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Abstract

Conventionally, existing vehicle platooning approaches are designed for connected vehicles,

typically including connected autonomous vehicles and connected human-driven vehicles.

Non-connected vehicles, such as non-connected autonomous or human-driven vehicles, are

not incorporated. As a result, these platooning approaches may not properly reflect real-world

mixed traffic conditions at the current stage. To address this limitation, this study proposes a

hybrid platooning pattern that conditionally permits non-connected vehicles to join platoons,

thereby enhancing platooning diversity and flexibility. However, it was found that the unreg-

ulated integration of non-connected vehicles can trigger rapid platoon expansion, significantly

amplifying the risk of disturbance propagation in traffic flow. This, in turn, exacerbates the

inherent conflict between traffic throughput and stability. To mitigate these challenges, this pa-

per further develops a hybrid platooning control strategy based on deep reinforcement learn-

ing (DRL). This strategy integrates vehicle dynamics, platoon topology, and traffic flow states

through a multi-level state representation network, enabling a dynamic trade-off between traf-

fic capacity and stability. Numerical simulations demonstrate that the proposed strategy effec-

tively suppresses velocity disturbance propagation by dynamically optimizing platoon struc-

tures, thereby significantly enhancing the stability and safety of mixed traffic while reducing

fuel consumption and emissions.
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1. Introduction

The rapid progress of new technologies such as the Internet of Vehicles (IoV) and Artificial

Intelligence (AI) has facilitated the development of vehicles. Many existing studies catego-

rize these vehicles into the following four types: (i) Human-driven Vehicles (HVs), i.e., tradi-

tional vehicles without automation or connection. (ii) Autonomous Vehicles (AVs), which pro-

vide driving automation but no connection. (iii) Connected Human-driven Vehicles (CHVs),

which offer communication capabilities but no automation. (iv) Connected Autonomous Ve-

hicles (CAVs), which integrate both automation and connection. Obviously, HVs/AVs are

non-connected vehicles, while CHVs/CAVs are connected vehicles. Those connected and non-

connected vehicles form a new mixed traffic flow that is expected to become a defining feature

of future traffic systems.

In mixed traffic, CHVs/CAVs can form platoons to enhance traffic throughput by enabling

coordination among vehicles (Huang et al., 2018; Chang et al., 2020; Xin et al., 2021). Under

optimal platooning conditions, road capacity can exceed even 12,000 vehicles per hour per

lane, representing a 5.3-fold increase compared with scenarios without platooning (Sala and

Soriguera, 2020). Furthermore, reduced inter-vehicle spacing within platoons decreases aero-

dynamic drag, thereby lowering fuel consumption and emissions (Shi et al., 2025a).

Nevertheless, most existing platooning strategies rely on homogeneous and continuously

distributed CAVs, which limits platooning scalability (Guan et al., 2023). Notably, CAVs are

equipped with multi-source perception systems, such as LiDAR, radar, and vision sensors,

enabling them to accurately perceive the states of HVs/AVs. By broadcasting processed en-

vironmental information through communication networks, CAVs can incorporate HVs/AVs

into platoons, thereby relaxing the requirement for continuous CAV distribution and enabling

scalable platoon deployment.

In hybrid platooning strategies, CAVs assume dual roles as information relays and motion

coordinators. Optimizing the vehicle interaction network through topological restructuring

enables the conditional integration of HVs/AVs into platoons. This approach enhances pla-

toon scenario diversity and flexibility, thereby better aligning with real-world traffic demands.

However, the unregulated incorporation of HVs/AVs can cause rapid expansion of platoon

size, resulting in excessively large formations. This substantially amplifies the risk of traffic

flow disturbance propagation and increases the likelihood of congestion arising from systemic

instability. Moreover, conventional maximum platoon length constraints, originally developed

for homogeneous platoons, are no longer adequate to accommodate the requirements of these

emerging platooning strategies.

2



To address the aforementioned challenges, this study introduces a hybrid platooning pat-

tern that permits the integration of HVs/AVs into platoons. Building on this framework, we

further develop a Deep Reinforcement Learning (DRL)-based platooning strategy to optimize

multiple objectives in such mixed traffic flow. The proposed strategy employs a multi-tier

state representation network to integrate vehicle dynamics, platoon topology, and traffic flow

states, enabling a dynamic trade-off between traffic throughput and flow stability. Further-

more, the strategy adopts the Proximal Policy Optimization (PPO) algorithm within a Central-

ized Training with Decentralized Execution (CTDE) architecture, which helps improve policy

optimization while enabling decentralized platooning decisions based on local observations.

Simulation results demonstrate that the proposed DRL-based hybrid platooning strategy ef-

fectively improves mixed traffic flow stability by dynamically optimizing platoon structures

and suppressing velocity disturbance propagation. Evaluation of the trained policy confirms

its robustness across different CHV/CAV penetration rates, with a 51.08% improvement in the

stability discriminant when PCAV > 0.1. The trained policy also reduces peak average TTCI by

52.95% under low CAV penetration and lowers fuel consumption and CO2 and NOx emissions

in disturbance-propagation scenarios.

The remainder of this study is organized as follows. Section 2 presents a systematic review

of existing platooning strategies, including both homogeneous and heterogeneous approaches.

Section 3 describes the mixed traffic environment and introduces the proposed hybrid pla-

tooning pattern incorporating HVs/AVs. Section 4 develops the DRL-based hybrid platooning

strategy and details its training and testing procedures. Section 5 evaluates the proposed strat-

egy through comprehensive simulations, assessing its generalization capability, traffic stability,

safety, energy consumption, and emissions. Finally, Section 6 summarizes the main findings

and outlines potential directions for future research.

2. Literature review

2.1. Platooning strategies

Although extensive research has been conducted on cooperative control strategies to exploit

the benefits of vehicle platooning, many existing studies primarily focus on platooning strate-

gies for a single vehicle type. While advanced optimization- and learning-based algorithms

have been widely explored, rule-based platooning strategies remain among the simplest and

most computationally efficient solutions. For example, Wu et al. (2024) and Maiti et al. (2023)

introduced rule-based platoon control strategies that offer high computational efficiency but

exhibit limited adaptability in complex mixed traffic environments.
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Vehicle platooning fundamentally relies on the sharing of vehicle state information and

aims to enhance collective performance, which naturally motivates its formulation as an opti-

mal control problem. Within this framework, optimal control techniques, such as Model Pre-

dictive Control (MPC) and Linear Quadratic Regulator (LQR), have been extensively adopted

due to their effectiveness in handling complex and dynamic traffic conditions (Wu et al., 2023;

Wang et al., 2025; Yang et al., 2023; Sun et al., 2024). Specifically, Lan et al. (2023) investigated

cooperative adaptive cruise control (CACC) for mixed traffic platoons by developing a data-

driven MPC algorithm that explicitly accounts for noisy measurements. Jin et al. (2021a) pro-

posed a continuum model for mixed traffic flow and provided analytical methodologies for the

design of cooperative platoon control strategies. Zhang et al. (2025) developed a self-organized

cooperative control strategy for platoon formation based on distributed MPC. Zong et al. (2025)

introduced an adaptive control framework that allows CAVs to dynamically switch between

platooning and individual operation, improving traffic stability and reducing emissions, while

incorporating human driver behavior through transposition prediction. In addition, Liu et al.

(2025) proposed a cooperative control strategy that combines an LQR controller with an ac-

tive disturbance rejection controller (ADRC) to manage platoon state transitions under varying

time headways. From a decentralized perspective, Wijnbergen et al. (2025) developed a non-

linear spacing policy that guarantees string stability when each vehicle follows its immediate

predecessor.

As platooning research has expanded from control under prescribed vehicle formations

to coordination problems involving mixed traffic, heterogeneous vehicle behaviors, and more

flexible platoon interactions, it has become increasingly difficult to rely solely on handcrafted

rules or explicitly formulated optimization models. This shift has motivated the use of RL and

DRL, which offer a practical way to derive adaptive control strategies from traffic interactions.

