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1. Introduction

1.1. Motivation

The advent of connected and automated vehicle (CAV) technolo-
gies offers a transformative opportunity to enhance traffic
flow and safety, reduce energy consumption, and minimize

greenhouse gas emissions. By leveraging
connectivity and automation, CAVs have
the potential to significantly improve
transportation efficiency across various sce-
narios, particularly in complex environ-
ments such as highway on-ramp merging
points[1,2] and signalized intersections.[3]

Numerous studies have highlighted the
benefits of optimizing CAV operations
through advanced control and optimization
strategies, such as time and energy-optimal
control strategies,[4–8] game-theoretic
strategies,[9–12] and reinforcement learning
(RL)[13–16] (see refs. [17,18] for surveys).
However, these studies often assume a
complete penetration of CAVs, which is
not expected to be the reality until at least
2060.[19] Until then, CAVs must coexist
with human-driven vehicles (HDVs), creat-
ing mixed-traffic environments that pres-
ent unique challenges and opportunities.

In mixed-traffic conditions, the presence
of HDVs introduces unpredictability in
traffic flow due to the diverse driving

behaviors of human drivers. This variability poses significant
challenges for effective coordination and control of CAVs.
Individual CAVs, while beneficial, may not suffice to optimize
overall traffic conditions without coordination. For instance,
one study has demonstrated that the isolated operation of auto-
mated vehicles can lead to suboptimal traffic performance unless
the vehicles are connected and share information.[20] Thus, it
becomes imperative to develop cooperative strategies that enable
CAVs to work together to improve the entire mixed traffic
environment.

Addressing this problem involves three key challenges. First,
control methods for CAVs must incorporate human driving
behavior and interactions between CAVs and HDVs. Ignoring
these factors could lead to overly cautious CAV behavior that pri-
oritizes safety at the expense of efficiency. Second, optimizing
CAV behavior requires considering multiple CAVs and HDVs
within the control and merging zones, rather than focusing
solely on a small number of vehicles in the merging zone, to fully
harness the potential of CAVs. Finally, optimizing CAV behavior
necessitates considering a variety of standard metrics, including
safety, fuel efficiency, average travel time, and the naturalness of
vehicle movements.[21] This article seeks to address the coordi-
nation challenges of multiple CAVs in mixed traffic, using merg-
ing scenarios as a representative example. These scenarios are
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Cooperative on-ramp merging control for connected and automated vehicles
(CAVs) can significantly enhance traffic flow and fuel efficiency at highway
merging points. However, in mixed traffic scenarios where CAVs coexist with
human-driven vehicles (HDVs), the unpredictable behavior of HDVs poses
challenges to safety and coordination. While many cooperative merging strate-
gies focus on individual CAV control, fewer have addressed the coordination of
multiple CAVs in such settings. This study introduces an optimization-based
cooperative merging strategy for all CAVs within a control zone, considering
interactions with HDVs of uncertain intentions. A key innovation is the strategic
influence of CAVs on HDV behavior by slowing down the CAV preceding HDVs,
thereby allowing other CAVs on the adjacent road to merge in front of the HDVs
with reduced uncertainty. The optimal slowdown pattern is identified by eval-
uating CAV throughput across various candidate patterns, with dynamic opti-
mization applied at each time a new vehicle enters the control zone to effectively
manage HDV uncertainties. Experimental results from various mixed-traffic
scenarios show that the proposed strategy reduces the average travel time delay
by up to 31% compared to an existing optimization-based approach.
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critical traffic bottlenecks and frequent sites of accidents. The pri-
mary focus is on how CAVs can interact with and influence HDV
behavior, taking into account interactions involving multiple
vehicles.

1.2. Literature Review

This section presents a state-of-the-art review of cooperative
merging strategies in mixed traffic, categorized into two main
areas: 1) merging control for CAVs at a single- or dual-vehicle
level and 2) merging control at a multivehicle level. Within each
category, control methods are further classified into two
approaches: optimization-based methods and RL. Additionally,
how HDV behavior is modeled and handled in each control
method is discussed.

1.2.1. Merging Control in Mixed Traffic for CAVs at a Single- or
Dual-Vehicle Level

In mixed traffic, a fundamental challenge is enabling a CAV to
merge from an on-ramp into the main traffic flow, which consists
of both CAVs and HDVs. This requires predicting HDV behavior
and integrating these predictions into the CAV’s motion plan-
ning strategy.

Optimization-Based Methods: Optimization-based methods
explicitly incorporate HDV behavior through assumptions and
predictions. The most straightforward approach assumes that
HDVs maintain a constant speed, which is then used to
formulate an optimal control problem and determine the
optimal merging trajectory for a CAV entering the main
lane.[22,23] Model predictive control (MPC) has been widely used
to account for uncertainties in HDV trajectories, treating them as
disturbances. Even under the assumption of constant HDV
speed[24,25] or short-term predictability (e.g., a few seconds),[26]

MPC has been shown to effectively derive optimal merging
decisions involving interactions between three vehicles
(including one or two CAVs).

Some studies have enhanced trajectory prediction by
incorporating car-following models or machine learning
techniques.[27–29] Jiang et al.[27] utilized the intelligent driver
model (IDM) to describe HDV behavior when a CAV performs
a lane change based on MPC. Han et al.[28] employed the Gipps
car-following model to represent HDV merging maneuvers and
optimize the merging profile of a single CAV. Karimi et al.[30]

adopted the linear Helly model to predict HDV behavior and
integrated it into an MPC framework, mitigating the effects of
conservative HDV predictions and ensuring safe merging.
Venkatesh et al.[29] trained an encoder–decoder model using
the NGSIM dataset to predict HDV trajectories and incorporated
these predictions into an MPC framework, improving the CAV’s
ability to avoid lateral collisions.

Game theory has also been leveraged to model HDV–CAV
interactions, as it provides a structured way to predict HDV
behavior in response to CAVmovements.[31,32] Jiang et al.[31] pro-
posed a bilevel game-theoretic framework where the upper-level
controller determines the merging strategy of the ramp CAV
while interacting with main-lane vehicles (both HDVs and
CAVs). The lower-level controller then predicts HDV trajectories

based on IDM. Du et al.[32] classified HDV driving styles into
three categories using a Gaussian mixture model–support vector
machine approach and employed a pure-strategy Nash equilib-
rium to model HDV responses, ultimately optimizing the merg-
ing strategy of the ramp CAV based on HDV speed and spacing
conditions.

RL-based Methods: RL-based approaches allow agents to
implicitly learn HDV behaviors and make high-level control
decisions, such as acceleration, deceleration, and lane changes,
for the target CAVs.[33–35] Although RL can inherently model
HDV behavior, studies have shown that its performance
improves when an explicit HDV intention estimation model is
used as an input.[36] For example, in ref. [36] a probabilistic
model predicts human drivers’ intentions, which is then fed into
an RL model to optimize the longitudinal acceleration of a ramp
CAV.

A major drawback of RL-based approaches is their lack of
stability guarantees when deployed in real-world scenarios.
To address this, several studies have incorporated safety filters
to ensure robust decision-making. Methods such as control
barrier function (CBF)-based safety filters[37,38] and MPC-based
safety filters[39,40] have been applied to enhance safety and reli-
ability in RL-based merging control strategies.

1.2.2. Merging Control in Mixed Traffic for CAVs at a Multivehicle
Level

The previous strategies primarily focused on interactions
between a single ramp vehicle and its immediate neighbors,
typically involving two or three vehicles (CAVs and HDVs).
However, coordinating multiple CAVs in mixed traffic can fur-
ther enhance overall traffic efficiency and safety in merging
areas. Despite its potential benefits, relatively few studies have
tackled this coordination problem using RL and optimization-
based methods.

RL-Based Methods: Multiagent RL (MARL) enables multiple
CAVs to learn cooperative control strategies while implicitly
modeling HDV behaviors. Similar to single-vehicle-level
approaches, MARL-based methods optimize high-level control
decisions, such as acceleration, deceleration, and lane changes,
based on reward functions that prioritize collision avoidance and
traffic efficiency.

