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Abstract—Freeway bottlenecks caused by traffic incidents
contribute significantly to large-scale traffic congestion. Tra-
ditional strategies, including variable speed limit (VSL) and
ramp metering, are commonly used for freeway traffic con-
gestion management. Recently, vehicle platooning has become
a promising way to alleviate traffic bottlenecks. This work
proposes a novel framework that combines VSL and vehicle
platooning for freeway bottleneck, referred to as VSL-VP, in
mixed traffic of connected and autonomous vehicles (CAVs) and
human-driven vehicles (HDVs). First, the upstream road of a
bottleneck is divided into two segments, called the former and
the latter ones. VSL limits vehicle speed at the former segment,
thereby reducing inflow traffic to the latter one. Then, deep
reinforcement learning is employed for CAV platooning at the
latter segment, where low traffic flow density and large car-
following distance create conditions for smooth lane change and
platoon formulation of CAVs. Simulation results demonstrate that
VSL-VP significantly enhances the bottleneck throughput and
reduces traffic congestion at elevated levels of CAV penetration
rates.

Key Words—Freeway bottleneck, variable speed limit, vehicle
platooning, deep reinforcement learning.

I. INTRODUCTION

TRAFFIC bottleneck refers to a localized constriction
of traffic flow occurring when traffic demand exceeds

the available capacity due to poor road design, improper
traffic light time, or traffic incidents, which directly cause
traffic congestion [1]. These bottlenecks are predominantly
responsible for the majority of large-scale congestion on
freeways [2]. Traditional traffic control methods aimed to
alleviate freeway bottlenecks include ramp metering (RM) [3]
and variable speed limit (VSL) [4, 5, 6]. RM prevents vehicles
from entering congested areas, while VSL reduces the vehicle
speed at the upstream road of the bottleneck to alleviate traffic
demand. Despite the commendable performance exhibited by
both methods in preventing congestion caused by bottlenecks,
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they possess inherent limitations. RM may disrupt the nearby
road traffic when the on-ramp road is temporarily closed,
and VSL may adversely affect the upstream traffic of the
bottleneck [7].

Considering the challenges of traditional strategies in ad-
dressing freeway bottlenecks, it is pertinent to acknowledge the
significant transformation underway in traffic styles and man-
agement. With the rapid advancement of vehicular automation
and communication technology, connected and automated ve-
hicles (CAVs) are progressively occupying a significant share
of the automotive market [8]. In the foreseeable future, CAVs
and human-driven vehicles (HDVs) are anticipated to coexist
on the same roads, thereby transforming the traffic environ-
ment from predominantly HDVs to a mixture of CAVs and
HDVs [9], [10]. Subsequently, the exploration of new traffic
bottleneck control strategies in a mixed traffic environment
becomes imperative. [11].

One of the most promising strategies in intelligent trans-
portation systems is vehicle platooning [12]. A vehicle platoon
refers to a group of CAVs driving closely together in the same
lane of a road segment, maintaining a uniform, reduced car-
following distance and time headway while traveling at higher
speeds [13]. Consequently, vehicle platoons hold significant
promise for enhancing roadway capacity. Moreover, due to
minimized aerodynamic drag, the fuel consumption can be
reduced [14, 15]. Numerous studies have demonstrated the
advantages of vehicle platoons in mitigating traffic bottle-
necks [16, 17]. Vehicle platooning is a process in which a
group of adjacent CAVs form a stable platoon by joining
and merging operations [18]. Zhao et al. propose a platoon
formation method based on model predictive control (MPC)
to optimize platoons passage through intersections on a green
phase with minimal fuel consumption [19]. Smith et al. present
a MPC-based approach for vehicle platooning in urban traffic
settings, demonstrating the potential in enhancing urban traffic
throughput [20].

Since CAVs are typically distributed randomly within mixed
traffic flow, several maneuvers, including joining, leaving,
merging, and splitting, need to be executed to organize neigh-
boring CAVs into a platoon. These maneuvers might have
adverse impacts, such as triggering undesired congestion [21].
However, the existing studies often overlook vital decision-
making details regarding these maneuvers [22]. For instance,
few studies address the determination of the optimal joining
time, which signify the moment when a CAV should perform
lane change and acceleration operations to ensure safe and
efficient integration into the platoon. Moreover, as the platoon



length increases, the dimension of the solution space expands,
resulting in a significant increase in computational complexity.
Recent advancements in deep reinforcement learning (DRL)
have shown great promise in tackling complex control prob-
lems characterized by uncertain and high-dimensional state
and action spaces [23, 24, 25]. Some studies have begun to
apply DRL to control platoons. For instance, Li et al. propose
a multi-agent reinforcement learning algorithm to control
vehicle platoons and improve energy efficiency during traffic
oscillations [26]. Another study [27] develops a DRL-based
hierarchical model. It integrates platooning and coordination to
enhance CAV control, consequently reducing travel time and
fuel consumption at signal-free intersections. Shi et al. [28]
propose a distributed CAV longitudinal control strategy based
on DRL for mixed traffic comprising of CAVs and HDVs. A
novel approach is constructed to significantly reduce traffic
oscillation. However, to the best of our knowledge, no studies
have employed DRL to determine the optimal joining time of
CAVs in mixed traffic environments.

