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Abstract 

At autonomous intersections in mixed traffic, where Connected and Autonomous Vehi-
cles (CAVs) coexist with Human-Driven Vehicles (HDVs), scheduling must remain effec-
tive even when a reliable explicit HDV turning intention is not available sufficiently early 
for the scheduling decision. This paper proposes a learning-based platoon scheduling 
method for this information-limited setting. CAVs and HDVs are organized into mixed 
platoons or an HDV group, and a state-augmentation function is designed to encode their 
temporal relationship while preserving the priority of uncontrollable HDVs. An enumer-
ation (EN)-based expert demonstration mechanism is further integrated into the training 
process to provide high-quality experience. In the representative training run reported in 
the manuscript, the expert-assisted model achieved a peak average reward approximately 
14% higher than the model trained without demonstrations. Across the tested demand 
cases, the learned scheduler also obtained travel-cost performance close to the EN bench-
mark. The scope of the method is explicitly limited to the modeled lane-keeping and sens-
ing assumptions; robustness to random seeds, unexpected HDV maneuvers, communica-
tion delays, and additional safety metrics requires dedicated validation. 

Keywords: deep reinforcement learning; autonomous intersection; mixed traffic; platoon 
scheduling 
 

1. Introduction 
Intersections represent pivotal nodes within the intricate framework of road traffic 

systems, where vehicle movement conflicts frequently precipitate accidents and conges-
tion, rendering intersections critical bottlenecks and underscoring the imperative for so-
phisticated intersection management strategies. With the progressive evolution of auton-
omous driving technologies and Vehicle-to-Everything (V2X) communication systems, 
cutting-edge methodologies have been proposed to address the dual challenges of safety 
and operational efficiency at autonomous intersections. On one hand, the deployment of 
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Vehicle-to-Infrastructure (V2I) communication technologies allows roadside units (RSUs) 
to dynamically interact with CAVs, utilizing real-time vehicle data to execute intelligent 
scheduling decisions. Whether a vehicle operates in isolation or as part of a platoon, road-
side units can assign optimal crossing times, thereby optimizing traffic flow. On the other 
hand, autonomous driving technology enables the precise trajectory planning of vehicles 
as they pass intersections, and the synchronization of this planning with scheduling fur-
ther amplifies both the safety and throughput of intersection crossings. Nonetheless, the 
widespread integration of CAVs into existing transportation networks is anticipated to be 
an incremental process, leading to the coexistence of CAVs and HDVs in a mixed traffic 
environment for the foreseeable future. Consequently, investigating cooperative multi-
vehicle control strategies in a mixed traffic environment, while accounting for the behav-
ioral idiosyncrasies of HDVs, holds scientific value and practical significance. 

The practical importance of this problem can also be quantified. The U.S. Federal 
Highway Administration reports that intersections account for roughly one-quarter of 
traffic fatalities and about one-half of traffic injuries each year [1]. A recent large-scale 
intersection study further notes that the United States has more than 320,000 signalized 
intersections and that drivers incur approximately $22.9 billion in annual direct and indi-
rect congestion costs at these locations [2]. Meanwhile, mixed traffic is expected to persist 
rather than disappear rapidly. A market-penetration scenario reported by Oh et al. [3] 
used HDV/Level-3-AV/Level-4-CAV shares of 94/6/0 in 2025, 88/10/2 in 2030, and 84/13/3 
in 2035, indicating that human-driven vehicles can remain dominant even while auto-
mated and connected vehicles are gradually introduced. These observations motivate a 
scheduling method that can operate over a wide range of CAV penetration rates instead 
of relying on a near-term transition to fully connected traffic. 

