, we assessed the performance
of the CAFC, focusing primarily on throughput as a key performance
metric.

The findings, as presented in Table 4.3. First and foremost, the results
consistently showcase that, regardless of the specific direction ratio, the
adoption of the CAFC algorithm consistently yields higher throughput in
the All Lanes Utilizing scenario. This pervasive enhancement in intersec-
tion throughput underscores the robustness and consistency of CAFC in
its capacity to enhance intersection capacity.

Moreover, the investigation underscores the commendable perfor-
mance of CAFC across a diverse range of vehicle direction ratios when



71

(a) Performance is impacted by the
length of the sorting area

(b) Performance is impacted by the
number of steps in each horizon

Figure 4.10: Performance influenced by different factors

aligned with suitably matched signal phases. This inherent adaptability
and versatility exhibited by CAFC in accommodating various direction
ratios further underscore its potential as a viable and effective solution for
optimizing traffic at signalized intersections.

Furthermore, we conducted an analysis to examine the impact of the
length of the sorting area and the number of steps for each rolling horizon,
on the throughput. Surprisingly, our findings indicate that these factors do
not significantly affect the throughput. The results, as illustrated in Figure
4.10a and Figure ??, reveal that the largest variation in throughput is caused
by the length of the sorting area, i.e., the number of cells, ranging from
6 cells to 11 cells, is approximately 5.5%. Similarly, the largest variation
caused by the number of steps in the rolling horizon, ranging from 6
time steps (30 seconds) to 10 time steps (50 seconds), is approximately
3.7%. These findings suggest that the proposed CAFC remains effective
and robust across different configurations of the sorting area and rolling
horizon. Therefore, the sorting approach exhibits promising performance
regardless of the specific length of the sorting area or the number of steps
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in the rolling horizon.

4.5 Conclusion and Future Work
In this study, we proposed a novel CAFC approach specifically designed
for CAVs at signalized intersections. The primary objective of this ap-
proach is to enhance traffic efficiency and increase intersection capacity
by better coordinating CAVs and intersections. By considering the collec-
tive behavior of CAVs, we developed a CTM-based control model, which
manages the inflow and outflow for each cell of CAV traffic via a holistic op-
timization. The problem is neatly formulated as a quadratic programming
problem that can solved efficiently by a prevailing solver in real time. This
macroscopic control approach was particularly valuable in addressing the
limitations associated with microscopic control, such as scalability and
computation time challenges, especially in scenarios where the number of
coordinated CAVs is large. To ensure real-time coordination of CAVs and
to handle uncertain vehicle arrivals, we developed a rolling-horizon-based
solution method. Our approach demonstrated remarkable robustness, as
evidenced by its minimal sensitivity to parameter variations, making it
effective and reliable across various traffic conditions.

The results from our numerical experiments have further confirmed
the effectiveness of our proposed approach, showing substantial improve-
ments in intersection throughput, particularly in heavy traffic conditions,
the throughput improvement can achieve approximately 72%. Our model
successfully achieved better utilization of lanes and green time, leading to
significantly enhanced traffic flow efficiency.

In conclusion, the CAFC approach integrated with the CTM frame-
work offers a promising solution to increase intersection throughput and
improve traffic efficiency for CAVs. By considering the collective behavior
of vehicles and optimizing traffic flow, our research contributes to the
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development of more efficient and scalable control strategies. This study
lays the groundwork for further exploration and implementation of macro-
scopic control for CAVs in urban traffic management systems, providing
valuable insights for transportation authorities and researchers in the field.
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5 connected automated traffic management for
freeway weave section

This chapter we present a novel traffic flow management strategy for opti-
mizing the performance of highway interchanges, particularly focusing
on the weaving sections. Leveraging the concept of connected automated
vehicles (CAVs) and advanced control algorithms, the strategy aims to
enhance intersection throughput, minimize congestion, and improve over-
all traffic efficiency. Through a series of case studies, sensitivity analyses,
and Monte Carlo simulations, the effectiveness of the proposed strategy is
thoroughly evaluated under various traffic conditions and arrival rates.
Results demonstrate consistent improvements in throughput and traffic
flow dynamics, highlighting the superior performance of the proposed
strategy compared to traditional approaches.

5.1 Introduction
For several decades, transportation research has primarily focused on ad-
vancing systems, methodologies, and algorithms aimed at enhancing the
efficiency of weave sections on freeways. These segments, where traffic
streams converge and diverge, pose significant challenges for optimizing
traffic flow due to the potential for congestion and reduced capacity Cas-
sidy and May (1991); Liu et al. (2012). The merging and diverging of
ramp vehicles often disrupt traffic flow, resulting in various issues includ-
ing traffic oscillations Bai et al. (2022), heightened energy consumption,
and pollution Du et al. (2018), accidents Wang et al. (2015); Golob et al.
(2004), and recurrent congestion Cottrell (1998). Previous approaches
have predominantly centered on implementing active traffic management
strategies such as ramp metering Zhang and Levinson (2010); Wang et al.
(2014b) and variable speed limits Abdel-Aty and Wang (2017). Neverthe-
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less, the efficacy of these systems remains limited due to their failure to
address the stochastic nature of individual vehicle dynamics.