In bottleneck areas, when traffic density is high, it becomes
impractical for vehicles to safely perform lane-changing ma-
neuvers for platooning. Existing studies mainly focus on pla-
tooning under low-density conditions [29, 30, 31]. Therefore,
this work implements VSL to facilitate vehicle platooning.
More specifically, VSL restricts vehicle speeds to establish a
roadway segment characterized by reduced traffic flow density
and increased car-following distance. This ensures a smooth
lane change of CAVs for the formation of platoons in a safe
and efficient manner. To the best of our knowledge, this is the
first work to integrate VSL and vehicle platooning to alleviate
bottlenecks in large-scale mixed traffic flows. The primary
contributions are summarized as follows:

1) It proposes a novel framework that combines VSL and
vehicle platooning to address bottlenecks. Firstly, VSL
sets speed limits, thereby reducing the inflow to the bot-
tleneck. The low traffic flow density and extended car-
following distance form favorable conditions for CAVs
to execute safe lane-changing maneuvers for platooning.

2) To address the high-dimensional solution space of CAV
platooning, this work employs sliding windows to parti-
tion large-scale traffic flows into independent windows.
Within each window, DRL is utilized to determine
the optimal joining time for CAVs in a mixed traffic
environment. Curriculum learning is applied for training
the model [32]. Initially, the model is trained by learning
from experiences gathered from a simple scenario with
fewer vehicles. Subsequently, the model is calibrated
using large-scale traffic data across diverse conditions,
encompassing varying levels of CAV penetration rates
and vehicle densities.

In addition, extensive experiments are conducted to demon-
strate the efficacy of the proposed framework in alleviating
bottlenecks and reducing congestion. The impact of the vary-
ing window sizes on bottleneck throughput is explored, and
the scalability of the proposed framework is discussed.

The remainder of this paper is organized as follows. Section
II provides a problem description. Section III elaborates on

the methodology of combining VSL and vehicle platooning
for freeway bottlenecks. Section IV presents the conducted
experiments and analysis of the results. Finally, Section IV-E
concludes the paper and discusses future directions for re-
search.

II. PROBLEM DESCRIPTION AND PRELIMINARIES

A. Problem Description

In this work, a typical three-lane freeway is considered,
which is the most common configuration, with a bottleneck
caused by a blocked lane, as depicted in Fig. 1. The scenario
involves mixed traffic flow comprising of both connected and
automated vehicles (CAVs) equipped with Vehicle-to-Vehicle
(V2V) and Vehicle-to-Infrastructure (V2I) communication de-
vices and human-driven vehicles (HDVs) that lacks communi-
cation devices. Additional auxiliary components include road-
side units (RSUs) and VSL controllers. RSU equips devices
(e.g., traffic detectors, cameras, routers, etc.) to collect vehicle
data and facilitates the transmission of vehicle states via
V2I communication. VSL controller dynamically controls the
speed limits by altering the speed-limit sign on a freeway
segment. Connected Vehicle Center (CVC) oversees all con-
nected devices through communication. In this context, a CAV
platoon is defined as two or more adjacent CAVs traveling with
a uniform, small car-following distance and time headway but
at high speeds within the same lane.

When a bottleneck occurs randomly in a certain area,
an RSU collects such information and relays it to CVC.
Subsequently, the CVC dynamically divides the upstream
road of the bottleneck into a former road segment (S-1) for
VSL implementation and a latter segment (S-2) for vehicle
platooning in a dedicated lane, as illustrated in Fig. 1.

The objective of this work is to mitigate the freeway bot-
tleneck by combining VSL and vehicle platooning. However,
there are two critical problems to be addressed:

1) How to reduce the vehicle density for platooning. Bot-
tlenecks typically result in traffic congestion. When the
vehicle density is too high, lane-changing maneuvers
become impossible at the bottleneck due to inadequate
car-following distance, hindering the formation of CAV
platoons..

2) How to manage individual CAVs to form platoons in
a mixed traffic environment. This involves selecting a
leader CAV and determining the optimal time for other
CAVs to join a platoon..

B. Basic Definitions and Assumptions

Definition 1 (CAV penetration rate). A CAV penetration
rate pl refers to the proportion of CAVs within a road lane l
calculated by

𝑝𝑙 =
𝑛𝑙,𝑐

𝑛𝑙,𝑐 + 𝑛𝑙,ℎ

where 𝑛𝑙,𝑐 and 𝑛𝑙,ℎ denote the count of CAVs and HDVs in
𝑙, respectively.