Valiente et al.[41] introduced a decentralized MARL framework
in which each RL agent controls a single CAV, sharing learnt
policies among agents. Their approach demonstrated adaptabil-
ity to diverse HDV driving behaviors in scenarios with 4 CAVs
and 18 HDVs. To improve scalability, Chen et al.[42] developed a
centralized MARL framework with curriculum learning, effec-
tively handling up to six CAVs and five HDVs while improving
coordination in mixed traffic.

To better model complex interactions in multilane on-ramp
merging, Liu et al.[43] integrated graph structures into MARL,
enhancing the generalization capability of RL policies across
various traffic scenarios. Additionally, to improve social
coordination between CAVs and human drivers, Toghi et al.[44]

incorporated the concept of social value orientation into
the reward function, enabling more human-like cooperative
decision-making.
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Despite these advancements, MARL-based approaches still
struggle to ensure complete collision avoidance. Zhang et al.[45]

addressed this issue by refining MARL strategies to improve
success rates in mixed merging scenarios, yet fully eliminating
collision risks remains a challenge.

Optimization-Based Methods: Optimization-based approaches
aim to determine optimal control actions for multiple CAVs
while maintaining real-time safety constraints. Le et al.[46]

proposed an optimal control framework that computes time-
optimal trajectories for CAVs in mixed traffic, using Newell’s
car-following model to predict HDV trajectories. To account
for possible deviations in HDV behavior, the framework incor-
porates a CBF-based safety filter. However, since the trajectories
are computed only once when a CAV enters the control zone, the
framework cannot guarantee optimality if actual HDV behavior
deviates from the predictions.

Shi et al.[47] and Zhao and Yildirimoglu[48] explored sequence
scheduling and motion planning in mixed traffic environments,
where individual CAVs, CAV platoons, and mixed platoons
coexist. Instead of explicitly predicting HDV trajectories,
they incorporated HDVs into mixed platoons led by a CAV,
modeling their behavior using standard car-following
models. This approach allowed the focus to remain on optimiz-
ing CAV movements and merging strategies. However, the
potential benefits of CAVs merging within other platoons were
not considered, which could further enhance overall traffic
efficiency.

1.3. Contribution of the Article

This study explores a cooperative merging strategy for all CAVs
within a control zone using an optimization approach. The liter-
ature review highlights the following limitations in existing
works based on the optimization approach.
Insufficient Consideration on the Dynamic Behavior of HDVs:
Existing methods often predict HDV trajectories only once when
CAVs enter the control zone[46] or incorporate HDVs in mixed
platoons led by a CAV, ignoring their interactions with other
CAVs.[47,48] HDV behavior can vary during merging scenarios
and react to CAV actions, making it challenging to predict accu-
rately. There is a need for an effective method that accounts for
this dynamic behavior.

Limited Consideration of Interactive Cooperation Among All
CAVs: In some approaches, time-optimal trajectories for each
CAV are determined sequentially based on their entry order into
the control zone.[46] Others focus on platoon-level coordina-
tion,[47,48] excluding the possibility of individual vehicles merging
within other platoons. It is essential to consider interactions
among all vehicles simultaneously to further enhance traffic
efficiency.

The novel contributions of this study, addressing the concerns
identified in existing works, include the following.

Leveraging CAVs’ Strategic Influence on HDV Behavior: Instead
of accurately predicting HDV behaviors, this approach considers
HDVs as reactive agents to CAV actions, where HDV speeds are
controlled by slowing down their preceding CAV. This strategy
allows other CAVs on the adjacent road to merge ahead of the
HDVs.

Incorporating All CAVs in the Cooperation: The optimal slow-
down pattern is determined by evaluating CAV throughput
across various cooperation actions involving all CAVs.

Adopting Dynamic Optimization: Recognizing that HDV
behaviors can change in real time and may not be precisely con-
trolled or predicted despite CAV influence, the optimization
problem is solved dynamically each time a new vehicle enters
the control zone. This approach effectively manages the varia-
tions in HDV behaviors.

It is worth noting that the concept of strategic slowdown for
CAVs was initially introduced in ref. [26]. However, the method
in ref. [26] focused solely on facilitating the merging sequence of
three or fewer vehicles and did not address the mitigation of
HDV trajectory uncertainty, as it assumed HDV trajectories to
be predictable. Additionally, the study employed a rule-based
control approach for managing interactions. In contrast, the pro-
posed method generalizes this concept by addressing its limita-
tions, offering a more robust and flexible framework for
mitigating HDV uncertainties while facilitating cooperative
merging.

1.4. Organization of the Article

The article is outlined as follows. Section 2 introduces the
problem formulation. Section 3 provides the solutions to the pro-
posed problems. The results are reported in Section 4. Section 5
concludes with an outlook on future work.

2. Problem Formulation

2.1. Modeling Framework

The target problem is coordinating multiple CAVs, co-existing
with HDVs, in a scenario where one main road and one on-ramp
intersect at a merging point; see Figure 1. The control zone
is defined as the area where a coordinator can monitor
the movement of all vehicles, including both CAVs and
HDVs, and transmit control signals to CAVs for cooperative
merging. The merging zone is where the actual merging occurs.
The following assumption applies to the merging process in this
study.

Assumption 1: All CAVs are controllable and free from control
errors (e.g., communication delays and packet loss).[49]

Assumption 2: Cooperative merging control is completed
within the control zone by creating sufficient gaps between
vehicles to safely pass through the merging point.

This assumption implies that CAVs navigate through the
merging zone using their own autonomous driving algorithms,
ensuring no collisions with other vehicles due to the successful
cooperative merging control.

Let N ðtÞ ¼ f1, : : : ,NðtÞg be the set of vehicles present in the
control zone at time t, where NðtÞ is the total number of vehicles.
LetAðtÞ ⊂ N ðtÞ andHðtÞ ⊂ N ðtÞ be the sets of CAVs and HDVs,
respectively. Vehicle index i ∈ N ðtÞ is initialized based on the
order of entry into the control zone, with the earliest being
assigned the lowest number. Let ri be the road that vehicle i ∈
N ðtÞ belongs to, 0 if vehicle i is in the main road and 1 otherwise.
The set N ðtÞ is updated at every sample time, enabling
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continuous tracking of vehicles entering and exiting the control
zone. Note that HDVs may exit the control zone via lane changes
when influenced by the strategic slowdown of preceding CAVs.

The dynamics of vehicle i in the control zone are described by
a double-integrator model.

ṗiðtÞ ¼ viðtÞ
v̇iðtÞ ¼ uiðtÞ

(1)

where pi, vi, and ui denote the longitudinal position, speed, and
control input (acceleration) of the vehicle, respectively. Note that
pi ¼ 0 is set to be the merging point. The control input is
bounded by

umin ≤ uiðtÞ ≤ umax (2)

where umin < 0 and umax > 0 are the minimum and maximum
control inputs given by the physical acceleration and braking lim-
its of the vehicles. The speed limits are defined by

0 ≤ viðtÞ ≤ vmax (3)

where vmax > 0 is the maximum allowable speed. The coordina-
tor determines the control inputs for the CAVs by considering
these limits and then transmits them to the CAVs. In contrast,
the control inputs for the HDVs are determined by their drivers,
who may violate the upper-speed limit.

To prevent a lateral collision between vehicle i and all vehicles
traveling on the adjacent road, a safe time gap T lat > 0 is required
between their arrival times at the merging point as follows.

jTi � Tjj ≥ T lat, ∀j such that rj 6¼ ri (4)

where Ti and Tj represent the arrival times of vehicles i and j at
the merging point, that is, the time at which piðTiÞ ¼ 0 and
pjðTjÞ ¼ 0.