The emergence of connected and automated vehicles (CAVs) has in-
troduced novel avenues for augmenting the efficiency of weave sections
on freeways. Equipped with sophisticated communication and control
capabilities, CAVs offer the potential for precise vehicle coordination and
real-time traffic management Gokasar et al. (2023); Yao et al. (2023); Chen
et al. (2023). Through advancements in vehicle automation and commu-
nication technologies, CAVs can seamlessly integrate into traffic streams,
modulate speeds, and optimize lane usage to enhance overall freeway
throughput Yao et al. (2023). This transformative potential has ignited
substantial interest in leveraging CAV technology to address the challenges
associated with weave sections and bolster freeway capacity. The evolution
of vehicle automation and communication empowers CAVs to achieve
precise control both longitudinally Zhou et al. (2019); Han et al. (2020);
Chen et al. (2021a) and laterally Wang et al. (2014a); Zhou et al. (2017a);
Wang et al. (2021), enabling them to execute driving tasks such as car
following, lane keeping, and lane changing with precision and efficiency.
Longitudinal control systems, such as Cooperative Cruise Control, have
demonstrated effectiveness in enhancing traffic efficiency, throughput, and
stability Gong et al. (2016); Öncü et al. (2014); Shi et al. (2021); Zhou et al.
(2020). Conversely, lateral control mechanisms ensure the smoothness of
vehicle trajectories and enhance lane change safety Wang et al. (2014a);
Zhou et al. (2017a); Wang et al. (2021); Bevly et al. (2016). Moreover, the in-
tegration of vehicle-to-infrastructure (V2I) communication enables CAVs
to be precisely controlled in cooperation with infrastructure, exhibiting
significant potential for enhancing highway efficiency through coordi-
nated vehicle and on-ramp signal interactions. While existing research
predominantly focuses on optimizing vehicle trajectories in single-lane
ramp scenarios Zhou et al. (2017b); Li et al. (2018); Jiang et al. (2017);
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Dong et al. (2021), the application of V2I communication holds promise
for extending these benefits to more complex traffic scenarios.

Numerous researchers have investigated the potential of Connected
and Autonomous Vehicle (CAV) technology in augmenting weave section
capacity within freeway networks. In the literature, several CAV-enabled
cooperation strategies have been proposed to facilitate the merging and
diverging traffic at freeway on-ramps and off-ramps. For merge traffic at on-
ramps, researchers have concentrated on devising cooperative strategies
to optimize merging efficiency. For instance, Zhu et al. (2022a) propose a
flow-level CAV coordination strategy for multilane freeways, integrating
lane-change rules, proactive creation of merging gaps, and platooning of
ramp vehicles to enhance traffic flow stability and efficiency. Meanwhile,
Subraveti et al. (2021) present a novel approach focusing on the strategic
assignment of CAVs across lanes to induce necessary lane changes well
upstream of potential bottlenecks, thereby improving traffic throughput.
Similarly, for diverging traffic at off-ramps, researchers have developed co-
operative strategies aimed at enhancing traffic operation and safety. Zheng
et al. (2019) introduce a cooperative lane changing strategy near highway
off-ramps, utilizing CAV technology to improve traffic flow, safety, and
reduce oscillations compared to traditional strategies. Additionally, Hao
et al. (2020) address the complexities of highway weaving sections by
proposing an analytical method based on driver psychological characteris-
tics to accurately identify mandatory lane-changing processes, enhancing
lane-changing recognition for CAVs in heterogeneous traffic flow scenarios.
These strategies, as summarized in Rios-Torres and Malikopoulos (2016)
and Zhu et al. (2022b), have shown significant promise in advancing the
efficiency of weave sections within freeway networks.

Despite these advancements, the majority of strategies primarily focus
on the microscopic decisions of individual vehicles, such as trajectory
design of CAVs, while affording limited attention to macroscopic con-
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siderations like traffic flow efficiency. Furthermore, existing studies are
predominantly tailored for single-lane freeways, overlooking the preva-
lent multilane freeways where free lane-changes between mainstream
lanes are substantial. Thus, there exists a notable gap in the literature
concerning comprehensive discussions on achieving merging cooperation
in multilane freeway settings. Addressing this gap is crucial for enhancing
flow control within weave sections and maximizing the potential benefits
of CAV technology in augmenting traffic flow efficiency and safety on
freeways.

Recognizing these limitations and gaps in current research, it is imper-
ative to adequately address the complexities of multilane main lanes with
multilane on-ramps and off-ramps within weave sections to fully harness
the capabilities of CAV-enabled intersections. Therefore, we advocate for
the development of a flow control method tailored to address these specific
challenges, based on a customized Cell Transmission Model (CTM), which
enables the macroscopic management of CAVs. The subsequent section
provides a detailed exposition of this method, elucidating its intricacies
and implementation strategies.

The subsequent sections of this paper are structured as follows: In
Section 2, we present a comprehensive description of the scenario-based
weaving section model, addressing the cooperative control problem. The
outcomes of the numerical experiments are detailed in Section 3. Finally,
Section 4 concludes our work, highlighting its contributions, and explores
potential avenues for future research.