For example, Song et al. (2026)integrated global perception prediction for CHVs/CAVs with

lane-specific reinforcement-learning-based variable speed limit control, showing how richer

traffic-state information can support adaptive decision-making in mixed traffic environments.

Han et al. (2025) proposed a data-driven finite-time adaptive controller that achieves model-

free tracking of vehicle position and velocity. Lin et al. (2024) presented an enhanced state

representation for multi-agent reinforcement learning to improve car-following performance.

By integrating heuristic learning with distributed modeling, Du et al. (2024) developed a multi-

layer predictive control framework for autonomous vehicle platoons. For heterogeneous non-

linear platoons, Ma et al. (2024) proposed a model-free distributed control strategy that relies

only on local information from neighboring vehicles and guarantees stability via linear matrix
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inequalities without pre-training. Addressing communication efficiency in multi-agent rein-

forcement learning, Hua et al. (2025) developed a fully decentralized CACC framework that

incorporates quantified stochastic gradient descent and binary differential consensus mecha-

nisms.

More closely related to this study, recent works have extended platoon control to mixed or

heterogeneous vehicle settings. These studies typically take the platoon composition as a given

setting and concentrate on the associated control problem, such as robust control of mixed pla-

toons under HV prediction uncertainty (Feng et al., 2021), distributed MPC coordination of

heterogeneous platoons with spacing constraints (Qiang et al., 2023), and hierarchical cooper-

ative control of mixed platoons for oscillation mitigation (Liang et al., 2025). This tendency is

also evident in recent DRL-based studies. Shi et al. (2023) developed a distributed DRL strategy

for CAV longitudinal control in mixed platoons by aggregating consecutive HVs and incorpo-

rating their traffic effects into the state representation. Yang et al. (2025) compared single-agent

and multi-agent RL methods for eco-CACC in predefined mixed-platoon scenarios, where the

learned policies are used to determine CAV acceleration actions. Liu et al. (2026) considered

mixed platoons containing HVs under a prescribed CAV–HV–CAV subplatoon structure and

proposed a DRL-based cooperative controller with guaranteed string stability. Shi et al. (2025b)

moved one step closer to platoon organization by studying mixed-vehicle platoon forming;

however, their framework first generates a feasible target formation through rule-based design

and then applies MARL to control CAV acceleration, deceleration, cruising, and lane-changing

actions to realize that formation. Overall, these studies mainly address how vehicles should

be controlled once the platoon composition or target formation has been assumed, rather than

how heterogeneous vehicles, including HVs and AVs, should be organized into feasible pla-

toons in mixed traffic. This leaves an important gap between within-platoon vehicle control

and hybrid platooning strategy design, which is the focus of this study.

2.2. Impacting factors of vehicle platooning on traffic flow

The construction of platoons in mixed traffic requires more than identifying which vehicles

are technically able to connect. It demands a clear understanding of what impacts different pla-

toon arrangements may bring. Existing studies suggest that platoon formation pattern, maxi-

mum platoon length, and CAV clustering intensity are among the factors most closely related

to these impacts.

Platoon formation pattern and CAV clustering intensity are closely related to how vehicles

are spatially organized in mixed traffic. Jin et al. (2021b) evaluated different platoon formation

patterns and showed that the arrangement of platoons can affect traffic efficiency and vehicle
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energy consumption. Similarly, Li et al. (2022) compared uniform, random, and platoon-based

vehicle distributions from a set-function optimization perspective. Beyond formation patterns,

CAV clustering intensity has also been used to characterize the spatial concentration of CAVs

in mixed traffic. Related studies suggest that clustering intensity is associated with platooning

opportunities, macroscopic traffic characteristics, and safety performance (Guan et al., 2023;

Zhou and Zhu, 2021; Jiang et al., 2023; Ghiasi et al., 2017, 2020).

Maximum platoon length is another key consideration, as platoon expansion may bring

both traffic benefits and operational risks. Van Arem et al. (2006) pointed out that unrestricted

platoon growth may adversely affect traffic safety, while Liu et al. (2018a) argued that platoon

splitting becomes necessary once platoon length exceeds an allowable threshold. From a traffic-

flow perspective, Jin et al. (2021a) showed that road capacity can improve with platoon forma-

tion, but may decline when platoon size exceeds a critical level. Considering capacity, safety,

and environmental impacts jointly, Seraj et al. (2018) and Zhou and Zhu (2021) further showed

that larger platoons may improve throughput and environmental performance, although these

gains can be accompanied by safety or stability concerns. Accordingly, recommended platoon

lengths vary across studies depending on the target objective (Liu et al., 2018b; Seraj et al., 2018;

Zhou et al., 2021; Yao et al., 2022).

3. Platooning scenarios in mixed traffic

For clarity, a platoon is defined as a coordinated group of adjacent vehicles traveling longi-

tudinally with a shared platooning status. A hybrid platoon may include HVs and AVs if their

states can be sensed by adjacent CAVs and made available to CHVs and CAVs, subject to the

restriction that HVs and AVs cannot act as platoon leaders or tail vehicles.

3.1. Mixed traffic scenario

The mixed traffic flow considered in this study consists of four categories of vehicles: CAVs,

CHVs, AVs, HVs. The vehicle type set is defined as:

V = {CAV, CHV, AV, HV} (1)

From a communication perspective, CHVs/CAVs are capable of vehicle-to-vehicle (V2V)

communication through dedicated short-range communication (DSRC) or cellular vehicle-to-

everything (C-V2X) technologies. In contrast, HVs/AVs do not possess communication capa-

bilities and therefore cannot exchange information with other vehicles. Accordingly, vehicles
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can be classified into two categories based on their communication capability: CHVs/CAVs

(VC) and HVs/AVs (VH): VC = {CAV, CHV},

VH = {AV, HV}.
(2)

While CHVs and HVs are operated by human drivers, decision-making and control in CAVs

and AVs are fully executed by autonomous driving systems, which typically employ control

algorithms based on frameworks such as MPC or DRL.

This study focuses on mixed traffic scenarios on straight road segments, excluding external

influences such as on- and off-ramps and lane-changing maneuvers. Vehicles are assumed to

be spatially distributed with randomized type configurations. The penetration rates of CAVs,

CHVs, AVs, and HVs are denoted by PCAV, PCHV, PAV, and PHV, respectively, and satisfy:

PCAV + PCHV + PAV + PHV = 1 (3)

Based on the above description of the mixed traffic scenario, the following assumptions

are made: (1) Vehicles move on a single-lane road without considering lane-changing behav-

ior; (2) The four types of vehicles, i.e., CAVs, CHVs, AVs, HVs, are randomly distributed

along the road; (3) V2V communication delays and sensor data processing latencies are ne-

glected; (4) CAVs and AVs operate fully under automated control without human interven-

tion, whereas CHVs and HVs rely entirely on human drivers; (5) CAVs are regarded as either

(i) communication-enhanced AVs, namely, AVs equipped with additional V2V communica-

tion capabilities for state information sharing; or (ii) control-enhanced CHVs, namely, CHVs

equipped with autonomous driving systems that replace human drivers; (6) Vehicle platoon

formation and dissolution are assumed to occur instantaneously, without considering tran-

sient effects induced by dynamic reorganization processes; (7) All vehicles unconditionally

participate in platooning operations whenever platoon size constraints and communication

connectivity conditions are satisfied.

3.2. Heterogeneous platooning behavior

Based on whether HVs/AVs are permitted to participate in platoons, this study investigates

vehicle platooning behaviors under two distinct scenarios.

3.2.1. Platooning scenario for CHVs and CAVs

In the traditional platooning scenario, only CHVs/CAVs, are allowed to form platoons.
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When a CHV/CAV attempts to join a platoon, it first identifies a communication target

vehicle (CTV) traveling ahead and seeks to establish a vehicle-to-vehicle (V2V) communication

link. The vehicle can join the CTV’s platoon if and only if the inter-vehicle distance is within

the maximum communication range of both vehicles.