To prevent a rear-end collision between vehicle i and its imme-
diate preceding vehicle j traveling on the same road, the following
is generally imposed.

pjðtÞ � piðtÞ ≥ dmin þ TminviðtÞ, j ¼ maxfkjrk ¼ ri, k < ig (5)

where dmin > 0 and Tmin > 0 are the minimum standstill dis-
tance and the minimum time headway. In this study, an alterna-
tive expression of constraint (5) is also presented as

Ti � Tj ≥ T rear, j ¼ maxfkjrk ¼ ri, k < ig (6)

which is an equivalent form to constraint (4) with a safe time
gap T rear > 0 and will ease the problem formulation in
Section 2.2.1. The relationship of T rear ≤ T lat is recommended,
considering lane change behavior within the merging zone. The
control zone of the merging scenario presented in Figure 1 is
re-expressed in the arrival time domain in Figure 2, where the
arrival times of all vehicles are ideally coordinated to satisfy
constraints (4) and (6), assuming the arrival time of vehicle 1
is accurately known. In the arrival time domain, vehicle
index i ∈ N ðtÞ is renumbered based on its arrival time, with
the earliest arrival being assigned the lowest number. Note that
the numbering of vehicles 3 and 4 is interchanged between in
Figure 1 and 2.

Figure 1. Merging scenario with one main road and one on-ramp intersecting at a merging point. The yellow and blue areas represent the control zone
and merging zone, respectively.

Figure 2. Merging scenario presented in Figure 1 is re-expressed in the
arrival time domain, where the arrival times of all vehicles are ideally
coordinated to satisfy constraints (4) and (6), assuming the arrival time
of vehicle 1 is accurately known.
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2.2. Optimization Problem Formulation

This section presents a hierarchical optimization approach,
dividing the optimal coordination problem into an upper-level
(i.e., arrival time optimization) problem and a lower-level
(energy-optimal control) problem. The overall optimization
scheme is illustrated in Figure 3. The arrival time optimization
determines the optimal values of the CAV arrival times at the
current time t0 (i.e., T�

i , ∀i ∈ Aðt0Þ) to enhance traffic flow and
avoid lateral and rear-end collisions. The energy-optimal control
determines the optimal control input for each CAV at the current
time (i.e., u�i ðt0Þ, ∀i ∈ Aðt0Þ) to reach the merging point at T�

i
with minimum energy consumption. The hierarchical optimiza-
tion utilizes the position and velocity information of all vehicles
(i.e., piðt0Þ, viðt0Þ, ∀i ∈ N ðt0Þ) provided by the coordinator.
The formulations of the upper- and lower-level problems are pre-
sented in the following sections, respectively.

2.2.1. Arrival Time Optimization Problem

The upper-level problem, that is, the arrival time optimization
problem, is formulated as

min
Ti ,∀i∈Aðt0Þ

X
i∈N ðt0Þ

TTD2
i

subject to ð1Þ, ð2Þ, ð3Þ, ð4Þ, ð6Þ, ∀i ∈ Aðt0Þ
(7)

This optimization considers the entire vehicle group
(i ∈ N ðt0Þ) by minimizing the sum of the squares of the travel
time delays (TTDs) of all CAVs and HDVs. The TTD of vehicle i
is defined as

TTDi ¼ Ti � Tdes
i (8)

where Tdes
i represents the desired arrival time, determined at the

moment vehicle i enters the control zone, and is given by

Tdes
i ¼ Time of vehicle i entering the control zone

þ Control zone length
vmax

(9)

The arrival time Ti coincides with Tdes
i when vehicle i travels at

the maximum speed vmax within the control zone, resulting in a
zero TTD value. The TTD has been widely used as an objective
function or performance metric in previous studies.[47,50,51]

Constraint (6) is used instead of constraint (5) to describe this

problem only using arrival times. The solution to Problem (7)
is denoted by T�

i , ∀i ∈ Aðt0Þ.
Problem (7) can be rewritten in vector form using the (desired)

arrival time vector TðdesÞ
X ðt0Þ ¼ ½T ðdesÞ

i �∀i∈Xðt0Þ, where X ¼ N ,A,

andH, as follows.

min
TAðt0Þ

kTN ðt0Þ � Tdes
N ðt0Þk2

subject to f ðTAðt0Þ,THðt0ÞÞ ≥ 0
(10)

where f ð⋅, ⋅Þ represents the vector form of all constraints
from problem (7). The rewritten form clearly demonstrates that
the problem depends on the arrival times of the HDVs. However,
the HDV arrival times are difficult to predict accurately and may
vary according to the CAV arrival times (i.e., THðt0Þ ¼ gðTAðt0ÞÞ)
because the HDVs react to the CAV behavior. A solution to this
problem should consider this interaction between the CAVs and
HDVs and should not heavily depend on the prediction of the
HDVs’ future behavior.

2.2.2. Energy-Optimal Control Problem

Upon determining the optimal arrival times of the CAVs
(i.e., T�

i , ∀i ∈ Aðt0Þ), the energy-optimal control is applied to each
CAV i ∈ Aðt0Þ based on the following problem.

min
uiðtÞ, t0≤t≤T�

i

1
2

Z
T�
i

t0
u2i ðtÞdt

subject to ð1Þ, ð2Þ, ð3Þ, ð5Þ, piðT�
i Þ ¼ 0, uiðT�

i Þ ¼ 0
(11)

This optimization aims to control CAV i to reach the merging
point at optimal arrival time T�

i (i.e., piðT�
i Þ ¼ 0) with minimum

control input effort (i.e., u2i ðtÞ) and zero control input at the end
(i.e., uiðT�

i Þ ¼ 0) while satisfying the vehicle dynamics (1),
control input and speed constraints (2) and (3), and avoiding a
rear-end collision (5). Minimizing the control input effort is a
common way to minimize energy consumption.[52] Note that
(4) is not included in this lower-level problem because lateral col-
lision prevention is considered in the determination of T�

i in the
upper-level problem.

Constraint (5) in problem (11) is difficult to rigorously
address due to the challenges in accurately predicting the trajec-
tory information of pjðtÞ when vehicle j is an HDV. Therefore, a
relaxed version of constraint (5) is introduced and used instead,
as follows.

Figure 3. Schematic diagram of the proposed approach: a hierarchical optimization method that divides the optimal coordination problem into an upper-
level (arrival time optimization) and a lower-level (energy-optimal control) problem.
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pjðt0 þ tsÞ � piðt0 þ tsÞ ≥ dmin þ Tminviðt0 þ tsÞ,
j ¼ maxfkjrk ¼ ri, k < ig

(12)

where ts denotes the sampling time for the control process,
which applies constraint (5) only at the next time step
(i.e., t0 þ ts).

In case none of the state constraints (3) and (12) and input
constraint (2) are active, the unconstrained solution to prob-
lem (11) is presented in ref. [46] as follows.

uuci ðt0 þ ΔtÞ ¼ 6aiΔtþ 2bi (13)

vuci ðt0 þ ΔtÞ ¼ 3aiðΔtÞ2 þ 2biΔtþ ci (14)

puci ðt0 þ ΔtÞ ¼ aiðΔtÞ3 þ biðΔtÞ2 þ ciΔtþ di (15)

where the superscript uc denotes the unconstrained solution,
and the coefficients ai, bi, ci, and di are given by

ai
bi
ci
di

2
6664

3
7775 ¼

0 0 0 1

0 0 1 0

ðT�
i � t0Þ3 ðT�

i � t0Þ2 ðT�
i � t0Þ 1

6ðT�
i � t0Þ 2 0 0

2
6664

3
7775

�1 piðt0Þ
viðt0Þ
0

0

2
6664

3
7775

(16)

¼

piðt0Þ
2ðT�

i �t0Þ3 þ
viðt0Þ

2ðT�
i �t0Þ2

� 3piðt0Þ
2ðT�

i �t0Þ2 �
3viðt0Þ

2ðT�
i �t0Þ

viðt0Þ
piðt0Þ

2
666664

3
777775

(17)

The solution to problem (11), considering the state and control
input constraints, will be presented in Section 3.2.

3. Solutions to Optimization Problems

Solutions to the arrival time optimization problem and the
energy-optimal control problem are proposed in Sections 3.1
and 3.2, respectively.