At autonomous intersections, where vehicles are no longer governed by traditional 
traffic signals, a substantial challenge arises in terms of efficient scheduling. To address 
this complexity, researchers have proposed several methods, including the “first-come, 
first-served”(FCFS) method [4], the “first-in, first-out”(FIFO) method [5], the auction 
method [6], the longest queue first (LQF) method [7], and the batch processing method 
[8]. While these methods establish a predetermined order of passage for all vehicles, their 
inherent rigidity significantly limits their capacity to respond dynamically to fluctuating 
traffic conditions. Consequently, more sophisticated optimization-based scheduling 
methods have been developed to enhance intersection performance. These methods can 
generally be classified into three main categories: heuristic optimization methods [9–14], 
reservation-based optimization methods [15–20], and mathematical programming meth-
ods [12,21–28]. However, to further refine the effectiveness of these optimization models, 
it is important to note that these categories are not mutually exclusive and often integrate 
with one another. For instance, heuristic rules have been incorporated to relax constraints 
within mathematical programming frameworks [12], and reservation-based strategies 
have been employed to develop mixed-integer linear programming models [15,17]. In 
contrast to the aforementioned rule-based methods, these methods hold the potential to 
substantially enhance traffic efficiency by striving to achieve optimal scheduling through 
systematic, algorithmic search processes. 

In heuristic optimization scheduling methods, scheduling models are constructed 
based on heuristic strategies that take into account not only the objective functions and 
constraints [9–11], but also the solution spaces and search strategies [10,12,13,29]. The ob-
jective function serves as the cornerstone of the optimization model, and its design pre-
sents one of the most significant challenges to be addressed. Wu et al. [9] tackled the op-
timization scheduling problem by formulating it as a variant of the Traveling Salesman 
Problem (TSP), where vehicles are analogous to cities and the headways between vehicles 
represent the distances between these cities. Li et al. [29] proposed a conflict graph tree 
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search method which can compress the solution space and reduce repeated calculations. 
Yao et al. [12] devised a heuristic rule aimed at reducing the binary constraints within the 
optimization scheduling model to improve computational efficiency. Xu et al. [13] initially 
developed a tree-structured solution space for the vehicle scheduling problem and intro-
duced two heuristic rules designed to improve the efficiency of the Monte Carlo Tree 
Search (MCTS) method. The results demonstrated that, compared to the classical MCTS 
method, the enhanced version can identify the optimal solution within 0.1 s. Similar ef-
forts have been documented in the literature [14]. Different from the above research, Yang 
et al. [30] designed a distributed scheduling model based on a long-horizon self-organi-
zation policy. 

Unlike the heuristic optimization scheduling methods discussed previously, reserva-
tion-based optimization models must account for additional factors such as reservation 
protocols [15], vehicle turning maneuvers [16], traffic demand [17], and CAV penetration 
rates [20]. The reservation process must strictly follow a predefined protocol to ensure 
proper operation. Levin et al. [15] introduced an innovative reservation protocol that re-
duces computational complexity by autonomously determining when a vehicle should 
resend a reservation request and by evaluating the feasibility of such reservations in real 
time. Vehicle turning maneuvers are a crucial factor in reservation scheduling, as they 
significantly affect the allocation of limited conflict area. Minimizing the impact of turning 
movements remains a major challenge. To address this, Choi et al. [16] developed a reser-
vation-based optimization model that incorporates three vehicle passage plans for a bidi-
rectional three-lane intersection scenario. In contrast, Chen et al. [18] proposed a model 
that allows each entrance lane of the intersection to support all movement directions. 
While this configuration offers flexibility, it also increases the complexity of both the mod-
eling and solving process, particularly for larger intersections. To address the scheduling 
challenges posed by high traffic demand, Yu et al. [17] introduced a batch processing strat-
egy within the reservation optimization scheduling model. However, the aforementioned 
research did not consider the influence of HDVs on scheduling process. To bridge this 
gap, Zhong et al. [20] proposed a spatiotemporal reservation optimization model that in-
corporates the penetration rates of CAVs, addressing the mixed traffic scheduling prob-
lem more comprehensively. 