Given a penetration rate, the distribution of CAVs may
vary across different spatial areas. Platoon intensity is used
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Fig. 1. A bottleneck in a three-lane freeway with mixed
traffic.

to measure the distribution of CAVs[33] and provide the
following mathematical definition.

Definition 2 (Platoon intensity)[34]. A platoon intensity,
denoted as Il, represents the ratio of the actual number of
CAVs in platoons to the total number of CAVs in the mixed
traffic flow within the same lane. It is calculated by

𝐼𝑙 =

∑𝑍
𝑘=2 𝑘 × 𝑚𝑘

𝑛𝑐
𝑙

where 𝑘 is the number of vehicles (called size) of a platoon,
𝑚𝑘 is the number of platoons with size 𝑘 , 𝑚𝑘 ≥ 2, and 𝑍 is
the maximum size of a platoon.

Additionally, the following assumptions are made:
1) Within the communication range, the state of a CAV

can be acquired by RSUs and transferred to CVC. No
communication delay or detection error is considered in
this scenario.

2) Each CAV receives and strictly adheres to the corre-
sponding commands from the CVC, including speed and
lane-changing maneuvers.

3) To ensure the safety and efficiency of the approach,
HDVs are prohibited from entering the CAV dedicated
lane, while CAVs are permitted to enter any lane on
S-2 to form a platoon. It is worth noting that some
existing studies utilized a dedicated lane for CAVs
[35, 36, 37, 38]. This serves to segregate CAVs from the
heterogeneous traffic and mitigate the negative effects of
random driving behaviors exhibited by HDVs on CAVs
in mixed traffic flow.

III. METHODOLOGY

This section introduces a framework that combines VSL
and vehicle platooning (VSL-VP) to alleviate the freeway
bottlenecks in a mixed traffic environment consisting of CAVs
and HDVs. Firstly, a framework is outlined, followed by the
technical details where a RL-based method for platooning is
proposed. Some notations that will be used in the following
content are defined in Table I.

A. Framework of VSL-VP
A schematic representation of the proposed VSL-VP is

depicted in Fig. 2. The framework divides the upstream road

TABLE I NOTATIONS

Notations Meaning
𝑝𝑙 CAV penetration rate of lane 𝑙.
𝐼𝑙 Platoon intensity of lane 𝑙.
𝐹𝑖𝑛 Total inflow of the bottleneck.
𝐹𝑜𝑢𝑡 Total outflow of the bottleneck.
𝑛𝑙,𝐶 Number of CAVs in lane 𝑙.
𝑛𝑙,𝐻 Number of HDVs in lane 𝑙.

of the bottleneck into two distinct segments, denoted as S-1
and S-2. Vehicle platooning occurs in S-2. In order to ensure
sufficient car-following distance for lane-changing maneuvers
to form platoons, VSL is adopted in S-1. As vehicles approach
S-1, VSL controllers transmit speed limits, thereby slowing
down traffic flow and decreasing the inflow of S-2. RSUs
positioned within S-1 collect vehicle data and relay it to CVC.
Subsequently, CVC calculates the CAV penetration rate and
platoon intensity for each lane and chooses a dedicated lane
for vehicle platooning. A coefficient, denoted as 𝐷𝑙 , is defined
to determine lane 𝑙 as a dedicated lane, calculated by:

𝐷𝑙 = (𝜔1 ∗ 𝑝𝑙 + 𝜔2 ∗ 𝐼𝑙) ∗ 𝑏𝑙
where 1 and 2 represent the weights assigned to the CAV
penetration rate and platoon intensity, respectively. Addition-
ally, 𝑏𝑙 indicates whether lane 𝑙 has a bottleneck: 𝑏𝑙 = 0 if 𝑙 is
blocked, and otherwise, 𝑏𝑙 = 1. The lane with the highest value
of 𝐷𝑙 is selected as a dedicated lane for CAVs to formulate
platoons.

When vehicles leave S-1 and enter S-2, speed limits are
lifted, and vehicles begin to accelerate, thereby increasing
the car-following distance from the vehicles behind them.
A large car-following distance ensures smooth lane-changing
maneuvers of CAVs for formulating platoons safely and ef-
ficiently. However, coordinating all CAVs on segment S-2 to
start platooning simultaneously poses a challenge, and the size
of the platoons also influences the traffic flow stability and
road capacity [39]. Therefore, sliding-windows are employed
to divide the large-scale traffic flow into individual windows,
each comprising of a road section containing a finite number of
vehicles. CAVs within each window independently participate
in platooning based on deep reinforcement learning (DRL).
Upon entering S-2, vehicles are separated into several windows
according to their position and the maximum communication
distance between two CAVs. Here, the window size represents
the maximum number of vehicles in the window.