3.1. Solution to Arrival Time Optimization Problem

Problem (7) (or equivalently, problem (10)) is easily solved when
all vehicles in the control zone are CAVs; see Figure 4a. The opti-
mal solution to problem (7) is simply to assign the minimum
time gap Tlat or Trear between consecutive vehicles, unless con-
straints (2) or (3) become active. However, when CAVs coexist
with HDVs, it is difficult to immediately assign optimal arrival
times due to the uncertain intentions of the HDVs; see Figure 4b.
The arrival times of CAVs 2, 3, and 4 can be determined to have
the minimum time gap T safe between consecutive vehicles,
assuming the arrival time of HDV 1 is accurately known. In con-
trast, the arrival times of CAVs 6 and 7 cannot be immediately
determined due to the uncertain future intentions (equivalently,
arrival times) of HDVs 5 and 8. Many previous studies, including
refs. [29,36,46,53], have predicted the future trajectories or
intentions of HDVs to mitigate uncertainty in optimization;

however, accurately predicting human driver maneuvers
remains challenging.

In this study, a novel approach is presented where HDV arrival
times are controlled by slowing down their preceding CAVs,
causing the HDV drivers to slow down as well to maintain a safe
time gap (≥T rear) in arrival times with the vehicles ahead.
This strategy allows other CAVs on the adjacent road to merge
ahead of the HDVs. This strategic influence on HDV behavior is
achieved through cooperation among the CAVs, which is
described in Figure 5. As shown in Figure 5a, groups of conse-
cutive CAVs on each road (CAVs 2 and 4, and CAVs 3, and 6,
7) can form a cooperation candidate set c. In this cooperation
candidate set, CAV 4 serves as the strategic CAV, and its strategic
slowdown determines the cooperative pattern. If the strategic
CAV does not choose to slow down, as shown in Figure 5b
(Pattern 0), CAVs 2, 3, and 4 form the cooperation group C,
which can adjust their arrival times to maintain the minimum
time gap T lat or T rear between them. However, CAVs 6 and 7
form the noncooperation group N, which must find their arrival
times to avoid lateral collisions with HDVs 5 and 8. This pattern
is the same as in Figure 4b. If the strategic CAV chooses to slow
down to have a later arrival time than CAV 6, as shown in
Figure 5c (Pattern 1), then CAV 6 is also included in C and
can merge ahead of the HDVs. In this case, only CAV 7 remains
in N and needs to avoid lateral collisions with the HDVs. If the
strategic CAV further slows down to have a later arrival time than
even CAV 7, as shown in Figure 5d (Pattern 2), then CAV 7 is also
included in C and can merge ahead of the HDVs. In this case, the
strategic CAV would then belong to N and needs to avoid
lateral collisions with the HDVs following CAV 7 (e.g., HDV
9 in this figure). The best cooperative pattern will be determined
by evaluating the objective function of Problem (7) for each
pattern and selecting the one with the minimum objective
function value. Although Pattern 1 or 2 may be a better solution
than Pattern 0 because more CAVs are included in C, the

Figure 4. Example merging scenarios. a) When all vehicles in the control
zone are CAVs, the optimal solution to Problem (7) is to assign the mini-
mum time gap T lat or T rear between consecutive vehicles (unless con-
straints (2) or (3) become active). b) When CAVs coexist with HDVs, it
is difficult to immediately assign optimal arrival times due to the uncertain
intentions of the HDVs.
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strategic slowdown of CAV 4may increase the objective function.
Therefore, the objective function must be evaluated for every
pattern.

The detailed procedure for solving problem (7) based on the
proposed approach is explained step by step as follows.

Initialize the arrival times for all vehicles considering con-
straints (1), (2), (3), and (6).

Initial values of the arrival times for both CAVs and HDVs are
required before evaluating the cooperative patterns. To this end,
the vehicle indices i ∈ N ðt0Þ are first initialized based on their
order of entry into the control zone. Next, approximated arrival
times are calculated without considering any collisions with
other vehicles; these times are referred to as unconstrained
arrival times (i.e., Tuc

i ); see Figure 6a. The unconstrained arrival
times for CAVs are calculated by determining the unconstrained
optimal speed profile (14) that reaches the merging point at Tuc

i
(i.e., piðTuc

i Þ ¼ 0) with the maximum speed at the end (i.e.,
viðTuc

i Þ ¼ vmax), as follows.

Tuc
i ¼ t0 þ

�3piðt0Þ
2vmax þ viðt0Þ

, ∀i ∈ Aðt0Þ (18)

If this Tuc
i is unattainable within the control input and speed

constraints (2) and (3), it should be adjusted to be no less than the
value obtained under the assumption of maximum acceleration
(uðtÞ ¼ umax) until the speed reaches its maximum value vmax,
after which it maintains this speed up to the merging point.
This adjustment ensures that constraints (1), (2), and (3) are sat-
isfied. The unconstrained arrival times for HDVs are calculated
based on the constant speed assumption (i.e., viðtÞ ¼ viðt0Þ for
t > t0) as follows.

Tuc
i ¼ t0 þ

0� piðt0Þ
viðt0Þ

, ∀i ∈ Hðt0Þ (19)

The validity of the constant speed assumption is discussed in
Remark 1.

Figure 5. Description of cooperation candidate set c, cooperation group C, noncooperation groupN, strategic CAV, and strategic slowdown. a) Groups of
consecutive CAVs on each road can form a cooperation candidate set c. b) Pattern 0: Strategic CAV does not choose to slow down. c) Pattern 1:
Strategic CAV chooses to slow down to have a later arrival time than CAV 6. d) Pattern 2: Strategic CAV further slows down to have a later arrival
time than even CAV 7.
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Then, the initial values of Ti are obtained by sequentially
adjusting the unconstrained arrival times to satisfy constraint
(6) as follows.

Ti←maxðTuc
i ,Tj þ T rearÞ (20)

in increasing order of i, where j ¼ maxfkjrk ¼ ri, k < ig repre-
sents the index of the immediate preceding vehicle traveling on
the same road; refer to Figure 6b. The initial values of Ti obtained
through this process satisfy the rear-end collision constraint (6).

Finally, renumber the vehicle indices in ascending order of
arrival times Ti, so that the lowest index corresponds to the ear-
liest arrival time and has the priority in computing the optimal
arrival times; refer to Figure 6c. Additionally, define a new vari-
able si for each CAV, representing the optimization status, where
si ¼ 1 if the optimization is completed and si ¼ 0 otherwise.
Initialize all si to 0.

Optimize the arrival times sequentially in ascending order of
vehicle index, minimizing the objective function while account-
ing for constraints (4) and (6):

Starting with the CAV that has the lowest vehicle index (i.e.,
the highest priority) with s ¼ 0 (indicating it has not yet been
optimized), the arrival times of the CAVs are sequentially opti-
mized to achieve their minimum feasible value (thereby mini-
mizing the objective function) while ensuring that constraints

(4) and (6) are satisfied. This process is repeated for each
CAV in ascending order of priority. Let i be the current CAV
being updated. First, determine the cooperation flag Flagc, which
indicates whether cooperation between CAV i and other CAVs is
required (1) or not (0). To determine this, define the lateral colli-
sion candidates for CAV i as

li ¼ fkjrk 6¼ ri, k < minfj ∈ Aðt0Þjrj 6¼ ri, j > i, sj ¼ 0gg (21)

This set includes the first consecutive HDVs and CAVs with
completed optimization (s ¼ 1) on the adjacent road. CAVs on
the adjacent road with indices higher than i and not yet opti-
mized are excluded from the candidate set, as they can be con-
trolled later to avoid lateral collisions. Five cases are considered to
determine Flagc, as illustrated in Figure 7.

Case 1: No vehicle is present on the adjacent road (see
Figure 7a where i ¼ 4). In this case, cooperation is not needed,
so set Flagc to 0.