5.2 Methodology

Problem Setting

We consider a typical weave segment where vehicles entering and exiting
the highway must navigate within the same lane for a short distance, focus-
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Table 5.1: Notation of parameters and variables

Notation Description
I Set of cells in the road segment
I−; Iu−; Iv−Set of cells in pre-coordination area; Set of cells in pre-coordination area on

main road;
I+; Iu+; Iv+Set of cells in post-coordination area; Set of cells in post-coordination area on

main road; Set of cells in post-coordination area on off-ramp
Iαi ; Iα̃i ; Iᾱi Upstream neighbor set; Upstream set with lane-changing; Upstream set with-

out lane-changing
Iβi ; Iβ̃i ; Iβ̄i Downstream neighbor set; Downstream set with lane-changing; Downstream

set without lane-changing
T ; τ Set of discrete time points; Starting time index for the rolling-horizon strategy
P;pt Set of signal phases; Signal phase at time t
D Set of desired directions for vehicles
nidt Number of vehicles in cell i with desired direction d at time t
yijdt Traffic flow from cell i to cell j with desired direction d at time t
rijdt Receiving flow from cell i to cell j with desired direction d at time t
sijdt Sending flow from cell i to cell j with desired direction d at time t
kidt Traffic density in cell i with desired direction d at time t
qijdt Traffic flow rate from cell i to cell j with direction d at time t
zidt Binary auxiliary variable indicating the number of desired direction of traffic

in the cell
mijdt Binary auxiliary variable preventing conflict during lane changing
bout(t) Time-dependent bonus term for vehicles passing through intersection
bin Bonus coefficient for vehicles driving into the sorting area
γ Penalty coefficient for lane changes
vf Desired free-flow speed
v Speed of CAVs
w Shockwave speed
qmax Maximum flow rate
kj Jam density
g0 Minimum spacing between CAVs

ing on the merge and diverge of vehicles. This particular weave segment is
assumed to be exclusively Connected and Autonomous Vehicles (CAVs).
For the sake of demonstration, we assume that the CAV-only traffic consists
with two lanes on ramp, two lane off-ramp and a weave lane. Although
more intricate scenarios, such as those only content single lane on-ramp
and single lane off-ramp, can be readily extrapolated from this framework.
While this approach can make full use of the lane capacity for both main-
lines, weave lane and off-ramp, it necessitates sophisticated operations
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for each CAV to prevent blockages. For clarity and consistency in our
presentation, the notations used throughout this paper are consolidated
in Table 5.1.

Specifically, we consider a fixed-length planning horizon, denoted by
t ∈ T := {0, 1, . . . , T }. At each time t ∈ T, we provide the CAV moving
strategy for both longitudinal and lateral control. Following our early
work Yao et al., we extend a signalized intersection scenario to a highway
weave scenario, which is a discretized grid-based modeling framework as
follows.

Road Geometry
Similarity with the previous work, we adopt a macroscopic method

instead of focusing on individual CAV actions. We draw inspiration from
the well-known Cell Transmission Model (CTM), an established method in
traffic flow analysis Daganzo (1994, 1995). The CTM allows us to represent
the control of CAVs in groups, each distinguished by its intended direction,
e.g., keep on mainline or off-ramp movement.

In particular, as illustrated in Figure 5.1, we partition the targeted weave
segment’s lanes into a grid of uniform cells. This differs from conventional
CTMs, where a cell typically encompasses multiple lanes; in our model,
each cell corresponds to a single lane. As a result, a lane is depicted as a
sequence of cells, with each cell’s width matching the lane’s width. The
length of a cell is determined by the distance a vehicle travels at its free-
flow speed in a one-time unit. This structure allows for a unique indexing
of each cell in the grid with i ∈ I := {0, 1, . . . , I}. Central to our method is
the development of a control strategy for each cell, representing a group of
CAVs sharing the same movement. We call the CAV group control strategy
“Coordination,” and the cells within I are referred to as the “Coordination
Area.”

However, the incoming CAV traffic usually consists of mixed move-
ments. The first step, therefore, is to segregate this mixed-movement CAV
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traffic into separate cells, such that each cell contains only one movement.
For this purpose, we introduce the concept of the “Pre-coordination Area,”
located just before merging movement from on-ramp vehicles and it is
before the coordination area. This is represented as columns of additional
cells at the entrance of the coordination area and is denoted by I−. In this
manner, CAVs situated within a cell in I− that have mixed movements
both from the on-ramp and upstream mainline can be organized, with
their specific movements separated in the subsequent time step, enabling
them to reach the first column of cells in the coordination area. More-
over, for distinguishing vehicles on the main road and ramp, we denote
cells of the pre-coordination area on the main road as Iu−; denote cells of
the pre-coordination area on the ramp as Iv−. Additionally, for the sake
of modeling convenience, we also monitor the CAVs that have passed
through the weave segment, using extra cells for this purpose. This is
called the ”Post-coordination Area,” and is denoted by I+. Conceptually,
this is viewed as a virtual zone without capacity constraints, accommodat-
ing all traffic that has traversed the intersection. Similarly, we denote cells
of the pre-coordination area on the main road as Iu+; denote cells of the
pre-coordination area on the ramp as Iv+.

With the aid of the CTM, the longitudinal and lateral behaviors of
CAVs can be described by transitions between adjacent cells. To facilitate
this, we categorize the cells involved in such transitions as neighboring
sets. For each cell i, its upstream neighbors are represented by the set
Iαi , while its downstream neighbors are denoted by I

β
i . For any given cell

i, traffic from any cell in Iαi can transition to cell i in the next time step.
Likewise, traffic within cell i can advance to any cell in the downstream
neighbor set Iβi in the subsequent time step.