Although any member of the target platoon could theoretically serve as a CTV, this study

focuses on the most practical and commonly adopted case in which vehicles communicate

exclusively with their immediately preceding neighbors. As illustrated in Fig. 1 (a), all platoon

members, except for the leader, maintain communication solely with their direct predecessor.

For notational simplicity, this platooning scheme is referred to as PS1.

The probability that an ego vehicle successfully joins the platoon of its immediately preced-

ing vehicle is denoted as PPS1
pla,Yego,Yfront,u

, where u represents the position index of the preceding

vehicle within the platoon, and Yego and Yfront denote the vehicle types of the ego vehicle and

the communication target vehicle, respectively. Based on the steady-state velocity v and the

time headway ∆T, the corresponding probability model is given by:

PPS1
pla
(
Yego, Yfront, u

)
=

Pr
(

v ∆Tego < min{dYego , dYfront}
)

, u ≤ lmax − 1,

0, u = lmax.

(4)

where dYego and dYfront denote the maximum effective communication ranges of the ego vehicle

and the communication target vehicle, respectively. This study assumes identical maximum

communication ranges for CHVs/CAVs. Since HVs/AVs lack communication capabilities,

their maximum effective communication ranges are set to zero. ∆Tego represents the time head-

way after the ego vehicle joins the platoon, and lmax denotes the maximum allowable platoon

size, i.e., the maximum number of vehicles that a single platoon can accommodate.

3.2.2. Platooning scenario for all vehicles

Conventional homogeneous platooning requires all vehicles to possess communication ca-

pabilities. However, under randomly distributed mixed traffic, HVs/AVs that lack communi-

cation modules impose stringent constraints, as platoon formation becomes strictly dependent

on the contiguous spatial distribution of CHVs/CAVs. This dependence severely limits the

scalability of platooning technology.

To address this limitation, this study proposes a heterogeneous platooning strategy. The ap-

proach comprises the following two steps. (1) Multi-sensor perception: CAVs utilize onboard

multimodal sensors (lidar, mmWave radar, and cameras) to acquire real-time states (velocity,
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acceleration, and spacing) of adjacent HVs/AVs. (2) Information propagation: CAVs broadcast

the perceived state information of HVs/AVs via V2X communication, establishing an intra-

platoon communication topology. This renders the states of all HVs/AVs observable to every

CHV/CAV within the platoon.

This strategy enforces strict platoon integrity conditions: if the state of any vehicle becomes

unobservable to a connected platoon member, immediate platoon dissolution and dynamic

reorganization are triggered.

This platooning strategy conditionally allows HVs/AVs to join platoons, forming heteroge-

neous structures such as CAV–HV–HV–CAV. This enables more diverse and flexible platoon-

ing scenarios that better align with real-world traffic conditions. For subsequent reference, this

strategy is referred to as platooning scheme PS2.

Notably, this study stipulates that HVs/AVs are not allowed to serve as platoon leaders

or tail vehicles. Due to the absence of communication capabilities, HVs/AVs cannot obtain

platoon-level information nor disseminate control or status signals to define platoon bound-

aries. Moreover, their car-following behaviors remain identical regardless of whether they are

inside or outside a platoon. Consequently, positioning HVs/AVs at the head or tail of a pla-

toon fails to establish effective platoon boundaries and does not contribute to improvements in

traffic efficiency or stability through cooperative driving. The following sections systematically

analyze and elaborate on all feasible platooning scenarios under the proposed framework.

As shown in Fig. 1, when two adjacent vehicles are both CHVs/CAVs, the follower selects

its immediate predecessor as the communication target vehicle (CTV). The follower is allowed

to platoon with the preceding vehicle if the following conditions are satisfied: (1) the current

platoon size is smaller than the maximum allowable platoon length; and (2) the communication

distance constraint is satisfied. The joining probability is given by

PPS2
pla,Yego,Yfront,Zm

=

Pr
(

v ∆Tego < min
(

dYego , dYfront

))
, Zm ≤ lmax − 1,

0, Zm = lmax.

(5)

where Zm is the position of vehicle m ∈ {1, 2, ..., lmax} in the platoon; and dYego and dYfront repre-

sent the corresponding maximum effective communication ranges.

Figs. 1 (b) and (c) illustrate the scenario in which a single HVs/AVs vehicle joins a pla-

toon. As shown in Fig. 1(b), the m-th vehicle is a CHV, the (m + 1)-th vehicle is a HV/AV,

and the (m + 2)-th vehicle is a CAV. In this case, the HV/AV (m + 1) can rely on the CAV to
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On-Board Detectors

mm+1m+2

Vehicle information is known within the platoon

Vehicle information is unknown within the platoon

mm+1m+2

mm+1m+2m+3

CAV CHV HV/AV

mm+1m+2m+3

(a) Vehicle platooning for fully connected scenario

(b) Single HV/AV joining a platoon: Valid platoon

(c) Single HV/AV joining a platoon: Invalid platoon

(d) Continuous HVs/AVs joining a platoon: Valid platoon

(e) Continuous HVs/AVs joining a platoon: Invalid platoon 

Figure 1: Vehicle platooning scenarios.
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acquire its motion state information via onboard sensing units, which is then relayed to other

CHVs/CAVs within the platoon. Consequently, the motion states of all vehicles within the

platoon become observable to all CHVs/CAVs, enabling the formation of a functional platoon.

However, under conventional connected platooning strategies, this scenario would prevent ef-

fective platoon formation between vehicle m and vehicle (m + 2) due to the presence of the

HV/AV (m + 1).

Furthermore, since HVs/AVs cannot serve as the lead vehicle or the tail vehicle of a platoon,

the preceding vehicle m and the following vehicle (m + 2) of the HV/AV (m + 1) must join

the same platoon as vehicle (m + 1). Therefore, the conditions for vehicle (m + 1) to join the

platoon are: (1) the platoon length constraint remains satisfied after the following vehicle (m +

2) joins; and (2) the communication distance constraint is satisfied between vehicle (m+ 2) and

its target communication vehicle m. The probability of vehicle (m + 1) joining the platoon can

be expressed as:
PPS2

pla,Ym,Ym+2,Zm

= Pr{Zm ≤ lmax − 2 ∩ v(∆Tm+1 + ∆Tm+2)

< min(dYm , dYm+2)}

(6)

where ∆Ti is the time headway between vehicle i and its preceding vehicle.

Notably, in this scenario, the absence of communication capability in the HV/AV necessi-

tates the presence of a CAV as a communication intermediary among its adjacent vehicles for

it to join the platoon. As illustrated in Fig. 1 (c), the lack of a CAV near the HV/AV (m + 1)

implies that its motion state information cannot be reliably acquired and forwarded to other

CHVs/CAVs. Consequently, it is unable to form a platoon with its preceding and following

vehicles.

As shown in Fig. 1 (d), vehicle m is a CAV, vehicles (m + 1) and (m + 2) are HVs/AVs, and

vehicle (m + 3) is a CHV. In this configuration, the motion state information of vehicle (m + 1)

must be acquired and relayed through its preceding vehicle m, while the motion state infor-

mation of vehicle (m + 2) requires acquisition and relaying via its following vehicle (m + 3).

Furthermore, since HVs/AVs cannot serve as the lead or tail vehicle of a platoon, vehicles m

and (m + 3) must form the same platoon encompassing the HVs/AVs. Consequently, the con-

ditions for the HVs/AVs (m + 1) and (m + 2) to join the platoon are: (1) the platoon length

constraint remains satisfied after vehicle (m + 3) joins; (2) the communication distance con-

straint is met between vehicle (m + 3) and its target communication vehicle m. The probability
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Table 1: Platoon structures under hybrid platooning strategy

Platooning structure Platooning scenario

C–C Continuous CHV/CAV platooning

CAV–H–CHV
CHV–H–CAV
CAV–H–CAV

Single HV/AV join a platoon

CAV–H–H–CAV Two HVs/AVs join a platoon
Note: C denotes CHVs/CAVs and H represents HVs/AVs.

of the HVs/AVs (m + 1) and (m + 2) joining the platoon can then be expressed as:

PPS2
pla,Ym,Ym+3,Zm

=Pr{Zm ≤ lmax − 3 ∩ v ·
m+3

∑
i=m+1

∆Ti

< min(dYm , dYm+3)}
(7)

In this scenario, any HVs/AVs must have at least one CAV among its adjacent vehicles.