Case 2: The vehicles on the adjacent road consist solely of
HDVs and/or CAVs whose optimizations are completed
(s ¼ 1); see Figure 7b where i ¼ 4. In this case, cooperation is
not required, and Flagc is set to 0. However, CAVs on the same
road as CAV i must be optimized to avoid lateral collisions
with the HDVs and/or optimized CAVs on the adjacent road.
The arrival time of CAV i is optimized by solving

Figure 6. Initialization of arrival times. a) Calculation of unconstrained arrival times. b) Initialization of arrival times. c) Renumbering vehicle indices in
ascending order of arrival times. The numbering of vehicles 2 and 4, as well as vehicles 7 and 8, is interchanged between (b,c).
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Ti←minT subject to T ≥ Ti, jT � Tjj ≥ T lat, ∀j ∈ li (22)

The first constraint in (22) ensures that Ti does not decrease
below its initial value, while the second constraint enforces the
lateral collision avoidance requirement as defined in (4). If Ti

increases from its initial value, the arrival times of the vehicles
following CAV i on the same road must be adjusted to maintain
the rear-end collision constraint (6) as follows.

Tk←maxðTk,Tj þ T rearÞ, ∀j and ∀k such that

ri ¼ rk ¼ rj and i < j < k
(23)

Case 3: The vehicles on the adjacent road begin with an HDV
or a CAV whose optimization is completed (s ¼ 1) and include at
least one not-yet-optimized CAV (s ¼ 0) further along. In this
case, first, optimize the arrival time of CAV i to avoid lateral col-
lisions with the lateral collision candidates li, which includes the
first HDV or optimized CAV, using (22).

* Case 3a: The updated value of Ti is smaller than the maxi-
mum arrival time of li (i.e., CAV i arrives at the merging point
before the vehicle with the highest index in li). In this case, CAV i
does not affect the CAVs with higher indices (i.e., those with later
arrival times than Ti); see Figure 7c where i ¼ 4. Set Flagc ¼ 0. If
Ti increases from its initial value, the arrival times of the vehicles
following CAV i on the same road must be adjusted to maintain
the rear-end collision constraint, as described in Equation (23).

* Case 3b: TiðtÞ > TjðtÞ for all j ∈ li (i.e., CAV i arrives at the
merging point after all vehicles in li). In this case, cooperation
between CAV i and some CAVs with higher indices needs to
be considered; see Figure 7d where i ¼ 4. Set Flagc to 1.

Case 4: The first vehicle on the adjacent road is a CAV that has
not yet been optimized. Cooperation between CAVs including
this CAV and CAV i needs to be considered; see Figure 7e.
Set Flagc to 1 where i ¼ 1.

If Flagc ¼ 0, terminate the optimization for CAV i by setting si
to 1 and proceed to the next CAV in order of priority. Otherwise,
the following process is conducted to facilitate cooperation
between CAV i and its nearby CAVs.

First, define the cooperation candidate sets for each road as
follows.

cs∶¼fk ∈ Aðt0Þjrk ¼ ri, i ≤ k < minfj ∈ Hðt0Þjrj ¼ ri,Tj ≥ Tigg
(24)

ca∶¼fk ∈ Aðt0Þjrk 6¼ ri, i < k < minfj ∈ Hðt0Þjrj 6¼ ri,Tj ≥ Tigg
(25)

where cs and ca represent the cooperation candidate sets on the
same road as CAV i (rk ¼ ri) and the adjacent road (rk 6¼ ri),
respectively. Each set includes the first group of consecutive
CAVs on each road with indices equal to or higher than i.
The overall cooperation candidate set c is defined as

Figure 7. Five cases considered in determining the cooperation flag Flagc : a) Case 1 with Flagc ¼ 0, b) Case 2 with Flagc ¼ 0, c) Case 3a with Flagc ¼ 0,
d) Case 3b with Flagc ¼ 1, and e) Case 4 with Flagc ¼ 1.
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c∶ ¼ sortðcs∪caÞ (26)

with elements sorted in ascending order.
Three cooperation modes exist, as described below, with illus-

trations in Figure 8.
Mode 1: The cooperation candidate set c does not have any

following HDVs on either roads; see Figure 8a where i ¼ 2
and c ¼ f2, 3, 4, 5, 6g. In this case, the cooperation problem is
straightfoward, and no strategic CAV is needed. All CAVs in c
form the cooperation group C (i.e., C∶ ¼ c). Optimize the arrival
times of the cooperation group C to avoid lateral and rear-end
collisions within the group, prioritizing in ascending order of
their positions in the group, as follows.

TC½kþ1�←maxðTC½kþ1�,TC½k� þ T lat=rearÞ, k ¼ 1, 2, : : : (27)

Mode 2: The cooperation candidate set c has following HDVs
on only one of the main or ramp roads, and the CAV immediately
preceding these HDVs has a higher index than all CAVs in c on
the adjacent road; see Figure 8b where i ¼ 2 and c ¼ f2, 3, 4, 5g.
In this case, this CAV acts as the strategic CAV by having the
largest arrival time among c, allowing the vehicles following
the strategic CAV to be disregarded in the optimization. The opti-
mal solution to the cooperation problem mirrors Mode 1 once
the vehicles following the strategic CAV are ignored. With
C ¼ c, optimize the arrival times of the cooperation group C
using the same method as Mode 1 in (27). Finally, adjust the
arrival times of the vehicles following C to avoid rear-end colli-
sions with their preceding vehicles, as the arrival times of Cmay
increase during the optimization process, as follows.

Tk←maxðTk,Tj þ T rearÞ; ∀k > maxðCÞ;
j ¼ maxfmjrm ¼ rk,m < kg

(28)

Mode 3: This is the most common scenario, where c has fol-
lowing HDVs on either one or both roads, and the CAV imme-
diately preceding the HDVs has a lower index than at least one
CAV in c on the adjacent road; see Figure 8c,d. In this mode, only
some CAVs in c form the cooperation group C, while the others

constitute the noncooperation group N. Among the two CAVs
with the highest indices in c on each road, the one with the lower
index serves as the strategic CAV, indexed as n. Let q be the num-
ber of CAVs in c with indices greater than n. These q CAVs com-
prise N, while the remaining belong to C. The composition of C
and N depends on the strategic slowdown of the strategic CAV,
which can occur in qþ 1 patterns, including no slowdown and
incrementally delaying the strategic CAV to a greater arrival time
than each of the q CAVs. The position of the strategic CAV within
this sorted set c is given by p∶ ¼ argmaxiðc½i� ¼ nÞ, indicating the
index pwhere the strategic CAV (with index n) is located within c.
Refer Figure 9a for a detailed description of these definitions.

The strategic slowdown patterns are evaluated to find the opti-
mal scenario with the lowest objective function value by incre-
mentally shifting the strategic CAV’s position within c. For
each increment l, the cooperation candidate set is rearranged
as follows.

c←sortðcÞ, temp←c½p�, c½p∶pþ l� 1�←c½pþ 1∶pþ l�,
c½pþ l�←temp

(29)

The cooperation group C includes the CAVs in c that can
merge ahead of the HDVs following c due to the strategic slow-
down, comprising CAVs positioned lower in c than the strategic
CAV and the strategic CAV itself, unless it is the last in the set.
The cooperation group C can coordinate their arrival times inde-
pendently of the HDVs that follow them. The noncooperation
group N includes the remaining CAVs in c, which must consider
lateral collisions with nearby HDVs when setting their arrival
times. The groups are defined as follows.

C∶¼ c½1∶minðpþ l, pþ q� 1Þ�,
N∶¼ c½minðpþ lþ 1, pþ qÞ∶pþ q�

(30)

Refer Figure 9b for a description of the above definitions.
Next, optimize the arrival times of the cooperation group C to

prevent lateral and rear-end collisions within the group, priori-
tizing the optimization in ascending order of their positions

Figure 8. Three cooperation modes exist: a) Mode 1, b) Mode 2, and c,d) Mode 3.
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using Equation (27). Due to the optimization process, the arrival
times of C may increase, necessitating adjustments to the arrival
times of vehicles following the cooperation group (both CAVs
and HDVs) to maintain rear-end collision constraints. This
adjustment is performed using Equation (28). Similar to the con-
trol of HDV arrival times through strategic slowdown, these
adjustments treat HDV arrival times as controllable variables.

Refer Figure 9c for detailed illustrations of optimizing the
cooperation group C and adjusting the arrival times of vehicles
following C.