To describe the traffic state in cells, we let nidt be the number of vehicles
at cell i ∈ I at time t ∈ T. Here, d ∈ D := {−1, 1} represents the desired
directions of vehicles within a cell: −1 corresponds to the cell of vehicles
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Figure 5.1: Pre-coordination area; coordination area; Post-coordination
area

keep on the main road and 1 denotes the cell of vehicle will go down to
the off-ramp. For example, n2,1,3 = 1 suggests that there is one vehicle in
cell 2 at time 3 will pass the off-ramp.

Traffic Management
We assume that all CAV traffic, upon reaching the pre-coordination

area, will be fully controlled by a centralized system. Our control strategy
involves adjusting the inflow and outflow from each cell to its adjacent
cells. This adjustment includes both the quantity and direction of the CAV
flow. Specifically, the number of CAVs exiting one cell and their respective
destination cells. For each cell i ∈ I−

⋃
I at time t ∈ T, we define its flow

decision as yijdt ∈ [0, Y), where Y is the maximum flow. Here, j ∈ I
β
i

represents the downstream neighbor cell of i, and d ∈ D denotes the
direction.

Strategy Design

With all states and decisions introduced above, we are able to describe the
cell-based CAV flow control strategy through a quadratic programming
framework. First, our primary goal is to improve the efficiency of the
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weave segment, i.e., maximize the number of vehicles passing through the
weave segment during the planning horizon T . In addition, we hope more
CAVs can enter the pre-coordination area so that our strategy can apply
on a larger scale. Note that we should limit the number of lane changes in
practice without necessity hence this would cause more energy and raise
the risk of vehicle collisions. By jointly considering these factors, we can
have the following connected automated flow control (CAFC) strategy,

max
y

bout(t)
∑

j∈I+,t∈T

∑
i∈Iαj

yijdt (5.1)

− γ
∑

i ′∈I,t∈T ,d∈D

∑
j ′∈I

β̃

i ′

yi ′j ′dt

− γ̇
∑

i ′′∈Iv,t∈T ,d∈D

∑
j ′′∈I

β̃

i ′

yi ′′j ′′dt

+ bin
∑

i ′′′∈I−,t∈T ,d∈D

∑
j ′′′∈I

β

i ′′

yi ′′′j ′′′dt.

Here, the first term expresses the cumulative traffic flow that has passed
through the weave segment. In order to push vehicles passing through the
intersection quickly, we introduce a time-dependent bonus term bout(t),
which decreases over time t. The second term represents the penalty for
lane changes, where γ is a positive penalty. The last term accounts for the
bonus to traffic entering the coordination area, where bin is also a positive
constant.

Then, to ensure that the strategy is feasible, we need to provide a series
of constraints.

Customized Fundamental Diagram of CAV
The behaviors of CAVs described by transitions between adjacent cells

are characterized by the CTM. Critical parameters in the CTM can be de-
rived from the fundamental diagram (FD). Among multiple variations of
the FD, we choose the triangular FD due to its simplicity and representative
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quality Daganzo (1994).
It’s important to note that the FD describes the macroscopic traffic

flow behavior for vehicles. The focus of our work is on CAVs, which
differ slightly from traditional Human-Driven Vehicles (HDVs). To select
the appropriate parameters for CAV traffic, we conducted a comparative
analysis of traffic dynamics between CAVs and HDVs, as illustrated in
Figure 5.2.

Figure ?? depicts the relationship between spacing and speed for both
CAVs and HDVs. A spacing-speed profile for traffic flow represents the
car-following behavior. The triangular FD corresponds to a piece-wise lin-
ear car-following law. Initially, the following vehicle will remain stationary
when its headway to the leading vehicle is less than the minimum spacing,
denoted by g0. Subsequently, it accelerates at a constant rate to maintain
a consistent spacing with the leading vehicle, denoted by h. Finally, it
reaches the free flow speed, denoted by vf. It’s noteworthy that due to the
rapid “reaction time” of CAVs, they can maintain a shorter desired head-
way, resulting in reduced spacing compared to HDVs traveling at identical
speeds. Therefore, in contrast to HDV traffic, we opt for a relatively short
headway hCAV and a smaller minimal spacing g0,CAV for CAV traffic.

Given the speed-spacing car-following law, the corresponding trian-
gular FD is illustrated in Figure 5.2b. Specifically, let qmax denote the
maximum flow rate, kj represent the jam density, and w be the shock-
wave speed. The parameters in the FD can be derived from those in the
speed-spacing profile as follows:

kj =
1
g0

,

qmax =
vf

g0 + vf ∗ h
,

−w =
qmax

kj −
1

g0+vf∗h
.
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(a) Spacing-Speed Profile (b) Triangular Fundamental
Diagram

Figure 5.2: CAV and HDV behavior comparison

The reduced minimum spacing and desired headway of CAVs result in a
slightly higher flow-density curve in the FD. This suggests that CAVs can
achieve a higher maximum flow under the same road conditions and are
less prone to congestion.

Vehicle Dynamics based on CTM
To apply CTM, we first normalize the traffic state and flow decision

with respect to the discretization resolution. Let △ l represent the length
of each cell and △ t represent the length of the time interval. We have

yijdt = qijdt △ t, (5.2)

nidt = kidt △ l. (5.3)

Here, qijdt indicates the traffic flow rate with desired direction d from cell
i to one of the downstream cells j during one time interval t, while kidt

indicates the traffic density with desired direction d in cell i during a time
interval t.