Within each window, the CAV closest to the bottleneck is
typically selected as a leader. The leader moves to the dedi-
cated lane. Then, DRL is used to determine the optimal time
for CAVs, excluding the leader, to join a platoon. Windows
containing only one CAV do not require a leader. It verifies
if there is another platoon within the communication range of
this CAV. If a platoon is detected, the CAV joins it; otherwise,
it remains independent. Further details of DRL are presented
in the following subsections.

B. Reinforcement Learning for Platooning

Reinforcement learning (RL) is an algorithm that describes
how an agent takes actions to maximize expected benefits in



Fig. 2. Hierarchical framework of the VSL-VP.

an unknown environment [40]. As shown in Fig. 3, an RL
process mainly consists of the interaction between agent 𝐺

and the environment 𝑂. 𝐺 first takes the current state 𝑠 as
the input and learns a policy to choose an action a. After a is
performed, a reward 𝑟 is obtained. Subsequently, environment
𝑂 changes and the state is transformed into a new one 𝑠′. The
agent dynamically interacts with the environment and updates
its strategy to maximize the accumulated rewards [41]. This
procedure is regarded as a Markov Decision Process (MDP),
which can be described as a four-tuple {𝑆, 𝐴, 𝑃, 𝑅}, where:

1) 𝑆 denotes a traffic state space, where 𝑠 ∈ 𝑆 is a specific
state;

2) 𝐴 denotes an action space, where 𝑎 ∈ 𝐴 is a specific
action;

3) 𝑃 = 𝑆𝐴𝑆 denotes the transmission probability among
states; and

4) 𝑅 denotes a reward space, where 𝑟 ∈ 𝑅 is a specific
reward.

In order to gradually improve the environment to the ideal
state, RL agents select actions according to an optimal policy
function denoted by 𝜋. The goal of 𝜋 is to maximize the cu-
mulative expected rewards originating from the initial state. If
agents are aware of the optimal cumulative reward at a specific
state, they can select actions that yield the highest reward [42].
The cumulative reward can be recursively determined by using
the Bellman equation [43]. For instance, the agent at a certain
state 𝑠 takes an action a to reach the next state 𝑠′ and gets a
reward 𝑟, which is denoted by a tuple (𝑠, 𝑎, 𝑟, 𝑠′), and then the

Fig. 3. RL for vehicle platooning.

cumulative reward denoted by 𝑄𝜋(𝑠, 𝑎) under policy 𝜋 can be
calculated by

𝑄 𝜋 (𝑠, 𝑎) = 𝐸𝑠′𝑟 + 𝛾 [𝑚𝑎𝑥] (𝑎′) [𝑄 𝜋] (𝑠′, 𝑎′) |𝑠, 𝑎

where 𝑎′ ∼ 𝜋(𝑠′) is an action selected according to policy 𝜋

at state 𝑠′, 𝛾 is a discount factor, and 𝑎′ is the best possible
action.

Deep Q-network (DQN) [44] is proposed to estimate the
𝑄𝜋(𝑠, 𝑎), i.e., determining the optimal time for a CAV to
join a platoon. CAV platooning is formalized as a MDP with
RL settings, which involves trial-error interaction with the
environment, as illustrated in Fig. 3. The design of the state,
action, transition probability, and reward is given next.

Agent: A set of vehicles in a sliding-window is treated
as an agent. Notice that each window conducts platooning
independently, thus minimizing the interference among agents.
The goal of each agent is to enhance traffic throughput at the
bottleneck and reduce congestion.

State: 𝑠𝑖 is a state of window 𝑖, denoted by:

𝑠𝑖 = (𝑑𝑖,𝑙 , 𝑑𝑖,𝑐, 𝑑𝑖,ℎ, 𝑑𝑏)

where 𝑑𝑖 ,𝑙, 𝑑𝑖 ,𝑐, and 𝑑𝑖 ,ℎ respectively represent the vehi-
cle state of the leader, CAVs, and HDVs within window 𝑖,
including their position, speed, and lane allocation, and 𝑑𝑏
denotes the state of the bottleneck, including its position and
the blocked lane.

Note that the number of vehicles (up to a maximum of 𝐿)
and CAV penetration rate in each window may vary. To ensure
a uniform dimension of state s across different windows,
windows with fewer than 𝐿 vehicles are padded with zero
vectors. The state information is refreshed after each time step.

Action: At time step 𝑡, DRL receives a state 𝑠𝑖 and takes an
action 𝑎𝑖 , which is a set of actions of all CAVs within window
𝑖. The size of the action ai depends on the number of CAVs.
A discrete action space {𝑎𝑖, 𝑗 } is used, where 𝑎𝑖 𝑗 = 1 indicates
CAV 𝑗 within window 𝑖 takes an action to join the platoon.
It changes the lane, accelerates to catch the leading CAV, and
joins the platoon, and 𝑎𝑖 𝑗 = 0 indicates that 𝑗 maintains the
current state unchanged.