In mathematical programming methods, scheduling models are typically formulated 
as Linear Programming (LP) or Mixed-Integer Linear Programming (MILP) models. For 
instance, Pei et al. [23] developed a MILP model for vehicle scheduling, and to enhance 
computational efficiency, they introduced a state transition method based on Markov De-
cision Processes (MDP). This method primarily operates by reducing the complexity of 
the scheduling solution space, allowing for the optimal scheduling solution to be derived 
through a state space search. Enhancing intersection capacity becomes significantly more 
feasible when vehicles are organized into platoons rather than passing the intersection 
individually [31]. To address this, several researchers have incorporated platoon for-
mation into the scheduling process. Li et al. [19] integrated the FCFS method with a non-
conflicting lane selection mechanism to schedule vehicle platoons. However, this study 
did not consider platoon formation during the scheduling process. In response to this lim-
itation, Deng et al. [25] developed a MILP model that optimizes both the passage order 
and size of platoons, accounting for the dynamic formation process. Cong et al. [28] trans-
formed the optimization scheduling problem into a packing optimization problem based 
on a virtual platoon strategy. Similar efforts have been documented in the literature 
[21,24,32–34], contributing further to the field. 

All three methods face the challenge of improving model-solving efficiency. Sched-
uling optimization problems are classified as discrete optimization problems, which are 
inherently more complex to solve compared to continuous optimization problems [35]. 
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While researchers have endeavored to mitigate this complexity by scaling up scheduling 
tasks, simplifying model constraints, and accelerating search processes, achieving signifi-
cant improvements in model-solving efficiency remains a formidable challenge. Recently, 
there has been increasing interest in leveraging Deep Reinforcement Learning (DRL) 
methods to tackle vehicle scheduling problems. Lombard et al. [36] developed a Deep Q-
Network (DQN) model specifically for vehicle scheduling at intersections. In their work, 
the state is represented as a 2D image encompassing all vehicles and road geometry, while 
the action space includes all possible passage orders. The reward function integrates two 
metrics: the average waiting time of all vehicles and the total number of vehicles that have 
successfully cleared the intersection. To further enhance the fairness of right-of-way allo-
cation, Wu et al. [26] incorporated traffic fairness into their learning model, evaluating 
both traffic efficiency and fairness as reward objectives. In contrast to Lombard’s method, 
Wu et al. represented the state as a binary matrix detailing the number of vehicles in each 
lane and their respective IDs. Similar research efforts are documented in reference [37]. 

In mixed traffic, the quality and availability of traffic information are themselves part 
of the control problem. Heterogeneous sensing and communication sources may contain 
missing or asynchronous data; for example, Min et al. [38] combined dedicated short-
range communication data with vehicle-detection-system data to estimate traffic speed in 
missing-data segments. At the intersection-control level, Chen et al. [39] explicitly consid-
ered uncertain and delayed shared states and coupled robust set estimation with control 
to maintain safety under mixed traffic. These studies show that state estimation, infor-
mation fusion, and coordination should not be treated as independent modules. Accord-
ingly, the present work adopts a deliberately conservative information setting: the RSU 
can observe HDV position and speed, but the scheduler does not rely on a reliable explicit 
turn-intention label being available sufficiently early for the current scheduling decision. 

Recent studies have also continued to develop mixed-traffic intersection coordination. 
Jiang et al. [40] formulated platoon formation and scheduling for mixed traffic at unsignal-
ized intersections, while recent DRL studies have incorporated explicit right-of-way coor-
dination or heterogeneous conflict graphs for mixed traffic [41,42]. These developments 
provide important contemporary context for evaluating the proposed state representation 
and expert-guided learning strategy. 

DRL methods have effectively mitigated the limitations inherent in traditional opti-
mization scheduling methods by substantially reducing both the modeling and computa-
tional complexity, thus garnering substantial interest from researchers. Nevertheless, sev-
eral limitations persist in the current research: 

• Zhou et al. [43] proposed a reasoning-graph reinforcement-learning method for 
mixed-traffic scheduling and assumed that HDV turning intentions are predeter-
mined. In practice, HDV intention is not necessarily completely unobservable: it may 
be inferred probabilistically from turn signals, lane position, trajectory history, or 
perception-based prediction. However, these cues can be unavailable, delayed, or 
uncertain at the time when an upstream scheduling decision must be made. There-
fore, the problem considered in this paper is more precisely defined as scheduling 
without relying on a reliable explicit HDV turn-intention label at the decision time. 
This conservative setting complements intention-prediction approaches rather than 
claiming that HDV intention can never be estimated. 