Further, given the triangular FD, we introduce the upper and lower
bounds of traffic flow rate and traffic density as follows:

0 ⩽
∑
d∈D

qijdt ⩽ qmax, (5.4)
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0 ⩽
∑
d∈D

kidt ⩽ kj. (5.5)

Here, qmax and kj are the corresponding max flow and jam density, respec-
tively, for CAVs. Note that the flow moving out from cell i is limited by
the number of vehicles in the cell. Hence,

nidt ⩾
∑
j∈I

β
i

yijdt. (5.6)

Then, we describe the vehicle dynamics in the coordination area for
i ∈ I and t ∈ T . The pre-coordination areas I− and post-coordination area
I+ will be discussed separately. Based on the state of cells and vehicles,
we have:

nidt = nid(t−1) +
∑
j ′∈Iαi

yj ′id(t−1) −
∑
j ′′∈I

β
i

yij ′′d(t−1). (5.7)

Here, Equation (5.7) characterizes the dynamic state of cell i from time
t−1 to time t. Specifically, the number of vehicles in cell i at time t depends
on the number of vehicles in cell i at time t − 1, considering the traffic
flow exiting cell i (the cumulative outflow to its downstream neighbor
set) and entering cell i (the cumulative inflow from its upstream neighbor
set) during the previous time step t− 1.

Furthermore, we calculate receiving flow rijdt and sending flow sijdt

according to the CTM. If cell i and cell j are neighbors, the traffic flow from
cell i to cell j with direction d at time t depends as follows:

rijdt = min{w/vf(kj △ l−
∑
d∈D

nidt),qmax △ t}, (5.8)

sijdt = min{
∑
d∈D

nidt,qmax △ t}, (5.9)

yijdt = min{rijdt, sijdt}. (5.10)
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Here, the variablew represents the CAV’s shockwave speed, and vf denotes
the CAV’s free flow speed. Equation (5.8) shows the maximum traffic flow
that cell j can receive from cell i, while Equation (5.9) characterizes the
maximum traffic flow that cell i can send to cell j. The exact traffic flow
yijdt between cell i and cell j is determined by taking the minimum value
of rijdt and sijdt.

Next, we provide the criteria for the boundary and initial conditions.
Boundary and Initial Conditions
Firstly, we consider the constraints related to the pre-coordination area

I−. To help group CAVs according to the different desired direction of
vehicles, we set that the desired direction d of traffic in any cell of the
coordination area be with unique direction. Note that in the coordination
area, the CAVs in the cells are only allowed to have single direction traffic.
Thus, we introduce zidt ∈ {0, 1} as a binary indicator variable, representing
if cell i at time t contains CAVs with direction d . Then, we have

nidt ⩽ zidtnidt, (5.11)

which activates the indicator with the traffic state. Then we use∑
d∈D

zidt ⩽ 1,∀i ∈ I,∀t ∈ T , (5.12)

to guarantee at the coordination area, CAV’s direction is exclusive.
Then we model the vehicle destination, i.e., keep on the main road

or down to the off-ramp. Recall that d ∈ D := {−1, 1} represents the
desired direction which include Through (keep on the main road), leave
(off-ramp). Recall, we denoted cells of pre-coordination area on the main
road as Iu−; denoted cells of pre-coordination area on the ramp as Iv−.
Therefore, to facilitate the passage of traffic through the weave segment,
we use the following conditions:



87

yijdt =


1 if d = 1 and i∈ Iu−,

1 if d = −1 and i∈ Iv−,

0 otherwise.

(5.13)

We also discuss the initial condition. At time t = 0, suppose the system
observes the traffic state as n0

id for i ∈ I and d ∈ D. We have

nid0 = n0
id,∀i,d. (5.14)

Variable Feasibility
Note that we have mixed directions in the pre-coordination area, the

dynamic of mixed traffic is more complicated. When mixed CAVs enter
the coordination area from the pre-coordination area, we separate the flow
into two cells, hence the are with to ensure traffic feasibility within each
cell, particularly for cells containing mixed desired direction traffic, only
vehicles with the same speed are permitted within the cell. Thus, we have
the following condition:∑

j∈I
β
i

yij1tni(−1)t =
∑
j∈I

β
i

yij(−1)tni1t. (5.15)

To avoid conflict during lane changing, i.e. cannot do “crossing” lane
change, as shown in Figure 5.3, we define conflict set ((ic1 , ic2), (i ′1c, i ′2c)) ∈ F

with cells where the traffic flow could conflict when doing lane changing.
Hence, we have

yijdt = mijdtyijdt, (5.16)

∑
d∈D

mic1 ,ic2 ,d,t +mi ′1
c,i ′2c,d,t ⩽ 1. (5.17)

Here, mijdt ∈ {0, 1} is a binary variable.



88

Figure 5.3: Example of "Crossing" Lane Change

For notional connivance, we define C(y,n) as the constraint set con-
taining all constraints, i.e., Constraints 5.2 - 5.17. Therefore, the connected
automated flow control problem (CAFCP) can be modeled as the follow-
ing,

(CAFCP) max
y,n∈C(y,n)

bout(t)
∑

j∈I+,d∈D,t∈T

∑
i∈Iαj

yijdt (5.18)

− γ
∑

i ′∈I,t∈T ,d∈D

∑
j ′∈I

β̃

i ′

yi ′j ′dt + bin
∑

i ′′∈I−,t∈T ,d∈D

∑
j ′′∈I

β

i ′′

yi ′′j ′′dt.