Reward: An agent receives rewards that encourage future
positive behaviors with the goal of enhancing traffic through-
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put of the bottleneck. Four rewards are utilized to address
specific aspects of traffic flow dynamics within the bottleneck.

1) The first reward, denoted as 𝑟1, is associated with
traffic throughput. It is only granted at the end of the
simulation, which is defined as:

𝑟1 = 𝐹𝑖𝑛 − 𝐹𝑜𝑢𝑡

where 𝐹𝑖𝑛 and 𝐹𝑜𝑢𝑡 represent the total inflow and
outflow of the bottleneck, respectively.

2) The second reward, 𝑟2, describes the average vehicle
speed at the bottleneck:

𝑟2 = 𝑣

where represents the average vehicle speed.
3) The third reward, 𝑟3, corresponds to the number of stops

made by vehicles in the bottleneck area. To discourage
excessively long traffic jams before a bottleneck, a
penalty term is designed:

𝑟3 = −𝑛𝑠
(8) where ns is the total number of stops made by
vehicles. In the simulation, a vehicle with a speed lower
than 3 𝑚/𝑠 is counted as a stop.

4) The fourth reward, 𝑟4, is associated with platoon density,
which refers to the proportion of CAVs participating
in platooning to the total CAVs in each window. A
small positive value of 𝑟4 is assigned to windows with
high platoon density at each time step to encourage the
achievement of platooning earlier:

𝑟4 =
𝑛𝑖, 𝑝

𝑛𝑖,𝑐

where 𝑛𝑖,𝑐 and 𝑛𝑖, 𝑝 are the total number of CAVs and
the number of CAVs participating in platooning within
window 𝑖, respectively.

C. DQN

The framework for DRL with a DQN is depicted in Fig. 4,
encompassing two distinct levels. The upper level is respon-
sible for decision making, including neural network training
and action processing. Specifically, the training consists of
three key components [44]. A Q-network with the current
parameters plays a pivotal role in determining the policy
governing the agent’s actions. A target Q-network with the
previous parameters is employed to generate Q values crucial
for the loss function during the training process. A replay
memory is served as a repository for storing and recalling
training samples. During the training process, the data are
randomly extracted from the replay memory. Then, the pa-
rameters are updated multiple times per time step and are
periodically copied toˆafter every iterations. In the Q-network,
𝑄̂(𝑠, 𝑎; )̂ represents the output estimating the value obtained
by the agent taking action a under state 𝑠. Simultaneously,
represents the output of the target network. At each iteration ,
the parameter is updated to minimize the loss function given
by:

𝐿 (𝜃) = 𝐸 [(𝑟 + 𝛾𝑚𝑎𝑥𝑎′𝑄̂(𝑠′, 𝑎′; 𝜃) −𝑄(𝑠, 𝑎; 𝜃))2]

Fig. 4. Framework for DRL with a DQN.

When the training is completed, the 𝑄 values output by
the 𝑄 network need to be further processed to convert into
actions. This includes filtering out illegal actions. For example,
once a CAV successfully joins a platoon, it is restricted
from executing additional joining maneuvers. The low level is
responsible for decision execution. Following the actions de-
termined by the upper level, RSUs relay these actions to each
CAV. Based on the car-following model and lane-changing
model of CAVs, these actions are translated into speed and
acceleration commands, which the CAVs then execute.

IV. EXPERIMENTS

This section presents the experiments on platooning and
bottleneck control. It includes the training and testing phases
of the platooning model, as well as the evaluation of VSL-
VP in bottleneck control under varying CAV penetration
rates. Additionally, the impact of the window size on the
performance of VSL-VP is assessed.

A. Simulation Scenario

The simulation platform is PLEXE-SUMO [45], which is an
OMNeT++ framework that provides platooning functionalities
through the Plexe models implemented in SUMO [46]. The



(a) The G22 section in Google Map.

(b) The G22 section in SUMO.

Fig. 5. Simulation scenario.

simulation scenario for the experiment is based on a section
of QinglanExpy, G22, which is located at Qingdao, China, as
illustrated in Fig. 5.

In simulation, the utilization of SUMO is pivotal, given
its provision of an array of classical car-following and lane-
changing models. For the longitudinal motion of HDVs, an
Intelligent Driver Model (IDM) is employed [47] because
of its ability to realistically replicate the behavior of HDVs
in terms of acceleration and deceleration patterns. Mean-
while, a Cooperative Adaptive Cruise Control (CACC) model
[48, 49] is selected to control the longitudinal motion of
CAVs. CACC, renowned for its cooperative and adaptive
characteristics, is well-suited for capturing the autonomous
and interconnected behavior of CAVs. Regarding lateral mo-
tion, both HDVs and CAVs are governed by SUMO’s de-
fault lane change model LC2013 [50], which incorporates
realistic considerations such as safety distances and traffic
conditions to ensure a good representation of lateral dynamics.
In addition, the detailed simulation parameters are shown in
Table II [36]. Our developed source codes are accessible at
https://github.com/TongLu0223/VSL-VP.