The arrival times of the noncooperation group N are opti-
mized to avoid lateral collisions within nearby HDVs, prioritizing
the optimization in the order of their positions within the group,
as follows.

Figure 9. Description of the optimization process in Mode 3. a) Definitions of c, n, q, and p. b) Definitions of rearranged c, C, and N for a 1-position
increment of the strategic CAV in the set c (i.e., l ¼ 1). c) Description of optimizing the cooperation group C and adjusting the vehicles following C for the
slowdown pattern depicted in (b). d) Description of optimizing the noncooperation group N and adjusting the vehicles following N for the slowdown
pattern depicted in (b).
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TN½k�←minT subject to T ≥ TN½k�; jT � Tjj ≥ T lat;

k ¼ 1, 2, : : : ; ∀j ∈ lN½k�
(31)

Subsequently, adjust the arrival times of the vehicles following
N to prevent rear-end collisions with their preceding vehicles, as
the arrival times of N may increase during the optimization
process.

Tk←maxðTk,Tj þ T rearÞ; ∀k > maxðNÞ;
j ¼ maxfmjrm ¼ rk,m < kg

(32)

Refer Figure 9d for a detailed description of optimizing the
noncooperation group N and rearranging the arrival times of
the vehicles that follow N.

Save the outcome of this optimization and adjustment process

for the current increment l as TðlÞ
N ðt0Þ ¼ ½Ti�∀i∈N ðt0Þ. Repeat this

process for all increments (i.e., all strategic slowdown patterns).
Identify the optimal slowdown pattern by finding

l� ¼ argmin
l

kTðlÞ
N ðt0Þ � Tdes

N ðt0Þk2, and set the optimal arrival

times as ½T�
i �∀i∈N ðt0Þ←Tðl�Þ.

Mark the completion of the optimization for all k ∈ c by set-
ting sk ¼ 1. The CAVs not included in the cooperation candidate
c will be optimized subsequently, as they can be identified by
s ¼ 0. The validity of this sequential optimization approach is
further discussed in Remark 2.

Determine the optimal arrival times:
The optimal arrival times for all CAVs (i.e., ½T�

i �∀i∈Aðt0Þ) are
determined sequentially in ascending order of priority. These
optimal arrival times are then used as the output of the arrival
time optimization problem and serve as inputs to the subsequent
energy-optimal control problem. This dynamic optimization
(DO) process should be repeated each time a new vehicle enters
the control zone.

The procedure described above is outlined in Algorithm 1.
Note that the strategic slowdown is applied only when it is deter-
mined to effectively facilitate overall traffic flow, based on the cri-
teria outlined in Algorithm 1.

Remark 1 (Validity of the constant speed assumption for
HDVs):

The constant speed assumption is used to calculate the uncon-
strained arrival time for HDVs, as shown in (19). Although this
assumption may oversimplify the uncertainties associated with
HDVs, two key elements in the proposed strategy help validate
its use. First, the simple calculation in (19) is bounded by rear-
end collision constraints, as seen in (20), (28), and (32). These are
physics-based constraints that even human drivers are expected
to adhere to when controlling their vehicles. Second, the pro-
posed strategy employs DO, where the optimization problem
is repeated at every current time t0. The constant speed assump-
tion becomes increasingly accurate as HDVs approach the merg-
ing point. ⋄

Remark 2 (Validity of the sequential optimization)
Ideally, solving Problem (7) would yield the optimal arrival

times for all CAVs simultaneously; however, this direct approach
is impractical due to the uncertainties associated with HDVs.
Therefore, this study employs a sequential optimization

approach, prioritizing CAVs closer to the merging point. This
method is justified for two reasons. First, the uncertainties in
HDV movement decrease as vehicles approach the merging
point, as discussed in Remark 1, enhancing overall optimality
when focusing on CAVs with lower associated uncertainties.
Second, CAVs near to the merging point have less time to adjust
their maneuvers to avoid collisions, necessitating higher priority
in the optimization process. ⋄

3.2. Solution to Energy-Optimal Control Problem

The unconstrained solution to problem (11) was presented
in (13). Because constraint (3) was already considered in the
arrival time optimization problem when calculating the uncon-
strained arrival time Tuc

i , only the input constraint (2) and the
relaxed rear-end collision constraint (12) need to be further
addressed.

Constraint (12) can be reformulated as an input constraint
when translated into the discrete time domain. The position
and speed of vehicle i are expressed as

piðt0 þ tsÞ ¼ piðt0Þ þ tsviðt0Þ þ
1
2
t2s uiðt0Þ (33)

viðt0 þ tsÞ ¼ viðt0Þ þ tsuiðt0Þ (34)

The position of vehicle j is obtained under the constant speed
assumption

pjðt0 þ tsÞ ¼ pjðt0Þ þ tsvjðt0Þ (35)

By substituting (33), (34), and (35) into (12), the following
input constraint is derived

uiðt0Þ ≤
pjðt0Þ � piðt0Þ þ tsðvjðt0Þ � viðt0ÞÞ � dmin � Tminviðt0Þ

Tmints þ t2s =2

∶¼ usafeðt0Þ
(36)

Next, the effect of the input constraint (2) on the uncon-
strained solution uuci ðt0 þ ΔtÞ ¼ 6aiΔtþ 2bi is analyzed. This
solution starts with a positive or negative value at t0 and linearly
decreases or increases to 0 at T�

i . As shown in Figure 10, when
the input constraint (2) becomes active, the constrained solution
must be bounded within the constraint during the time interval
where the unconstrained solution would violate it. The magni-
tude of the solution should be increased during the remaining
time to compensate for the limitation. Therefore, the constrained
solution at t0 considering the input constraint (2) is obtained by
bounding the unconstrained solution value at t0 within the con-
straint, as follows

u�i ðt0Þ←minðmaxðuuci ðt0Þ, uminÞ, umaxÞ (37)

Finally, the constrained solution must also be bounded again
within the reformulated rear-end collision constraint (36) as fol-
lows.

u�i ðt0Þ←minðu�i ðt0Þ, usafeðt0ÞÞ (38)
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4. Results

4.1. Setup

The proposed strategy was implemented in MATLAB R2023a on
a personal computer equipped with an AMD Ryzen 7 5800X 8-
Core Processor at 3.80 GHz and 16 GB RAM. The experiment
scenario mirrors that shown in Figure 1, with various combina-
tions of CAVs and HDVs tested. The control zone length was set
to 200m (i.e., pi ¼ �200m when vehicle i enters and pi ¼ 0m
when it exits the control zone), and the merging zone length was
set to 50m (i.e., pi ¼ 50m when vehicle i exits the merging
zone). CAVs within the control zone were managed by the pro-
posed strategy or comparison strategies, while HDVs were sim-
ulated using the widely adopted IDM,[54] described by

uiðtÞ ¼ amax 1� viðtÞ
vmax

� �
4
�

dmin þ TminviðtÞ � viðtÞðvjðtÞ�viðtÞÞ
2

ffiffiffiffiffiffiffiffiffi
amaxbc

p
pjðtÞ � piðtÞ � L

0
B@

1
CA

2
0
B@

1
CA

(39)

where j is the index of the immediate preceding vehicle, amax > 0
is the desired maximum acceleration, bc > 0 is the comfortable
deceleration, and L is the vehicle length. The immediate preced-
ing vehicle was selected within the same road until the HDV
reached the position of pi ¼ �50m; after that, vehicles in the
adjacent road were also considered, accounting for visibility
between the two roads. In the merging zone (0m ≤ pi ≤ 50m),
both CAVs and HDVs were controlled by the IDM, which was
expected to enable smooth merging behaviors. The parameters

Algorithm 1. Solution to arrival time optimization problem.

1 for Each time t0, if a new vehicle enters the control zone, do
2 Input: Vehicle indices ordered by their entry into the control zone, along with position pi(t0) and speed vi(t0) for

all i ∈ N (t0)
3 for each vehicle i = 1, 2, . . . , N(t0) do
4 Compute the unconstrained arrival time of vehicle i (Tuc

i ) using (18) or (19).
5 Initialize the arrival time of vehicle i (Ti) using (20).