Rolling-Horizon Scheme
Note that CAFC handles the scenario of complete information, i.e.,

all traffic information is given at the beginning as initial conditions. The
optimal decision will be the control of all traffic flow over T . However,
traffic will always arrive in the system in reality. Hence, we will need to
extend the above strategy to be adaptive concerning any arrival scenarios.

To address traffic uncertainty and achieve real-time control, a time-
rolling strategy is adopted. The CAV movement strategy is planned across
the entire T, but only the action at time t = 0 is implemented. This strategy
is updated at each successive time step.

In theory, as the states of arrival traffic are uncertain, the optimal man-
agement policy should be obtained through a stochastic programming
structure, which leads to a problem scale and intractability. Given the
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practical need, we consider an adaptive rolling-horizon strategy. Suppose
we solve a problem with the entire time horizon TL = {0, 1, ..., Tmax} with a
rolling horizon length of T + 1. We define T(τ) = {τ, τ+ 1, ..., τ+ T } as the
moving planning horizon starting at τ. We define a time index mapping
Γ(t; τ) = t− τ to convert the actual time index t to the corresponding time
index inside the moving horizon T(τ). Then we have Rolling-Horizon
Algorithm (5.2).

Step 0: At time 0, initialize the planning horizon T = T(0), obtain the
state of all vehicles in the coordination area n0

idt and the signal phase
sntt∈T(0).

Step 1: At time τ, solve the quadratic programming problem within
the planning horizon T(τ) and obtain the management strategy yjidΓ(t;τ).

Step 2: Use the one-step movement yjidΓ(0;τ) and the vehicle dynamics
constraint to obtain nidΓ(1;τ) as new vehicle states.

Step 3: Update the initial vehicle state n0
idt ← the combination of

nidΓ(1;τ) and new arrivals.
Step 4: Update τ ← τ + 1, update the rolling horizon to T(τ), and

update the signal phase to pΓ(t;τ)t∈T(τ)
.

Repeat Steps 1-4 until τ+ T > Tmax.
With Algorithm (5.2), our strategy can be applied to an infinitely long

time of management scenarios.

5.3 Case Study
In this section, we conduct a series of case studies to show the effectiveness
of the proposed flow management strategy. To achieve this goal, we first
provide a benchmark case and illustrate the detailed operations over the
entire coordination area step-by-step. Then, the flow management strategy
is compared with scenarios without any coordination. All algorithms are



90

solved by Gurobi on a desktop computer with i7-10700 CPU @2.90 GHz
and 32.0GB RAM.

First, the fundamental settings in the benchmark case are as follows.
We set a weave section in highway road segment with two-lane main
lane, two-lane on-ramp and two lane off-ramp with a speed limit of 70
mph (≈112.65 km/h). This coordination area is set to a grid with 0.097
mile (≈155 m) length for each cell and three columns of cells in total (i.e.,
465 m), which guarantees vehicles can pass one cell per unit time at the
speed limit. Let the time unit be five seconds and the length for a rolling
planning horizon be 40 seconds (i.e., 8 unit times). Traffic flow of this
benchmark is under the uniform distribution from 0.6 vehicle/second to 1
vehicle/second with 50% exiting vehicle and 50% continuing vehicle.

The traffic flow in this benchmark case is uniformly distributed between
0.6 and 1 vehicle/second, with 50% of traffic flow being continuing traffic,
i.e., wherever they come continuing on the mainline and 50% being exiting
traffic, i.e., exiting on the off-ramp. To validate the correctness of our
proposed strategy, we consider a case where besides the same desired
direction ratio between vehicle input on mainline and ramp, demand from
upstream on mainline and ramp is also the same. The minimum spacing
between vehicles is set to 5 meters, and based on the FD, the jam density
is calculated to be 324.3 veh/mile.

In this research, we investigate two representative cases by applying
our proposed management strategy, with full coordination and partial
coordination. The difference between these two cases is that with full co-
ordination, all vehicles in the weaving section are controlled, while in the
partial coordination case, only freeway interchange traffic under coordina-
tion, i.e., freeway to freeway traffic without coordination, freeway to ramp
traffic with coordination, ramp to freeway vehicle under coordination until
vehicle drive into the freeway.

Based on these settings, a sample result of the proposed algorithm is
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(a) Sample results of
with coordination

(b) Sample results of
with partial
coordination

Figure 5.4: Sample results comparison with coordination and partial coor-
dination
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(a) On-ramp (b) Auxiliary lane

(c) Mainline (d) Off-ramp

Figure 5.5: Time-space diagram with coordination

(a) On-ramp (b) Auxiliary lane

(c) Mainline (d) Off-ramp

Figure 5.6: Time-space diagram with partial coordination
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shown in Figure 5.4 for demonstration purposes. In this sample result, the
arrival rate is 0.8 vehicles per second per lane. In these figures, the bird’s
eye view of the sorting area is plotted for each time step (5 seconds), and
the driving direction of vehicles is from left to right.