B. Result on Platooning

Firstly, the DRL-based vehicle platooning model is trained
within an individual window situated in S-2. The initialization
of a window size 𝐿 = 5 is conducted. In this sample scenario,
five vehicles, including CAVs and HDVs, are randomly gen-
erated on the three-lane freeway, and a lane is blocked ahead
by a traffic incident, resulting in a bottleneck. During training
within a single window, the traffic flow is stable, and there is
no significant congestion. Therefore, only vehicle platooning is
employed for control. When vehicles within the window enter
S-2, a leader is designated, and subsequently, DQN determines
the optimal time for CAVs to join the platoon. The training
utilizes rewards 𝑟2 and 𝑟4 only. The reward function is

𝑟=𝜔3 ∗ 𝑟2 + 𝜔4 ∗ 𝑟4

where 3 = 0.9 and 4 = 0.1. A higher weight is assigned
to 𝑟2 since 𝑟2 is the most significant optimization objective.

TABLE II Parameter Setting of Experiments

Parameter Value

SUMO
Simulation time per episode (s) 6000
Vehicle size (m) 4.8 × 1.8
Simulation step (s) 0.1
Length of S-1 (m) 3000
Length of S-2 (m) 500
Lane-change model LC2013
Window size 𝐿 (veh) 5
Max window length (m) 100
V2V communication distance (m) 100
Maximum speed limit in S-1 (m/s) 25

HDV
Maximum speed (m/s) 33.33
Desired speed (m/s) 30.55
Maximum acceleration (𝑚/𝑠2) 3.5
Minimum acceleration (𝑚/𝑠2) -2.8
Car-following model IDM

CAV
Maximum speed (m/s) 33.33
Maximum acceleration (𝑚/𝑠2) 3.5
Minimum acceleration (𝑚/𝑠2) -4
Car-following model CACC

Model training
Discount factor 0.95
Learning rate 0.001
Training batch size 256
Memory length 20000
Epsilon decay 0.98

Fig. 6. Reward in training for platooning.

The result of 700 episodes of training is shown in Fig. 6. It
can be observed that the average reward gradually rises and
eventually stabilizes, demonstrating a clear convergence trend.
After successfully converging, the model controls the CAVs
within the window to form a stable platoon before reaching
the bottleneck area. A video of this scenario can be found in
https://youtu.be/I4CYQyf-TmE.

Fig. 7 depicts the variation of the average vehicle speed
within this sample scenario. Vehicles pass through the bot-
tleneck at approximately 30 seconds. Since vehicles in the
blocked lane need to decelerate and change lanes in advance,
the average vehicle speed is significantly reduced. The results
indicate that the CAVs exhibit smooth speed variations and
achieve high speeds through the bottleneck compared to vehi-
cles without platooning.
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Fig. 7. Average vehicle speed.

Then, curriculum learning is adopted to speed up the
learning process. Curriculum learning is especially preferable
for safety-critical tasks (e.g., autonomous driving), as starting
from a proficient model can greatly reduce the number of blind
explorations that may pose risks [51]. Specifically, the training
of the model is continued in a large-scale traffic flow with 100
vehicles entering the road per minute. To enhance the perfor-
mance of the model in a large-scale traffic flow, additional
reward constraints are introduced to capture the complexity
of traffic flow dynamics. The training process incorporates
various traffic scenarios with different CAV penetration rates.
During the initial training phase, the vehicle density is set to
40 vehicles per kilometer. All rewards 𝑟1−𝑟4 are considered in
the training process. The agent is trained by a weighted sum
of all rewards:

𝑟=𝜔5 ∗ 𝑟1 + 𝜔6 ∗ 𝑟2 + 𝜔7 ∗ 𝑟3 + 𝜔8 ∗ 𝑟4

where 5 = 0.68, 6 = 0.1, 7 = 0.2 and 8 = 0.02. The
rationales for determining the values of weights are as follows.
In the context of a large-scale traffic flow, throughput of the
bottleneck represented by 𝑟1 is the most critical optimization
objective. Therefore, it receives the highest weight. To prevent
congestion and excessive jams before the bottleneck, rewards
𝑟2 and 𝑟3 are also assigned weights. Reward 𝑟4 encourages
CAVs to form platoons as soon as possible, thereby augment-
ing the convergence speed of the model.

Fig. 8 displays the performance on four major metrics,
respectively: bottleneck throughput, mean vehicle speed, mean
number of stops, and mean platoon density at the bottleneck.
It reveals the convergence of each reward over the process of
training. Specifically, the bottleneck throughput, mean speed,
and platoon density within the bottleneck area exhibit a
gradual increase trend with the training. This suggests that
the model effectively learns to enhance traffic throughput
and overall system efficiency. Contrarily, there is a notable
reduction in the mean number of stops for vehicles, signifying
a decrease in traffic oscillations. The results demonstrate
the effectiveness of the proposed method in achieving traffic
performance optimization.