Consequently, the maximum number of consecutive HVs/AVs within a platoon is limited to

two. As illustrated in Fig. 1(e), due to the absence of a CAV to probe and relay its motion state,

the state information of the HV/AV (m + 1) remains unknown to other CHVs/CAVs. Thus, a

platoon cannot be formed.

In summary, Table 1 presents the three distinct platoon structures under the hybrid platoon-

ing strategy.

3.3. Heterogeneous car-following behavior and models

Based on the vehicle interaction space of Cartesian product V × V , car-following behaviors

in mixed traffic flow can be classified into two categories according to platoon status:

(1) Fundamental car-following types: Sixteen elementary car-following pairs s − r ∈ V2

formed by pairwise combinations of four vehicle types, where s denotes the leading vehicle

type and r the following vehicle type. This classification reveals fundamental interaction pat-

terns between heterogeneous vehicles at the microscopic level.

(2) Platoon-based car-following types: Considering the dynamic influence of platooning on

control modes, when CAVs, CHVs, AVs, and HVs overcome communication barriers to form

hybrid platoons, their intra-platoon and inter-platoon car-following behaviors exhibit signifi-

cant heterogeneity. Thus, we extend the fundamental pairs into 16 intra-platoon relationships,

e.g., CAVpla-CHVpla and CHVpla-HVpla.
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In summary, mixed traffic flow contains 16 fundamental non-platoon car-following types

and 16 platoon-based car-following types, totaling 32 car-following configurations.

However, for HVs/AVs, their inability to acquire real-time platoon status via communi-

cation implies their time headway remains independent of instantaneous platoon conditions.

That is, their car-following behavior is identical both inside and outside platoons. Applying

the established CHV/CAV demotion criteria, these 32 car-following types can be consolidated

into six distinct time headway patterns, called as fundamental autonomous headway (∆TA),

manual driving headway (∆TH), connected autonomous headway outside platoons (∆TCA),

connected manual headway outside platoons (∆TCH), intra-platoon cooperative autonomous

headway (∆TPA), and intra-platoon cooperative manual headway (∆TPH), respectively. For con-

ciseness, the definitions of the six consolidated time headway patterns and their detailed map-

pings to the original car-following configurations are provided in Appendix Appendix A. Gen-

erally speaking, autonomous systems are capable of operating at shorter time headways than

human drivers. Communication enables cooperative driving that further reduces time head-

ways, while platooning, as an advanced form of cooperative driving, achieves even smaller

headways. Consequently, these time headways exhibit the following hierarchical relationship:

∆TH > ∆TA > ∆TCH > ∆TCA > ∆TPH > ∆TPA (8)

Based on the above classification of heterogeneous car-following behaviors, the car-following

process can be further represented through acceleration functions. Given the headway, velocity

difference, and velocity of the ego vehicle, the car-following dynamics can be expressed by the

following ordinary differential equations:

ẋn(t) = vn(t) (9)

v̇n(t) = f (sn(t), vn(t), ∆vn(t)) (10)

where xn(t) and vn(t) denote the position and velocity of vehicle n at time t; sn(t) = xn−1(t)−
xn(t) represents the headway between vehicle n and the preceding vehicle n − 1; and ∆vn(t) =

vn−1(t)− vn(t) is the velocity difference. To characterize the heterogeneous driving behaviors

associated with different vehicle types and connectivity conditions, three car-following mod-

els are adopted in this study. The detailed model formulations, parameter definitions, and

parameter settings are provided in Appendix Appendix B.
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4. Platooning strategy using deep reinforcement learning

The design of the hybrid platooning strategy should comprehensively integrate multiple

factors including heterogeneous vehicle dynamics, communication topology constraints, and

traffic flow stability. Formulated within a Partially Observable Markov Decision Process (POMDP)

framework, we develop a distributed platooning strategy for hybrid platooning in mixed traf-

fic, that comprises state space, action space, multi-objective reward functions, and training ar-

chitecture. The primary structure of the DRL-based platooning strategy is illustrated in Fig.2.
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Figure 2: Structure of the DRL-based hybrid platooning model considering multi-type vehicles.

4.1. State space

Connected vehicles (CHVs/CAVs) possess communication capabilities that enable them

to acquire partial state information of surrounding vehicles from vehicle-to-everything (V2X)

links. To enable multi-dimensional environmental perception and coordinated platooning de-

cisions in mixed traffic flows, the state space integrates multi-modal data, including vehicle

dynamics parameters, platoon topological relationships, and traffic environment characteris-

tics. This integration ensures real-time capture of dynamic traffic conditions, instantaneous

platoon structure control, and optimized traffic efficiency/stability. This integration lays the
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groundwork for establishing spatiotemporal coupling relationships between microscopic ve-

hicle states and macroscopic traffic flow. The state-space vector oi
t ∈ R11, where i denotes the

index of the ego vehicle, and t denotes the discrete time step, is constructed by concatenating

ego-vehicle states with ambient environment states derived from multi-source heterogeneous

perception data.

oi
t = {sego

t , senv
t } (11)

where sego
t denotes the ego-vehicle state; and senv

t represents the ambient environment state.

The ego-vehicle state sego
t comprises three elements, including vehicle type, position within

the platoon, and time headway.

sego
t = {Yi, Zi

t, ∆Ti
t} (12)

Vehicle type and platoon position serve as critical inputs for platooning decisions. The

introduction of HVs/AVs significantly increases platoon length. To capture essential queue

state information while avoiding the curse of dimensionality from expanding input features,

which would escalate model training complexity, this study selects vehicle types and positions

from the two immediately preceding and following vehicles, respectively, to construct the state

senv
t .

senv
t = {Yi+2, Zi+2

t , Yi+1, Zi+1
t , Yi−1, Zi−1

t , Yi−2, Zi−2
t } (13)

Leveraging local observations, including ego-vehicle platoon position, time headway, and

surrounding vehicle states, CHVs/CAVs dynamically generate platoon control decisions through

policy networks. These decisions enable real-time structural adjustments to platoon forma-

tions, achieving communication efficiency and traffic flow stability in mixed traffic scenarios.

4.2. Action space

The platooning decision states for vehicles in mixed traffic flow comprise three categories:

join platoon, leave platoon, maintain independent driving. The platooning decision action

space Ai can be formulated as,

Ai = {ai
t ∈ {0, 1}} (14)

where ai
t = 1 denotes vehicle i executing a joining-platoon action at timestep t; while ai

t = 0

denotes vehicle i executing either a leaving-platoon action or maintaining independent driving

at t.
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4.3. Multi-objective reward function

Guided by multi-objective optimization principles, the reward function rt is formulated to

achieve a dynamic trade-off between traffic efficiency and stability, and is defined as:

rt = ω1rcapacity + ω2rstability + ω3rpenalty (15)

where rcapacity, rstability and rpenalty denote the traffic efficiency reward, traffic flow stability re-

ward, and capacity constraint penalty, respectively; ωi, i ∈ {1, 2, 3} represent their correspond-

ing weight coefficients.

(1) The traffic efficiency reward is,

rcapacity =
CRL − Cbase

Cbase
× 100% (16)

where CRL is the lane capacity under the DRL-based platooning strategy. Without loss of gener-

ality, the baseline capacity Cbase is defined as the lane capacity under the PS2 hybrid platooning

scheme.

(2) The traffic flow stability reward is,

rstability =
GRL

h − Gbase
h

Gbase
h

× 100% (17)

where GRL
h is the hybrid traffic flow stability discriminant value under the DRL-based platoon-

ing strategy; and Gbase
h is the corresponding value under the PS2 hybrid platooning scheme.