To clarify, each bird view plot presented in the paper represents the
traffic conditions in the coordination area for a specific time step. The 8
columns in each plot correspond to the whole weaving section (Columns
3-5), the pre-coordination area (Columns 0-1), and the post-sorting area
(Columns 6-8). The grids on the plot indicate cells, and the color of the
cell shows the desired direction status of the traffic in the cell. Specifically,
”blue” indicates continuing traffic (continuing driving on the freeway),
and ”red” indicates exiting traffic. The density of the stripes on the grid
indicates the number of vehicles present in the cell. Additionally, the lines
between cells indicate the traffic flow between corresponding cells, with
the width of the line representing the amount of the traffic flow.

Figure 5.4a illustrates the effectiveness of the proposed algorithm. For
merging with entering traffic, it is observed because of the existence of a
pre-coordination area to separate mixed-direction traffic, this algorithm
perfectly avoids traffic conflict caused by merging. For diverging with
exiting traffic, continuing traffic, and exiting traffic alternate occupied
the right lane of the mainline to maximum utilization of temporal and
spatial resources. To further analyze the scenarios with coordination, the
Space-Time Speed Diagram, as depicted in Figure 5.5, serves as a crucial
visualization tool to assess the impact of algorithm implementation on
the average speed across all lanes. The diagram illustrates the temporal
and spatial evolution of traffic speed along the on-ramp, auxiliary lane,
mainline, and off-ramp. Figure 5.5c and Figure 5.5a demonstrate that
traffic can reach free-flow speeds (70 mph), signifying that vehicles on
mainlines and on-ramps can attain free-flow speeds simultaneously. On
the other hand, Figure 5.4b and Figure 5.6 show the example result of the
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Table 5.2: Sensitivity Analysis

Throughput
k bout(t) =

(8−t)
8 k γ = k γ̇ = k bin = k

0 - 5846 6091 811
0.5 4927 5930 6017 5726
1 5577 5712 5906 5657
5 5937 5940 5655 5673

10 5964 5510 5798 5765
50 5844 3264 4260 5844

100 5923 2738 3276 5744
Benchmark: bout(t) = 10(1 − 1

8t), γ = 1,γ̇ = 0.5, ci = 10

partial coordination scenario in the same set of vehicle input, even though
only part of the vehicles are under coordination the sample result also
shows a similar behavior with the coordination scenario.

To facilitate demonstration, we define the number of vehicles passing
through the intersection per hour as throughput. The throughput of the
partial coordination scenario is 6436.8 vehicles per hour, whereas with
coordination scenario achieves a throughput of 7581.6 vehicles per hour,
indicating an improvement rate of about 17.7%.

To choose hyper-parameters in the objective function mentioned in
Equation (5.18), we conduct a series of sensitivity analyses by introducing
a variable k. The k is set to vary from 0 to 100. After running each case
for 5 time, the result is shown in Table (5.2). After sensitivity analysis,
we choose hyper-parameters with the largest throughput. Thus, we set
bout(t) = 10(1 − 1

8t), γ = 5, γ̇ = 0, ci = 50 as hyper-parameters. The aver-
age computational time for solving the Rolling-Horizon SP is controlled
to less than unit time, i.e., 5 seconds.

Furthermore, to assess the efficiency of the proposed strategy, we com-
pare its performance with coordination and partial coordination. To inves-
tigate the impact of varying arrival rates, we keep the other parameters
constant and vary the arrival rate from 0.4 vehicles per second per lane to
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magenta
Figure 5.7: Performance comparison with and without coordination and
control

1 vehicle per second per lane with 0.1 intervals. Recall that we define the
number of vehicles passing through the intersection per hour as through-
put. Owing to the uncertainty of incoming traffic states, we perform the
Monte Carlo simulation ten times for each case, with 300 seconds, i.e.,
60-time steps for each run.

The findings from our simulations are illustrated in Figure 5.7. In each
case, the curves with full line represent the mean values of the Monte
Carlo simulation results with coordination, highlighting the overall trends.
The blue shadow surrounding the curves denotes the range of throughput
observed in each scenario, spanning from the maximum to the minimum
throughput values. The curves with dashed lines represent the mean
values of the Monte Carlo simulation results with partial coordination,
highlighting the overall trends. The green shadow surrounding the curves
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denotes the range of throughput observed in each scenario, spanning
from the maximum to the minimum throughput values. The curves with
long and short dash lines represent the mean values of simulation results
from the Vissim for AV setting (under the same geometry and keeping
the headway and spacing the same with coordination scenario) called
without coordination, highlighting the overall trends. The yellow shadow
surrounding the curves denotes the range of throughput observed in
each scenario, spanning from the maximum to the minimum throughput
values.

Here’s the polished version of the provided text:
A comprehensive comparison between coordination and partial co-

ordination consistently enhances throughput across all scenarios. For
instance, at an arrival rate of 1 vehicle per second per lane, throughput
improves by approximately 21.6%. With coordination, the average maxi-
mum throughput reaches 7734 vehicles per hour, significantly surpassing
the throughput of 6360 vehicles per hour in the scenario without coor-
dination. These results confirm that the proposed coordination strategy
demonstrates superior performance compared to the traditional approach,
effectively optimizing traffic flow and enhancing intersection throughput.