(a) Bottleneck throughput (b) Mean speed

(c) Mean number of stops (d) Mean platoon density

Fig. 8. Training performance in large-scale traffic flow.

Fig. 9. Performance at different CAV penetration rates.

C. Result on Bottleneck Control

To verify the effectiveness of VSL-VP, the following four
different strategies are employed for comparative experiments:

1) a baseline entails not utilizing any additional control
strategies for CAVs. Instead, it solely relies on the car-
following and lane-changing models of CAVs;

2) Only VSL is adopted on road segment S-1 to limit the
speed of vehicles;

3) VSL-VP without a dedicated lane; and
4) VSL-VP with a dedicated lane.
These are implemented on six CAV penetration rates: 0,

20%, 40%, 60%, 80%, and 100%, respectively. The bottleneck
throughputs are shown in Fig. 9. As the penetration rate
increases, the throughput of all strategies rises, and VSL-VP
demonstrates its efficacy in enhancing throughput. Specifically,
at penetration rates of 60%, 80%, and 100%, VSL-VP has a
significant improvement in bottleneck throughput compared
with baseline and VSL.

Then, the effects of the dedicated lane on the performance
of the proposed method are analyzed. At penetration rates
of 20%, 40%, and 6%, the introduction of the dedicated
lane decreases bottleneck throughput because a dedicated
lane restricts the entry of HDVs although enhancing CAV



TABLE III Comparison Results under Different CAV Penetration Rates

Strategy Throughput (veh/min) Mean speed (m/s) Mean time loss (s) Mean stops per vehicle Mean stopping duration (s) Mean / Max jam length (m)

(a) 0% CAV penetration rate
Baseline 58 6.97 31.36 1.17 65.52 255.14 / 347.91
VSL 61 12.17 24.76 0.89 49.31 231.54 / 308.04

(b) 20% CAV penetration rate
Baseline 60 6.62 31.98 1.97 60.99 226.51 / 287.24
VSL 65 14.52 21.39 0.86 39.09 151.66 / 207.88
VSL-VP 55 11.01 28.47 2.35 72.49 227.06 / 320.57
VSL-VP with a dedicated lane 47 10.38 29.83 2.56 74.61 317.87 / 404.61

(c) 40% CAV penetration rate
Baseline 66 6.11 33.27 2.24 38.01 227.64 / 309.81
VSL 69 15.09 19.04 0.91 20.42 150.99 / 220.92
VSL-VP 60 13.45 25.01 2.49 39.11 298.54 / 378.45
VSL-VP with a dedicated lane 53 10.32 29.65 2.72 43.98 301.99 / 398.21

(d) 60% CAV penetration rate
Baseline 68 6.46 32.33 3.03 17.60 154.66 / 246.51
VSL 73 13.15 25.71 1.25 14.17 106.75 / 208.23
VSL-VP 80 30.40 0.22 0.00 0.00 0.00 / 0.00
VSL-VP with a dedicated lane 77 24.99 4.78 0.45 6.35 12.48 / 33.27

(e) 80% CAV penetration rate
Baseline 69 7.43 27.11 2.88 12.67 107.95 / 217.86
VSL 72 12.13 26.02 0.72 9.69 82.73 / 181.67
VSL-VP 81 32.45 0.00 0.00 0.00 0.00 / 0.00
VSL-VP with a dedicated lane 83 32.44 -0.31 0.00 0.00 0.00 / 0.00

(f) 100% CAV penetration rate
Baseline 71 15.16 19.26 0.83 8.25 49.73 / 94.61
VSL 78 23.15 4.10 0.00 0.00 0.00 / 0.00
VSL-VP 82 30.55 0.00 0.00 0.00 0.00 / 0.00
VSL-VP with a dedicated lane 86 33.33 -0.79 0.00 0.00 0.00 / 0.00

platooning. As the penetration rate gradually increases to over
80%, CAV platoons can take full advantage of the dedicated
lane, thereby increasing bottleneck throughput. The impact of
the dedicated lane is dependent on the CAV penetration rate,
which has also been confirmed by recent studies [37], [38].

The results of different metrics under six penetration rates
are shown in Table III. At penetration rates of 20% and
40%, VSL-VP has lower mean speed but higher mean time
loss, mean stops per vehicle, mean stop duration, mean jam
length, and max jam length compared to both baseline and
VSL. At such penetration rates, a large number of HDVs
are present on the road. This makes it hard for CAVs to
form platoons. As a result, the advantages of CAV platoons
are not realized, and the platooning process has a negative
impact on the traffic flow, leading to a low mean speed and
more congestion. However, as the penetration rate increases
to over 60%, CAVs can form platoons easily. CAV platoons
can play their advantages, passing through the bottleneck
quickly. Therefore, VSL-VP has a higher mean speed but
lower mean time loss compared with both baseline and VSL.
It can successfully alleviate congestion, reducing the values
of mean stops, mean stopping duration, mean jam length, and
mean jam length to zero. Videos of these experiments can
be found in https://www.youtube.com/playlist?list=PLzq7Vw-
HmU2fLOuS4oGOkpTEyLHkFjV8CF.