Following the mixed traffic stability criterion established by Ngoduy (2013) and Xie et al.

(2019), Gh is evaluated under the DRL-based and PS2 platooning strategies to compare their

impacts on mixed traffic flow stability:

Gh =
J

∑
j=1

[
PHj

( f j
v)

2 − 2 f j
s − 2 f j

v f j
∆v

( f j
s)2

]
(18)

where j ∈ J = {1, 2, ..., 6} corresponds to the six car-following behavior types in Section 3.3, and

PHj is the corresponding proportion. The terms f j
v, f j

s , and f j
∆v represent the partial derivatives

of the car-following model for type j with respect to velocity, spacing, and velocity difference,

respectively.
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Figure 3: Evolution of reward, lane capacity, and Gh during the training process.

(3) The capacity constraint penalty term is,

rpenalty =

{
−1, CRL−Cbase

Cbase
< 0.05

0, else
(19)

This reward term penalizes significant lane capacity losses.

To prevent single-objective dominance in policy updates and ensure the model improves

traffic flow stability while maintaining traffic efficiency, this study assigns equal weights to the

traffic efficiency and stability reward terms. Furthermore, since the impact of platoon struc-

ture changes on traffic efficiency and flow stability exhibits coupling characteristics, identical

weights compel the agents (CHVs/CAVs) to dynamically trade off between these objectives

and avoid extreme strategies. To prioritize preventing significant capacity degradation and

avoid sacrificing traffic efficiency for excessive stability optimization, a fixed efficiency loss

threshold is established as a boundary condition. This is reinforced by assigning a larger weight

coefficient to amplify the impact of excessive efficiency loss.
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Figure 4: Evolution of platoon characteristics during the training process.
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4.4. Training framework

To address platooning behavior decision-making in large-scale mixed traffic flows, this

study adopts the Centralized Training with Decentralized Execution (CTDE) framework (Bern-

stein et al., 2000). This architecture obtains globally optimal policies through centralized train-

ing, while during decentralized execution, each vehicle makes real-time decisions relying solely

on local observations, effectively mitigating the curse of dimensionality in large-scale traffic

flows.

(1) Policy network πθ: The policy network employs a dual-network structure. The fea-

ture extraction layer consists of bilinear fully-connected layers and ReLU activation functions

to capture nonlinear vehicle features. The final layer outputs action probability distributions

through a Sigmoid activation function.

(2) Value network Vϕ: The value network serves as a global state value estimator. It fuses

multi-agent state information via mean pooling, with linear layers outputting value estimates,

thereby establishing a mapping between global states and values.

(3) PPO algorithm: The PPO algorithm ensures policy update stability through a clipped

objective function and experience replay (Lin, 1991).

(4) Generalized advantage estimation (GAE) algorithm (Schulman et al., 2015): The GAE

algorithm combines temporal difference errors and multi-step prediction concepts, computing

advantage estimates via exponentially weighted averaging to enhance the stability and effi-

ciency of policy gradient methods.

The detailed training procedure is outlined in Algorithm 1.

4.5. Training of the DRL-based platooning model

This subsection systematically analyzes the training process of the DRL-based hybrid pla-

tooning strategy, examining policy optimization dynamics through the convergence of the re-

ward function, lane capacity, traffic flow stability, and platoon state evolution. The parameters

for this training procedure are provided in Table 2.

Fig. 3(a) illustrates the reward progression during training, with a moving average (win-

dow size: 20 episodes) computed to mitigate stochasticity from vehicle sequencing. During

initial training (<5000 episodes), the reward exhibits significant volatility with negative mov-

ing averages. This originates from the DRL-based platooning strategy’s initial inability to ef-

fectively coordinate platoon formation with traffic efficiency. As evidenced in Figs. 4(a)-(b),

both average and maximum platoon lengths remain suboptimal during this phase, resulting

in insufficient vehicles maintaining small time headways for platooning. Consequently, lane

capacity experiences significant degradation (Fig. 3(b)).
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Algorithm 1 PPO-based platooning algorithm with CTDE architecture

Inputs: Vehicle number N, observation dimension ds, training epochs K, discount factor γ,
GAE parameter λ, learning rate αppo, clipping parameter ϵ, loss weights c1, c2, reward
weights ω1, ω2, ω3

Outputs: Optimal policy π∗
θ

1: Initialize policy network πθ and value network Vϕ

2: Initialize experience buffer B
3: for k = 1 to K do
4: for t = 0 to T − 1 do
5: Observe global state st = {oi

t}N
i=1

6: for i = 1 to N do
7: Sample action ai

t ∼ πθ(oi
t)

8: end for
9: Execute joint action at, observe (st+1, rt)

10: Store (st, at, rt, Vϕ(st)) in B
11: end for
12: Compute GAE advantage estimates Ât
13: for m = 1 to M do
14: Sample minibatch from B
15: Compute importance ratio ρt
16: Update policy πθ using clipped PPO objective
17: Update value function Vϕ with squared error loss
18: end for
19: end for

Table 2: Parameters for training the DRL-based platooning model

Parameter Value

Total vehicle number, N 1000
Local observation state dimension, ds 11
Total training epochs, K 2 × 105

Discount factor, γ 0.99
GAE parameter, λ 0.95
PPO learning rate, αppo 3 × 10−4

Policy loss clipping hyperparameter, ϵ 0.2
Value loss weight coefficient, c1 0.5
Entropy regularization weight coefficient, c2 0.01
Traffic efficiency reward weight, ω1 0.5
Traffic flow stability reward weight, ω2 0.5
Traffic capacity constraint penalty weight, ω3 100

As training progresses, the value network progressively learns the mapping between pla-

toon formation and lane capacity through experience replay. Concurrently, the policy network
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increasingly favors multi-vehicle cooperative platooning actions. The average reward subse-

quently demonstrates rapid improvement, ultimately stabilizing within a narrow band cen-

tered at 23.30%, confirming the stability of the DRL-based platooning strategy.

Fig. 3 illustrates the mechanistic impact of DRL-based platooning strategy on macroscopic

traffic flow characteristics. During the training phase with episodes ≥ 25000, the single-lane ca-

pacity under the DRL-based platooning strategy converges to 2115veh/h, representing a 4.6%

reduction compared to the hybrid platooning strategy (2217veh/h). This capacity compro-

mise, however, achieves a substantial stability enhancement: the hybrid traffic flow stability

discriminant value increases from −2.15 (hybrid strategy PS2) to −1.55, marking a 27.9% im-

provement. This performance trade-off empirically validates the inherent efficiency-stability

contradiction in mixed traffic flows. The DRL strategy effectively balances these competing ob-

jectives through persistent exploratory training, demonstrating its capability to navigate com-

plex traffic optimization landscapes.

Fig. 4 further validates the microscopic evolutionary mechanisms of DRL-based platooning

strategy optimization through hybrid traffic flow platoon state evolution. The DRL strategy

regulates the average platoon length within a steady-state band centered at 5.84, represent-

ing a 25.5% reduction compared to the hybrid platooning scheme PS2. The maximum pla-

toon length is reduced by 28.3% to 24.3, effectively mitigating stability risks from large-scale

platoon aggregation. Notably, the number of platoons increases by 19.3% to 108.3 under the

DRL-based platooning strategy, indicating optimized platoon structure through enhanced dis-

tribution density of medium-scale platoons while maintaining stable total platooned vehicles.

This platooning approach simultaneously mitigates stability degradation from oversized pla-

toons via optimized length parameters and alleviates capacity loss from reduced platoon sizes

through increased platoon count.