6 Renumber the vehicle indices in ascending order of Ti.
7 Set si ← 0, ∀i ∈ N (t0).
8 for each i ∈ A(t0) such that si = 0, in ascending order of vehicle index do
9 Determine the cooperation status Flagc by identifying the case to which the current scenario belongs to among

Case 1, Case 2, Case 3a, Case 3b, and Case 4.
10 if Flagc = 0 then
11 Set si ← 1.

12 else
13 Define the cooperation candidate set c using (24), (25), and (26).
14 Identify the cooperation mode.
15 switch Cooperation mode
16 case Mode 1
17 Define the cooperation group as C = c.
18 Optimize the arrival times of C using (27).

19 case Mode 2
20 Define the cooperation group as C = c.
21 Optimize the arrival times of C using (27).
22 Adjust the arrival times of the vehicles following C using (28).

23 case Mode 3
24 Calculate n, q and p.
25 for l = 0, 1, · · · , q do
26 Rearrange the cooperation candidate set c using (29).
27 Define the cooperation group C and non-cooperation group N using (30).
28 Optimize the arrival times of C using (27).
29 Adjust the arrival times for the vehicles following C using (28).
30 Optimize the arrival times of N using (31).
31 Rearrange the arrival times for the vehicles following N using (32).

32 Store the result of the optimization and adjustment process as T
(l)
N (t0) = [Ti]∀i∈N (t0)

.

33 Find the optimal result by l∗ = argmin
l

∥
∥
∥T

(l)
N (t0)−Tdes

N (t0)
∥
∥
∥

2

, and set the optimal arrival times as

[T ∗
i ]∀i∈N (t0)

← T
(l∗)
N (t0).

34 Set sk ← 1, ∀k ∈ c.

35 Output: [T ∗
i ]∀i∈A(t0)
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of the IDM and the proposed strategy are listed in Table 1, which
were derived from ref. [55] and slightly adjusted to fit the given
scenario in this study.

Two experiments were conducted in this study. Experiment 1
used a 4-vehicle group consisting of two CAVs and two HDVs as
a case study to demonstrate the detailed working process of the
proposed strategy. Two key features of the proposed strategy
were strategic slowdown and DO. The proposed strategy was

compared with a case where the strategic slowdown was inten-
tionally disabled, retaining only DO. The DO was implemented
by setting l� ¼ 0 in Algorithm 1, effectively removing the strate-
gic slowdown component.

Experiment 2 statistically evaluated the effectiveness of the
proposed strategy in enhancing traffic flow using 20-vehicle
groups. Various penetration rates were tested, defined by the
ratio of CAVs to the total number of vehicles. For instance, a
30% penetration rate indicates that 6 out of 20 vehicles are
CAVs. The proposed strategy was compared with two
optimization-based approaches: the static optimization (SO)
strategy and the DO strategy. The SO strategy was implemented
by solving Problem (7), where only the arrival time of a newly
entering vehicle was optimized. That is, the arrival times of pre-
viously entered vehicles had already been optimized upon their
entry into the control zone and remained fixed, reflecting the
static nature of this approach. The SO strategy is identical to
the one presented in ref. [46], except for the prediction model
of HDV behavior. While ref. [46] employed Newell’s car-
following model for prediction, we assumed a constant speed
for HDVs in all three strategies (SO, DO, and the proposed strat-
egy) to minimize the influence of the prediction model. Notably,
the same lower-level control method was applied to both the SO
and DO strategies as in the proposed strategy.

Two performance indices were used in the experiments.
The first was the average TTD (ATTD), used in ref. [50]
defined as

Figure 10. Effect of input constraint (2) on the unconstrained solution uuci ðtÞ : a) when uuci ðt0Þ > 0 and b) uuci ðt0Þ < 0.

Table 1. Parameters used in the experiments.

Parameters Symbols Values

Safe time gap to prevent lateral collisions T lat 1.5 s

Safe time gap to prevent rear-end collisions T rear 1.5 s

Maximum allowable speed vmax 30 m s�1

Maximum control input umax 3 ms�2

Minimum control input umin �6 m s�2

Minimum standstill distance dmin 3.5 m

Minimum time headway Tmin 1.5 s

Sampling time ts 0.1 s

Desired maximum acceleration amax 3 m s�2

Comfortable deceleration bc 3 m s�2

Vehicle length L 4.5 m

Figure 11. Scenario of Experiment 1.
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Figure 12. Position, speed, and acceleration profiles obtained using a) the DO strategy and b) the proposed strategy in Experiment 1. Red lines represent
vehicles on the main road, and blue lines represent vehicles on the ramp road. Solid lines indicate CAVs, while dashed lines indicate HDVs.
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Figure 13. Arrival times obtained using a) the DO strategy and b) the proposed strategy in Experiment 1. Red lines represent vehicles on the main road,
and blue lines represent vehicles on the ramp road. Solid lines indicate CAVs, while dashed lines indicate HDVs.
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ATTD ¼ 1
M

XM
i¼1

TTDi (40)

whereM is the total number of vehicles passing through the con-
trol and merging zones. Note that the TTD is the objective func-
tion in the arrival time optimization problem. The second
performance index was the control cost, calculated by

Control cost ¼
XM
i¼1

Z
∞

0
u2i ðtÞdt (41)

which reflects the energy consumption of the vehicles.

4.2. Experiment 1: Investigating the Effects of Strategic
Slowdown Using a 4-Vehicle Group

Vehicles 1, 2, 3, and 4 were designated CAV, CAV, HDV, and
HDV, respectively, with r1 ¼ r3 ¼ r4 ¼ 1 and r2 ¼ 0, indicating
that only CAV 2 was on the main road. They entered the
control zone at t= 1, 1.5, 2, and 3 s with initial speeds of 24,
30, 24, and 24m s�1, respectively. The scenario is illustrated
in Figure 11.

The results obtained by the DO and proposed strategies are
presented in Figure 12 and 13, respectively. Figure 12 compares
the position, speed, and acceleration (i.e., control input)

Figure 14. Comparison of performance indices between the DO and the proposed strategies in Experiment 1. a) ATTD. b) Control cost.
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Figure 15. Comparison of ATTD between the SO, DO, and proposed strategies across different penetration rates for a) Tg ¼ 0.5 s, b) Tg ¼ 1 s,
c) Tg ¼ 1.5 s, and d) Tg ¼ 2 s in Experiment 2.
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trajectories of the DO strategy (see Figure 12a) and the proposed
strategy (see Figure 12b). The proposed strategy allowed CAV 2 to
exit the control zone first and provided smooth speed and accel-
eration profiles. In contrast, the DO strategy caused CAV 2 to exit
the control zone last, with significant changes in speed and
acceleration.

The difference between the strategies arose from the use of
strategic slowdown in the proposed strategy, as illustrated in
Figure 13. In the DO strategy, the arrival time of CAV 2 was
placed after the HDVs when each HDV entered the control zone
due to the lack of a safe time gap between CAV 1 and HDV 3 and
between HDV 3 and HDV 4. Conversely, in the proposed strat-
egy, the arrival time of CAV 2 was positioned before CAV 1,
owing to the strategic slowdown of CAV 1, which acted as the
strategic CAV. This strategic slowdown was chosen to minimize
the objective function.

This strategic slowdown led the proposed strategy to achieve a
16% reduction in ATTD and a 65% reduction in control cost
compared to the DO strategy, as shown in Figure 14.
Although control cost was not explicitly considered in the opti-
mization, the proposed strategy benefited from the strategic
slowdown, which mitigated merging uncertainties and resulted
in smoother control actions.

The results of Experiment 1 were reproduced in an open-
source simulator, Carla 0.9.15, which uses the physics engine
Unreal Engine, and are available at https://github.com/GIST-
MIC-Lab/Cooperative-merging-in-mixed-traffic.