The experimental results demonstrate the effectiveness of
VSL-VP in alleviating freeway bottlenecks. This is achieved
by enhancing bottleneck throughput, mitigating traffic oscilla-
tions, and reducing congestion, particularly in scenarios with
the CAV penetration rate exceeding 60%.

D. Window Size Test

In this work, confronted with the complexities of large-
scale traffic flow, sliding-windows are used to manage the

TABLE IV Impact of Different Window Size (Transposed)

Window size Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5 Scenario 6

5 67 80 68 81 70 82
10 68 80 69 82 71 83
15 66 79 70 79 72 83
20 63 76 68 78 74 84

CAV penetration 60% 60% 80% 80% 100% 100%
Vehicle density (veh/km) 30 40 30 40 30 40

traffic flow effectively. Specifically, a fixed window size of
𝐿 = 5 is maintained, thereby imposing a maximum platoon
size constraint of 5 vehicles. The choice of platoon size is
crucial in determining the dynamics of vehicle platoons and
their impact on traffic conditions [39]. Our experiments delve
into the exploration of various window sizes, conducted in
six scenarios with different CAV penetration rates and vehicle
densities. The objective is to assess the impact of altering the
window size on the performance of VSL-VP under varying
conditions. The results are shown in Table IV.

The impact of window size on bottleneck throughput varies
in different scenarios. In scenario 1, the initial increase in
the window size contributes to an improvement in bottleneck
throughput. However, a further increase in the window size
leads to a decline. In scenario 6, as the window size increases,
the bottleneck throughput keeps increasing. This phenomenon
can be attributed to the following reasons: In scenario 1,
when the window size initially increases, the number of CAVs
within the window rises, facilitating the formation of longer
and more platoons. As the window size continues to increase,
longer CAV platoons may impose restrictions on other HDVs
within the window, limiting their lane-changing operations.
Additionally, with an excessive number of CAVs, platoons
may not have completed formation by the time they reach the
bottleneck, resulting in a reduction in bottleneck throughput.
In scenario 6, because the CAV penetration rate is 100%, there
are no HDVs on the road. CAVs can form platoons more
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quickly and safely. Therefore, as the window size increases,
CAVs can form longer platoons, improve traffic efficiency, and
thus increase bottleneck throughput. Nevertheless, considering
other factors, such as the time complexity of the model, a
larger window size is not always good.

Hence, in each distinct scenario, the optimal window size
varies based on factors such as CAV penetration rate and vehi-
cle density. The most effective strategy involves dynamically
determining the window size in real time, enabling adaptive
responses to different traffic flows. This dynamic approach to
window size determination is a primary focus of our future
work, as it holds the potential to enhance the performance
of our vehicle platooning model across a range of traffic
scenarios.

E. Conclusion

In this work, VSL-VP, a novel framework that combines
VSL and vehicle platooning for the freeway bottleneck, is
proposed. It divides two road segments before the bottleneck
area. In the former segment, VSL is employed to reduce
vehicle density and increase car-following distance in the
latter segment by limiting vehicle speeds. This facilitates the
conditions for platooning. In the latter road segment, sliding-
windows are initially applied to partition the large-scale traffic
flow into independent windows. Within each window, DQN
is utilized to determine the optimal time for CAVs to join
the platoon, enabling CAVs to form a stable platoon and
pass through the bottleneck area, consequently enhancing
bottleneck throughput and reducing traffic congestion. Various
traffic performance metrics of VSL-VP under scenarios with
different CAV penetration rates are accessed. The results
demonstrate the effectiveness of VSL-VP in improving bot-
tleneck throughput and reducing traffic congestion at over
60% CAV penetration rate. The effectiveness of the dedicated
lane for CAVs and the impact of varying window sizes on
bottleneck throughput are also analyzed.

In future studies, further optimization will be proposed to
improve the efficiency of VSL-VP. Specifically, the window
size, determining the maximum platoon size, has an impact
on the bottleneck throughput. To refine and optimize this
aspect of the framework, some new approaches, such as Multi-
Agent Reinforcement Learning (MARL) [52], will be tried.
The incorporation of MARL introduces a more sophisticated
decision-making framework, enabling a collective and col-
laborative approach among multiple intelligent agents. By
employing MARL, the optimal window size should be dynam-
ically determined for vehicle platoons in real-time, enhancing
adaptability to evolving traffic conditions and improving the
overall efficiency and effectiveness of the proposed VSL-VP
framework in the bottleneck scenario of freeways.
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