To further examine the suitability of the adopted PPO-based training framework, we com-

pare it with two representative alternatives, namely IPPO (Shi et al., 2025b) and MADDPG (Shi

et al., 2023). The comparison includes: reward, lane capacity, the traffic-flow stability criterion

Gh, average platoon size, maximum platoon size, and the total number of platoons. As shown

in Fig. 5 (a)–(c), PPO achieves the highest and most stable reward and converges to better

macroscopic traffic performance, with higher lane capacity and a more favorable traffic-flow

stability criterion Gh. This improvement can be attributed to the clipped policy update in PPO,

which constrains abrupt policy changes and thus helps maintain a more consistent platoon-

joining strategy during training. The platoon-level results in Fig. 5 (d)–(f) further show that

PPO forms platoons with sufficient scale while avoiding excessive platoon expansion. In con-
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trast, IPPO relies on more independent agent-wise learning and tends to produce smaller and

more fragmented platoons, which benefits stability but limits capacity improvement. MAD-

DPG forms platoons with sizes comparable to those of PPO, but its lower final reward and Gh

suggest less effective coordination in the proposed hybrid platooning task.

In summary, experimental results from the training process validate the effectiveness of the

DRL-based platooning strategy in addressing multi-objective optimization challenges in mixed

traffic flows. The policy network achieves a nonlinear equilibrium between lane capacity and

traffic flow stability. This capability fundamentally stems from optimizing hybrid traffic flow

platoon structures through the policy network, whereby regulating platoon scale distributions

enables nonlinear balancing of traffic efficiency and flow stability. Training data quantitatively

demonstrate that compared to traditional fixed hybrid-platooning schemes, the DRL approach

significantly enhances traffic flow stability within acceptable traffic efficiency margins.
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Figure 5: Comparison of training performance among PPO, IPPO, and MADDPG.

5. Performance evaluation of the DRL-based platooning strategy

To validate the effectiveness of the DRL-based platooning strategy, this section conducts

numerical simulations across four critical dimensions: model generalization capability, traf-
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fic flow stability, traffic safety, and energy consumption/emissions. Performance of the DRL-

based strategy is comparatively evaluated against hybrid platooning scheme PS2 and tradi-

tional connected vehicle platooning scheme PS1.

5.1. Generalization capability of the strategy

Through rigorous numerical experiments, this subsection validates the generalization capa-

bility of the proposed DRL-based platooning strategy in terms of penetration rates of CHVs/CAVs.

Employing a controlled-variable approach, the experimental framework incorporates 10000 in-

dependent randomized trials to mitigate stochastic variations.

The experimental framework configures vehicle penetration parameters as PCAV = PCHV,

PAV = PHV, with PCAV following uniform distribution over [0.0, 0.5]. Resultant performance

metrics are illustrated in Fig. 6.

Fig. 6(a) illustrates the evolutionary trend of the reward function, indicating that the re-

ward value approaches 0 when PCAV < 0.1. Under this condition, the sparse distribution

of CHVs and CAVs in mixed traffic flow impedes platoon formation, resulting in negligible

performance differences among the three platooning strategies. As the CAV penetration rate

increases within the range PCAV ∈ (0.1, 0.5), the DRL-based strategy demonstrates progres-

sively enhanced optimization of platoon structure, yielding an approximately linear increase

in reward value.

Fig. 6(b) reveals that lane capacity exhibits a distinct quadratic growth pattern with increas-

ing CAV penetration. This phenomenon stems from CAVs’ facilitation of platoon formation

in mixed traffic flows. Notably, lane capacity shows insignificant variation across the three

strategies when PCAV < 0.1 or PCAV → 0.5. Within the interval PCAV ∈ (0.2, 0.45), the hy-

brid platooning strategy maximizes collaborative gains through CAVs’ information relay and

topology reconfiguration capabilities, achieving superior lane capacity compared to both DRL-

based and conventional connected platooning strategies. However, the performance advantage

comes at the cost of reduced traffic flow stability.

Fig. 6(c) demonstrates that the DRL-based platooning strategy delivers a 51.08% improve-

ment in stability discriminant value over both hybrid and conventional connected strategies

when PCAV > 0.1. This enhancement is attributed to the strategy’s online learning optimiza-

tion of platoon structures in mixed traffic flows. In contrast, hybrid and conventional schemes

(PS2 and PS1), constrained by fixed formation patterns, struggle to balance traffic efficiency

with flow stability. Crucially, the DRL-based strategy maintains optimal traffic stability across

all CAV penetration rates, fundamentally enabled by its integration of centralized optimiza-

tion’s global perspective and distributed control’s local adaptability.
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Figure 6: Generalization performance of the proposed model under different PCAV conditions.
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Figs. 6(d)-(f) further illustrate the evolutionary mechanisms of platoon characteristics in

mixed traffic flows in terms of platoon size and number. Fig. 6(d) demonstrates that under

both hybrid and conventional platooning schemes (PS2 and PS1), increased CAV penetration

at higher rates induces exponential growth in average platoon length. In contrast, the DRL-

based platooning strategy maintains this metric at 35 vehicles through platoon optimization,

effectively mitigating length inflation caused by rigid formation patterns in hybrid strategies.

As shown in Fig. 6(e), maximum platoon length exhibits unbounded exponential growth un-

der schemes PS2 and PS1, posing significant stability challenges to mixed traffic flows. The

DRL-based platooning strategy, however, prevents irrational expansion of maximum length by

incorporating stability reward constraints. Fig. 6(f) reveals a parabolic trend in platoon quan-

tity, initially increasing then decreasing with rising PCAV. Peak values occur at PCAV = 0.24 for

both DRL-based strategy and PS1 scheme (97 platoons), while the hybrid scheme PS2 peaks

later at PCAV = 0.34 (148 platoons).

Collectively, repeated independent experiments verify the generalizability and effective-

ness of the DRL-based platooning strategy across diverse penetration scenarios. By optimizing

platoon structures to reduce both average and maximum lengths, the DRL-based platooning

strategy significantly enhances mixed traffic flow stability and achieves robust strategy trans-

ferability irrespective of vehicle penetration rates.

5.2. Stability of traffic flow

This study conducts traffic flow simulations under open boundary conditions to quanti-

tatively analyze the impact of three platooning strategies on disturbance propagation charac-

teristics in mixed traffic flows. The experimental setup involves 100 heterogeneous vehicles

randomly distributed on a single-lane road, with all vehicles strictly adhering to their respec-

tive vehicle-type-specific car-following dynamics and platoon behavioral models.

Under fixed proportions PCAV = PCHV, PAV = PHV, four penetration scenarios with PCAV =

0.1, 0.2, 0.3, 0.4 were tested, respectively. Following system initialization, traffic flow operates

at steady-state velocity ve = 20 m/s for 600s to achieve dynamic equilibrium. Subsequently, a

disturbance is applied to the leading vehicle: a constant deceleration of −1 m/s2 sustained for

3s, followed by acceleration at 1 m/s2 until ve is recovered. This disturbance velocity profile is
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mathematically described as a piecewise linear function:

v1(t) =


ve, 0 < t ≤ 600

ve − (t − 600), 600 < t ≤ 603

ve + (t − 606), 603 < t ≤ 606

ve, t > 606

(20)

Fig. 7 illustrates the velocity propagation characteristics of each platooning strategy across

four penetration scenarios. Experimental data reveal that under conventional connected pla-

tooning PS1, steady-state recovery times corresponding to PCAV values of 0.1, 0.2, 0.3, and 0.4

measure 300s, 265s, 240s, and 190s respectively. Reduced recovery times at higher CAV pene-

tration confirm a positive stability-penetration correlation.

As depicted in Figs. 7(c), (f), and (i), conventional platooning PS1 exhibits significant ve-

locity oscillation amplification in low-penetration scenarios (PCAV ≤ 0.3). In contrast, both

DRL-based strategy (Figs. 7(a), (d), and (g)) and hybrid scheme PS2 (Figs. 7(b), (e), and (h))

reduce average velocity fluctuations by approximately 1 m/s. Furthermore, the DRL-based

platooning strategy achieves lower velocity fluctuation compared to the other strategies.

When PCAV reaches 0.4 (Figs. 7(j), (k), and (l)), the DRL-based strategy demonstrates no-

table platoon synergy effects, maintaining smaller velocity and acceleration fluctuations while

enabling faster recovery to pre-disturbance steady-state operation.