4.3. Experiment 2: Investigating the Effects of the Proposed
Strategy on Traffic Flow Using 20-Vehicle Groups

Ten vehicles traveled on both the main and ramp roads. Ten pen-
etration rates, ranging from 10% to 100% in 10% increments,
were tested to determine the number of CAVs, with the vehicle
type (CAV or HDV) randomly assigned. The time of entry into
the control zone for vehicle i was randomly determined as
iTg þ 0.8Tgx, where x is a random variable uniformly distributed
between �1 and 1, ensuring that the time gap between two
vehicles entering the control zone was greater than 0.4Tg. If
the entering time of a vehicle resulted in a smaller gap to its pre-
ceding vehicle on the same road than T rear, its entry time was
adjusted to ensure a time gap at least T rear. Four difference values
of Tg were considered: Tg ¼ 0.5, 1, 1.5, and 2 s. The initial
speeds of vehicles on the main and ramp roads were randomly
set between ½26, 30� and ½13, 15�m/s, respectively. The initial
speeds were adjusted as needed to comply with the the rear-
end collision constraint (5). Each combination of penetration rate
and Tg was tested 1000 times.

Figure 15 compares the ATTD values between the SO, DO,
and proposed strategies across different penetration rates for
Tg ¼ 0.5, 1, 1.5, and 2 s. The ATTD decreased in all strategies
as the value of Tg increased, since a larger Tg reduced the likeli-
hood of conflicts between vehicles. In the SO strategy, ATTD
increased up to a penetration rate of 50% and then dropped

Figure 16. Comparison of ATTD reduction by the DO and proposed strategies relative to the SO strategy across different penetration rates for
a) Tg ¼ 0.5 s, b) Tg ¼ 1 s, c) Tg ¼ 1.5 s, and d) Tg ¼ 2 s in Experiment 2.
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sharply. While the proposed strategy consistently yielded lower
ATTD values than the SO strategy across various combinations
of Tg and penetration rates, the DO strategy exhibited higher
ATTD values than the SO strategy at lower penetration rates
when Tg ≤ 1.5 s.

This trend is more clearly illustrated in Figure 16, which
presents the ATTD reduction rates of the DO and proposed
strategies relative to the SO strategy across different penetration
rates for Tg ¼ 0.5, 1, 1.5, and 2 s. The ATTD reduction rate of
the DO strategy reached up to 20% under certain low-penetration
conditions, suggesting that DO alone may not effectively handle
HDV uncertainties when the proportion of CAVs is small. In
contrast, the proposed strategy consistently mitigated the adverse
effects of DO, reducing its limitations when DO underperformed
and further enhancing its benefits when DO was effective.
This demonstrates that the strategic slowdown mechanism of
the proposed strategy helps stabilize traffic flow across different
conditions.

The proposed strategy outperformed the SO strategy in terms
of ATTD reduction at penetration rates above 30, 40, 50,
and 10% for Tg ¼ 0.5, 1, 1.5, and 2 s, respectively. Based on
these results, we estimate that the minimum penetration rate
required for the proposed strategy to be effective ranges between
30% and 50%. Notably, at a penetration rate of 70% with
Tg ¼ 2 s, the proposed strategy achieved an ATTD reduction
of up to 31%, demonstrating substantial improvements. The

peak reduction effect was observed at penetration rates of
60% to 70% across all Tg values. At a 100% penetration rate
(i.e., when all vehicles are CAVs), where cooperation becomes
trivial, all strategies yielded nearly identical ATTD values.

Figure 17 presents the control costs of the SO, DO, and pro-
posed strategies across different penetration rates for Tg ¼ 0.5,
1, 1.5, and 2 s. Overall, control costs tended to decrease across
all strategies as Tg and the penetration rate increased, indicating
that larger entry time gaps between vehicles and a higher propor-
tion of CAVs led to reduced acceleration and deceleration effort.

The control costs for the DO and proposed strategies were
generally higher than those of the SO strategy under most con-
ditions, likely due to the active adjustment of control actions
driven by DO and strategic slowdown. Future research should
explore smoother control strategies that maintain a similar
ATTD reduction effect while minimizing energy consumption
(i.e., reducing control costs).

When comparing the proposed strategy and the DO strategy,
the proposed strategy demonstrated better efficiency, achieving
lower ATTD values while maintaining nearly identical control
costs (see Figure 15 and 16).

For a case study of the results from Experiment 2, a scenario
with a penetration rate of 70% and Tg ¼ 1.5 s was selected from
the 1000 repetitions. The position, speed, and acceleration trajec-
tories for this scenario are presented in Figure 18, 19, and 20,
respectively. As shown in Figure 18, the last vehicle exited the
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Figure 17. Comparison of control costs for the SO, DO, and proposed strategies across different penetration rates for a) Tg ¼ 0.5 s, b) Tg ¼ 1 s,
c) Tg ¼ 1.5 s, and d) Tg ¼ 2 s in Experiment 2.
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Figure 18. Position trajectories obtained using a) the SO, b) DO, and c) proposed strategies for a scenario with Tg ¼ 1.5 s and a penetration rate of 70%.
Red lines represent vehicles on the main road, and blue lines represent vehicles on the ramp road. Solid lines indicate HDVs, while dashed lines indicate
CAVs.
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Figure 19. Speed trajectories obtained using a) the SO, b) DO, and c) proposed strategies for a scenario with Tg ¼ 1.5 s and a penetration rate of 70%.
Red lines represent vehicles on the main road, and blue lines represent vehicles on the ramp road. Solid lines indicate HDVs, while dashed lines indicate
CAVs.
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Figure 20. Acceleration trajectories obtained using a) the SO, b) DO, and c) proposed strategies for a scenario with Tg ¼ 1.5 s and a penetration rate of
70%. Red lines represent vehicles on the main road, and blue lines represent vehicles on the ramp road. Solid lines indicate HDVs, while dashed lines
indicate CAVs.
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control zone the earliest (40.5 s) with the proposed strategy, com-
pared to 47.1 and 45.8 s for the SO and DO strategies, respec-
tively. This earliest exit (equivalently, the lowest ATTD) was
made possible by a strategic slowdown at �25 s. The proposed
strategy also resulted in smoother speed profile compared to
the other strategies.

The computation times for these results were measured using
tic-toc function in MATLAB and are compared in Table 2. The
mean computation times were less than 80 μs for all strategies,
indicating their feasibility for real-time implementation.
However, the maximum computation times for the DO and pro-
posed strategies were 5.74 and 9.04ms, respectively, which were
more than twice that of the SO strategy. Nevertheless, computa-
tion times at the millisecond level remain sufficiently low for
real-time applications.

5. Concluding Remarks

This study presented an optimization-based cooperative merging
strategy for CAVs in mixed traffic. The strategy utilized a hierar-
chical optimization framework, with the upper level optimizing
CAV arrival times at the merging point and the lower level deter-
mining energy-efficient control inputs for each CAV. The key
contributions of this study lie in the upper-level optimization.
Strategic Influence of CAVs on HDV Behavior: The approach stra-
tegically slows down the preceding CAV to influence following
HDVs, allowing other CAVs to merge ahead with reduced uncer-
tainty, without relying on precise HDV predictions.

Full CAV Cooperation: The strategy evaluates various coopera-
tive actions among all CAVs to determine the optimal slowdown
pattern, maximizing overall traffic efficiency.

Dynamic Optimization: The optimization is performed in real
time at each time a new vehicle enters the control zone, effec-
tively adapting to variations in HDV behavior.

These features enable the proposed strategy to effectively coor-
dinate multiple CAVs and manage uncertainties associated with
HDVs in complex merging scenarios, demonstrating its poten-
tial for real-world mixed traffic conditions. Results demonstrated
that the proposed strategy significantly reduces the ATTD by up
to 31% compared to the SO strategy.

Future research will focus on developing a more articulated
approach for multi-lane settings considering detailed lane-
change behaviors of HDVs when they are subject to the strategic
slowdown by their preceding CAVs. An idea of this is to consider
probabilistic reactions of HDVs when subject to the strategic
slowdown. An HDV may take a lane change with a certain prob-
ability depending on its driving characteristic. This probabilistic

behavior is expected to be learnt through data-driven methods
and can be incorporated into the optimization process.
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