• The previously discussed learning scheduling methods demonstrate limited success 
in substantially improving model learning efficiency. Specifically, the reward gradients 
considerably hinder the learning process, particularly during the later stages of 
model training. At this stage, although the model has learned most of the optimal 
actions, a small number of optimal actions remain unlearned. As training progresses, 
the reward gradients between optimal and suboptimal actions diminish significantly, 
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deteriorating the model’s discriminative capacity. Consequently, the model requires 
a prohibitively large number of iterations to capture these marginal reward differen-
tials, often leading to convergence on local optima. 

To address the identified research gaps, an innovative learning scheduling method 
is designed. The primary advantages of this method are elucidated through the following 
two aspects: 

• A state-augmentation function and a learning scheduling method are developed for 
the above information-limited setting. In contrast to a scheduler that requires a de-
terministic HDV turn label, the proposed coordination layer optimizes the passage 
order of mixed platoons without using reliable explicit HDV turn intention as an in-
put. It can also determine the relative passage order of multiple mixed platoons 
within one scheduling decision. 

• An expert demonstration mechanism is devised and integrated into the model train-
ing process, which significantly augments the model’s learning performance. In the pre-
viously discussed research [26,36,37,43], the learning models are required to explore the 
action space independently and painstakingly, devoid of guidance and demonstra-
tions from the expert model. 

2. Problem Statement and Analysis 
This paper develops a learning model for mixed traffic at autonomous intersections 

and a training method intended to improve its scheduling performance. Figure 1 summa-
rizes the technical roadmap. Existing learning schedulers may use deterministic HDV 
turning information [43]. Here, the operational condition is different: the RSU is assumed 
to obtain the position and speed of an HDV from roadside sensing, but a reliable explicit 
turn-intention label is not assumed to be available sufficiently early for the current sched-
uling decision. Probabilistic intention estimates from turn signals, lane position, or trajec-
tory history could be incorporated in future extensions, but they are intentionally not re-
quired by the present scheduling layer. To remain conservative under this information 
limitation, vehicles are coordinated at the platoon level and, for scheduling units with 
potentially conflicting movements, only one unit is assigned the conflict-area right of way 
at a time. Platoon scheduling is therefore decomposed into platoon formation and passage 
coordination, while the CAV penetration rate affects both operations because only CAV 
motion can be directly commanded by the RSU. 

Building upon existing research, a comprehensive learning model must be con-
structed considering three fundamental components: state, action, and reward. In existing 
research, researchers typically use the vehicle’s speed, position, and turn information as 
the state for the learning model [26,36,37,43]. However, this operation may not be suitable 
for the scheduling problem addressed in this paper. Directly concatenating the raw kine-
matic data of all vehicles into the RL state vector would inevitably lead to the curse of 
dimensionality. Such an excessively high-dimensional state space hinders the agent’s abil-
ity to extract underlying traffic patterns, severely degrading learning efficiency. Therefore, 
designing a robust state augmentation function is imperative to encode the topological 
and temporal features of platoons concisely. On the other hand, the learning model should 
leverage HDV information to facilitate optimal coordination of CAV platoons. 

The platoon scheduling task falls under the category of discrete action problems. 
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Figure 1. Technology roadmap analysis. 

In a discrete action space, each action is represented in a discrete form with no inher-
ent relationships among them. Enhancing decision-making performance relies on the 
learning model’s ability to identify optimal actions across all observed states. Such opti-
mal experiential data are crucial for updating neural networks, enabling the learning 
model to master optimal strategy. To address this challenge, two primary operations can 
be considered: (1) enhancing the exploration capabilities of the learning model to identify 
optimal actions within the action space, and (2) providing high-quality experiential data 
to facilitate model learning. To supply the model with high-quality experiential data, it is 
necessary to solve the problem and achieve global optimal solutions. This requirement 
entails that the problem must be represented as an explicit function, as implicit functions 
pose significant challenges to direct resolution. 