Collectively, these experiments validate the effectiveness of DRL-based platooning in con-

trolling disturbance propagation within mixed traffic environments through dual perspectives:

velocity oscillation mitigation and acceleration response optimization.

5.3. Traffic safety

To evaluate the impact of platooning strategies on the safety of mixed traffic, this study

employs the inverse time to collision (TTCI) and velocity standard deviation (SD) as safety

metrics (Yao et al., 2023; Li et al., 2024; Hua et al., 2023; Luo et al., 2024). The TTCI dynamically

quantifies longitudinal collision risk for vehicle i at time t, which is:

TTCIi(t) =


vi(t)− vi−1(t)
xi−1(t)− xi(t)

, vi(t) > vi−1(t)

0, Otherwise
(21)

where xi(t) and vi(t) denote the position and velocity of vehicle i at time t, respectively. This

dimensionally consistent metric assesses collision risk by calculating the velocity differential

relative to inter-vehicle spacing, with higher values indicating elevated collision probability.
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Figure 7: Velocity responses to head-vehicle perturbations under different penetration rates PCAV. For PCAV = 0.1,
0.2, 0.3, and 0.4, the three subfigures from left to right correspond to the DRL-based strategy, hybrid strategy (PS2),
and conventional strategy (PS1), respectively.
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The velocity SD is mathematically defined as:

SD(t) =

√√√√ 1
N

N

∑
i=1

(vi(t)− v(t))2 (22)

where v(t) denotes the space-mean velocity of traffic flow at time t. This metric quantifies

velocity dispersion within the traffic stream, with its temporal evolution capturing spatiotem-

poral patterns of velocity oscillations during disturbance propagation.

600 700 800 900 1000
Time (s)

0.0

0.5

1.0

1.5

2.0

2.5

3.0

A
ve

ra
ge

 T
TC

I (
s−

1 )

×10−3

DRL
PS2
PS1

(a) PCAV = 0.1

600 700 800 900 1000
Time (s)

0.0

0.5

1.0

1.5

2.0

2.5

3.0

A
ve

ra
ge

 T
TC

I (
s−

1 )

×10−3

DRL
PS2
PS1

(b) PCAV = 0.2

600 700 800 900 1000
Time (s)

0.0

0.5

1.0

1.5

2.0

2.5

3.0

A
ve

ra
ge

 T
TC

I (
s−

1 )

×10−3

DRL
PS2
PS1

(c) PCAV = 0.3

600 700 800 900 1000
Time (s)

0.0

0.5

1.0

1.5

2.0

2.5

3.0

A
ve

ra
ge

 T
TC

I (
s−

1 )

×10−3

DRL
PS2
PS1

(d) PCAV = 0.4

Figure 8: Average inverse time-to-collision (TTCI) under different penetration rates PCAV.

Similar to the simulation scenarios in Section 5.2, Figs. 8 and 9 present the dynamic re-
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Figure 9: Peak inverse time-to-collision (TTCI) under different penetration rates PCAV.

sponses of average (TTCI) and maximum (TTCImax) with various penetration rates. Exper-

imental data indicate that under high CAV penetration (PCAV = 0.4), all three platooning

strategies maintain TTCI below 0.001 s−1, confirming CAV cooperative control’s effectiveness

in suppressing risk propagation. Notably, the DRL-based strategy demonstrates significant

advantages at low penetration (PCAV = 0.1), reducing peak TTCI by 52.95% compared to con-

ventional platooning PS1 and by 23.21% versus the hybrid strategy PS2.

Regarding extreme collision risks, Fig. 9(a) reveals violent TTCImax oscillations under con-

ventional platooning PS1 at PCAV = 0.1, indicating collision risk accumulation with transient

peaks reaching 0.0562 s−1. In contrast, the DRL-based strategy maintains stable extreme risk
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values, demonstrating superior control over critical collision scenarios.
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Figure 10: Velocity standard deviation (SD) under different penetration rates PCAV.

Fig. 10 reveals significant stability differences among platooning strategies through veloc-

ity SD analysis. The DRL-based scheme reduces peak velocity SD by up to 38.60% compared

to conventional platooning and 11.97% versus the hybrid scheme PS2, demonstrating its ef-

fectiveness in suppressing velocity oscillation propagation within mixed traffic flows under

disturbance scenarios.

The experiments demonstrate platooning strategy effects on traffic safety from various per-

spectives. The results confirm that the DRL-based strategy, through synergistic platoon struc-

ture optimization, effectively mitigates longitudinal collision risks, suppresses velocity oscilla-
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tion propagation, and ensures operational safety in mixed traffic environments.

It should be noted that the above safety evaluation is conducted under ideal communica-

tion and perception conditions. In practice, communication failures, sensor faults, or observa-

tion noise may impair vehicle-state acquisition, especially for HVs/AVs, thereby weakening

platoon integrity and safety. Future work will therefore examine fault-induced robustness,

fail-safe control strategies, and more comprehensive traffic-risk assessment methods, such as

causal graph-based conflict risk prediction (Lyu et al., 2025).

5.4. Energy consumption and emissions

Recent years have witnessed extensive research by scholars and institutions on vehicle fuel

consumption and emissions using the Measure of Effectiveness (MOE) framework. As a quan-

titative metric, MOE quantifies fuel consumption and emissions per unit distance traveled.

Studies establish that instantaneous MOE represents a mathematical function of a vehicle’s

instantaneous velocity and acceleration, yielding unique values when these parameters are

specified.

This study employs the VT-Micro model, originally developed by Ahn (1998). and validated

through extensive experimental observations, to compute fuel consumption and emissions for

vehicles in mixed traffic flows. Within this model, MOE is calculated as:

MOEe(t) = eP(v(t),a(t)) (23)

where MOEe(t) denotes instantaneous fuel consumption or emission values at time t; e ≈
2.71828 represents the natural logarithm base, and P(v(t), a(t)) constitutes a function of in-

stantaneous velocity and acceleration:

P(v(t), a(t)) =
3

∑
i=0

3

∑
j=0

Ki,jv(t)ia(t)j (24)

where Ki,j represents regression coefficients with power exponent i for velocity and j for accel-

eration.

Fuel consumption and emission test data across diverse vehicle types have revealed distinct

energy and emission characteristics during acceleration and deceleration phases (Li et al., 2014).

Consequently, three independent sets of regression coefficients Ki,j were derived through VT-

Micro modeling for fuel consumption, CO2, and NOx emissions, respectively.

Building upon the disturbance propagation scenario in Section 5.2, Figs. 11-13 delineate the

evolution of energy consumption and emission under different platooning strategies. Experi-
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Figure 11: Average fuel consumption under different penetration rates PCAV.

mental results indicate that at low CAV penetration rates (PCAV ≤ 0.3), the DRL-based strategy

reduces peak average energy consumption by up to 1.90% and 0.37% compared to conventional

and hybrid platooning schemes (PS1 and PS2) respectively, effectively mitigating incomplete

fuel combustion caused by frequent acceleration/deceleration.

Analysis of emission characteristics reveals divergent response mechanisms between CO2

and NOx. For CO2 emissions, the DRL-based platooning strategy demonstrates performance

consistent with its energy consumption profile: under low CAV penetration scenarios, it re-

duces CO2 emissions by over 1.2% compared to conventional platooning PS1, while achieving

up to 7.1% reduction in NOx emissions. Relative to hybrid platooning PS2, the DRL-based
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Figure 12: Average CO2 emissions under different penetration rates PCAV.
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Figure 13: Average NOx emissions under different penetration rates PCAV.

strategy yields reductions of 0.37% in CO2 and 2.1% in NOx emissions. These experimental

findings substantiate the energy efficiency and environmental benefits of DRL-based strategy

from both fuel consumption and emission perspectives.