Furthermore, a comprehensive comparison between coordination and
no coordination reveals throughput improvements across relatively busy
scenarios (>0.4 vehicles per second per lane). For instance, at an arrival
rate of 1 vehicle per second per lane, throughput improves by approx-
imately 79.6%. With coordination, the average maximum throughput
reaches 7734 vehicles per hour, significantly surpassing the throughput of
4308.5 vehicles per hour in the scenario without coordination. These find-
ings underscore the effectiveness of the proposed coordination strategy in
optimizing traffic flow and improving intersection throughput.

Figure 9 illustrates the impact of the desired direction ratio for input
vehicles on both the ramp and mainline during moderate and busy traffic
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(a) XY-plane with
coordination

(b) XZ-plane with
coordination

(c) YZ-plane with
coordination

(d) XY-plane with partial
coordination

(e) XZ-plane with partial
coordination

(f) YZ-plane with partial
coordination

(g) XY-plane without
coordination

(h) XZ-plane without
coordination

(i) YZ-plane without
coordination

Figure 5.8: Impact of desired direction ratio for input vehicles on the ramp
and mainline for moderate traffic hours (0.5 vehicle/s/lane)
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(a) XY-plane with
coordination

(b) XZ-plane with
coordination

(c) YZ-plane with
coordination

(d) XY-plane with partial
coordination

(e) XZ-plane with partial
coordination

(f) YZ-plane with partial
coordination

(g) XY-plane without
coordination

(h) XZ-plane without
coordination

(i) YZ-plane without
coordination

Figure 5.9: Impact of desired direction ratio for input vehicles on the ramp
and mainline for busy hour (0.8 vehicle/s/lane)
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hours. In the moderate traffic scenario, where the demand is 0.5 vehicles
per second per lane for both the on-ramp and mainline, the graphs are
divided into three groups: a-c represent the coordination scenario, d-e
depict partial coordination, and g-i show the scenario without coordina-
tion. Each group presents three plane projections (XY, XZ, and YZ) of
the 3D graph. Analyzing the graphs reveals that in scenarios with pre-
coordination, where traffic for different desired directions is separated, the
change in the desired direction ratio has minimal impact, showcasing the
robustness of the algorithm. Furthermore, in Figure 10, which focuses on
the busy hour scenario with increased demand (0.8 vehicles per second
per lane), it is evident that regardless of the changing ratio of desired di-
rection, coordination, and even partial coordination significantly improves
weaving section capacity.

5.4 Conclusion
In this study, we have presented a comprehensive analysis and evaluation
of a novel coordination strategy for traffic flow management in a weaving
section of a highway interchange. Leveraging advanced control techniques
and the concept of connected automated vehicles (CAVs), our proposed
strategy aims to optimize traffic flow, enhance intersection throughput,
and minimize congestion.

Through a series of case studies and sensitivity analyses, we have
demonstrated the effectiveness and robustness of the proposed strategy.
By considering both full coordination and partial coordination scenarios,
we have shown consistent improvements in throughput across various
traffic conditions and arrival rates. In particular, our strategy outperforms
traditional approaches by achieving significant enhancements in intersec-
tion throughput, even in scenarios with relatively high traffic volumes.

Overall, the results of our study underscore the potential benefits of
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integrating advanced control techniques and CAV technologies into traffic
management systems. By deploying adaptive and proactive strategies,
transportation agencies can significantly improve the efficiency, safety, and
sustainability of road networks, ultimately enhancing the overall quality
of urban mobility and driving experiences for commuters.
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6 conclusion

In summary, this research has significantly contributed to advancing traf-
fic management strategies at intersections and weaving sections through
the integration of connected automated vehicle (CAV) technologies. For
intersections, we established a modeling framework facilitating optimal
CAV coordination without the need for additional infrastructure. Using
a mixed-integer programming model with Boolean logic constraints, we
proposed a rolling time-horizon-based CAV sorting strategy, enhancing in-
tersection capacity and yielding real-time decisions through an accelerated
algorithm. Numerical experiments showcased notable improvements in
sorting strategy performance, particularly under heavy traffic conditions.
However, identified limitations include the need for a more detailed de-
scription of vehicle dynamics and scalability issues with the model. Future
research may involve embedding continuous vehicle dynamic models onto
the grid system and extending the approach to complex traffic scenarios
involving multi-direction and multi-intersection setups.

To address the scalability limitations of microscopic control, we intro-
duced a macroscopic control strategy designed specifically for CAVs at
signalized intersections. Leveraging the Cell Transmission Model (CTM),
our approach considered collective CAV behavior to optimize traffic flow,
demonstrating robustness and minimal sensitivity to parameter variations
across various traffic conditions. Numerical experiments revealed sub-
stantial improvements in intersection throughput, particularly in heavy
traffic conditions, with throughput enhancements reaching approximately
72%. This study lays the groundwork for further exploration and im-
plementation of macroscopic control strategies for CAVs in urban traffic
management systems, offering valuable insights for transportation author-
ities and researchers.

Additionally, we proposed a novel coordination strategy for traffic
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flow management in weaving sections of highway interchanges, aiming
to optimize traffic flow, enhance throughput, and minimize congestion.
Through comprehensive case studies and sensitivity analyses, our strategy
consistently improved throughput across various traffic conditions and
arrival rates, outperforming traditional approaches even under relatively
high traffic volumes. These findings underscore the potential benefits of
integrating advanced control techniques and CAV technologies into traffic
management systems, promising improvements in efficiency, safety, and
sustainability in urban mobility.
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