6. Conclusions and future research

To overcome the limitations of traditional CAV-exclusive platooning in mixed traffic, we

propose a flexible platoon formation approach that incorporates HVs/AVs, controlled via a

novel DRL framework. We further develop a DRL-based platooning strategy for hybrid pla-

toons in mixed traffic. Our method leverages a POMDP formulation with multi-level state
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representations to enable distributed control of heterogeneous platoons. Experimental results

show that the proposed strategy improves traffic stability mainly by regulating platoon struc-

tures rather than simply maximizing platoon formation. In the training evaluation, the learned

policy improves the traffic stability discriminant by 27.9% and reduces the maximum pla-

toon length by 28.3% compared with the conventional hybrid platooning strategy. In the

disturbance-propagation evaluation, the trained policy reduces peak average fuel consumption

by up to 1.90% and CO2 emissions by over 1.2% compared with the conventional connected

platooning strategy, while reducing NOx emissions by up to 7.1% under low CAV penetration

conditions. The strategy demonstrates robust generalization across varying penetration rates

PCAV ∈ (0.1, 0.45), effectively balancing capacity-stability tradeoffs while suppressing distur-

bance propagation throughout the traffic flow. While these findings highlight the effectiveness

of the proposed framework, several practical issues remain to be further investigated. The

current study adopts a simplified mixed-traffic setting to focus on heterogeneous platoon orga-

nization. In real-world traffic, multi-lane interactions, uncertain events, and dynamic platoon

splitting and re-forming may jointly affect platoon stability, safety, and efficiency. Future work

will extend the framework by incorporating these complex operational conditions and robust-

ness considerations.
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Appendix A. Definitions and Mappings of Time Headway Patterns

Applying the CAV demotion criterion and CHV demotion criterion established, these 32

car-following types can be consolidated into 6 distinct time headway patterns. In a car-following

pair written as X − Y (or ∆TX,Y), X denotes the leading vehicle and Y denotes the following ve-

hicle; the time headway pattern is primarily determined by the following vehicle’s capability

and whether cooperation is available.

Appendix A.1. Fundamental autonomous headway (∆TA)

Applicable when the following vehicle is an AV or demoted CAV. The corresponding time

headway is expressed as:

∆TA = ∆TAV,CAV = ∆THV,CAV = ∆TCAV,AV

= ∆TCAVpla,AVpla = ∆TCHV,AV = ∆TCHVpla,AVpla

= ∆TAV,AV = ∆TAVpla,AVpla = ∆THV,AV

= ∆THVpla,AVpla

(A.1)

Appendix A.2. Manual driving headway (∆TH)

Corresponds to cases where the following vehicle is an HV or demoted CHV. The corre-

sponding time headway is expressed as:

∆TH = ∆TAV,CHV = ∆THV,CHV = ∆TCAV,HV

= ∆TCAVpla,HVpla = ∆TCHV,HV = ∆TCHVpla,HVpla

= ∆TAV,HV = ∆TAVpla,HVpla = ∆THV,HV

= ∆THVpla,HVpla

(A.2)

Appendix A.3. Connected autonomous headway outside platoons (∆TCA)

Applicable when CHV/CAV engage in cooperative control without platoon coordination.

This pattern comprises the following configurations: CAV-CAV and CHV-CAV. The corre-

sponding time headway is expressed as:

∆TCA = ∆TCAV,CAV = ∆TCHV,CAV (A.3)
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Appendix A.4. Connected manual headway outside platoons (∆TCH)

Applies to manual control scenarios involving CHVs/CAVs. This pattern comprises the

configurations as CAV-CHV and CHV-CHV. The corresponding time headway is expressed as:

∆TCH = ∆TCAV,CHV = ∆TCHV,CHV (A.4)

Appendix A.5. Intra-platoon cooperative autonomous headway (∆TPA)

Applies to autonomous cooperative driving scenarios within a platoon. This pattern com-

prises the following configurations: CAVpla-CAVpla, CHVpla-CAVpla, AVpla-CAVpla, and

HVpla-CAVpla. The corresponding time headway is expressed as:

∆TPA = ∆TCAVpla,CAVpla = ∆TCHVpla,CAVpla

= ∆TAVpla,CAVpla = ∆THVpla,CAVpla

(A.5)

Appendix A.6. Intra-platoon cooperative manual headway (∆TPH)

Applies to manual following scenarios within a platoon. This pattern comprises the follow-

ing configurations: CAVpla-CHVpla, CHVpla-CHVpla, AVpla-CHVpla, and HVpla-CHVpla.

The corresponding time headway is expressed as:

∆TPH = ∆TCAVpla,CHVpla = ∆TCHVpla,CHVpla

= ∆TAVpla,CHVpla = ∆THVpla,CHVpla

(A.6)

Appendix B. Car-Following Model Formulations and Parameters

To accurately characterize heterogeneous driving behaviors in mixed traffic flows, this study

employs three car-following models for distinct vehicle types.

Appendix B.1. The intelligent driver model for human-driven vehicles

The intelligent driver model (IDM) (Treiber and Kesting, 2013), featuring minimal param-

eters with clear physical interpretations, is employed to simulate human-driven vehicle. It is

formulated as:

v̇n(t) =A

(
1 −

(
vn(t)

v f

)4

−
( smin + Tdes vn(t)−

vn(t)∆vn(t)
2
√

AB
sn(t)

)2) (B.1)
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where A and B are the maximum acceleration and desired deceleration, respectively; smin rep-

resents the jam gap, that is the minimum spacing between two adjacent vehicles; Tdes denotes

the safe time headway; and v f is the free-flow velocity.

Appendix B.2. The cooperative adaptive cruise control model for CAVs

When CAVs operate within platoons, they move in cooperative adaptive cruise control

(CACC) mode. This study employs the CACC model calibrated by PATH Laboratory through

field tests (Milanés et al., 2013; Milanés and Shladover, 2014), mathematically expressed as fol-

lows:

vn(t + ∆t) = vn(t) + kpen(t) + kd ėn(t) (B.2)

en(t) = sn(t)− Tdesvn(t) (B.3)

where ∆t denotes length for each time step; kp and kd represent control gains; and en(t) quan-

tifies the deviation between actual and desired spacing for vehicle n at time t.

To ensure consistency with the general car-following model form in Equation (10), the

CACC model is approximated through first-order Taylor expansion:

v̇n(t) =
kp(sn(t)− Tdesvn(t)) + kd∆vn(t)

kdTdes + ∆t
(B.4)

Appendix B.3. The adaptive cruise control model for AVs

For AVs and degraded CAVs without connection, this study employs the adaptive cruise

control (ACC) model developed by PATH Laboratory (Milanés et al., 2013; Milanés and Shladover,

2014) to characterize their car-following behavior. The model is mathematical formulated as:

v̇n(t) = k1(sn(t)− Tdesvn(t)) + k2∆vn(t) (B.5)

where k1 denotes the spacing error control gain, and k2 represents the velocity difference con-

trol gain.

Based on the three car-following models, specific behaviors are defined for each scenario

in Appendix Appendix A: Car-following patterns (1)-(2) occur in non-communication environ-

ments where following behavior depends solely on the follower type: IDM for human-driven

vehicles (HVs), ACC for AVs. Car-following patterns (3)-(6) feature V2V communication en-

abling vehicle state sharing: CACC for autonomous-capable followers, IDM for human-driven

followers. Time headway parameters and corresponding model coefficients are listed in Table

B.3 (Yao et al., 2023; Qin et al., 2023; Jiang et al., 2023; Yao et al., 2024).
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Table B.3: Parameters of car-following models.

Parameter Value Unit

Free-flow velocity, v f 33.3 m/s
Minimum spacing, smin 2.0 m
Maximum acceleration, A 1.0 m/s2

Desired deceleration, B 2.0 m/s2

Gain, kp 0.45 s−1

Gain, kd 0.25 -
Simulation time step, ∆t 0.01 s
Spacing error control gain, k1 0.23 s−1

Velocity difference control gain, k2 0.07 s−1

∆TH 1.8 s
∆TCH 1.2 s
∆TPH 0.8 s
∆TCA 1.0 s
∆TA 1.4 s
∆TPA 0.6 s
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