To further elucidate the aforementioned problems, an autonomous intersection sce-
nario is introduced, as illustrated in Figure 2. Each approach comprises two entry lanes: 
the inner lane accommodates left-turning and through traffic, while the outer lane serves 
right-turning and through traffic. Both CAVs and HDVs are considered within this sce-
nario, with the CAV penetration rate ranging from 0% to 100%. When CAVs enter the 
communication area, the RSU facilitates platoon formation, passage coordination, and 
longitudinal speed planning for these vehicles, which subsequently execute the issued 
commands. In contrast, due to the lack of communication capabilities, the driving behav-
ior of HDVs remains uncontrolled. CAVs in different lanes, provided there is no collision 
risk in the conflict area, may be assigned to the same platoon. However, longitudinal for-
mation mode is not accounted for. The CAVs enclosed within the blue dashed box repre-
sent a platoon. Upon entering the conflict area, the platoon will disband. Since a platoon 
may consist of CAVs traveling in various directions, only one platoon is permitted to pass 
the conflict area at a time. 

The safety scope of this abstraction depends on explicit operational assumptions. 
HDVs are assumed to remain in their assigned entrance lane while approaching and trav-
ersing the modeled conflict area; roadside sensing provides their current position and 
speed; and an unexpected HDV occupancy of the conflict area triggers the CAV yielding 
fallback described later in the paper. The proposed scheduler therefore does not claim a 
formal collision-avoidance guarantee for arbitrary unmodeled maneuvers, such as an ab-
rupt lane change, route change, or a sensing outage. These cases require an additional 
intention-estimation/reachability layer, such as the robust estimation-to-control frame-
work in Chen et al. [39]. 
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Figure 2. Autonomous intersection. 

3. Learning Scheduling Method 
3.1. Dueling Deep Q-Network 

Deep reinforcement learning operates within the framework of a MDP, where an 
agent continuously interacts with its environment to learn an optimal policy aimed at 
maximizing cumulative rewards. The agent observes the current state of the environment 
and, based on the objective of reward maximization, selects the most advantageous action. 
Upon executing this action, the environment transitions to a new state and delivers feed-
back to the agent in the form of this updated state and the corresponding reward signal, 
enabling the agent to iteratively improve its decision-making capability. For instance, in 
a reinforcement learning problem, the state observed by the agent at time 𝑡  is 𝑠௧ ∈ 𝑆 . 
Based on its current decision-making capability, the agent executes an optimal action 𝑎௧ ∈𝐴 and receives a reward 𝑟௧ାଵ = 𝑟ሺ𝑠௧ ,𝑎௧ሻ, leading the environment to transition from state 𝑠௧ to a new state 𝑠௧ାଵ. For a given state 𝑠௧, the agent’s decision is governed by the proba-
bility distribution of actions, which is defined by the policy 𝜋ሺ𝑎௧ ∣ 𝑠௧ሻ. When the agent 
performs action 𝑎௧ at time 𝑡, the probability of the environment transitioning from state 𝑠௧ to 𝑠௧ାଵ is represented by 𝑝ሺ𝑠௧ାଵ ∣ 𝑠௧ ,𝑎௧ሻ. The agent aims to maximize the future cumu-
lative discounted reward expressed as 𝑟௧ఊ = ∑ 𝛾௞ஶ௞ୀ଴ 𝑟ሺ𝑠௧ା௞,𝑎௧ା௞ሻ, where 𝛾 is the discount 
factor, constrained by 0 ≤ 𝛾 ≤ 1, and 𝛾௞𝑟 denotes the discounted reward at time 𝑡 + 𝑘. 
The discount factor translates future rewards into their present value, indicating the im-
portance of future rewards to the current state. The agent derives the optimal action and 
maximizes cumulative rewards by approximating both the state value function and the 
action value function. The state value indicates the expected cumulative reward starting 
from state st and following policy 𝜋, and it can be expressed as: 𝑉గሺ𝑠௧ሻ = 𝔼గൣ𝑟௧ఊ ∣ 𝑠௧൧ = 𝔼గ ൥෍𝛾௞ஶ

௞ୀ଴ 𝑟ሺ𝑠௧ା௞ ,𝑎௧ା௞ሻอ 𝑠௧൩ (1)

The action value, in turn, represents the expected cumulative reward obtained by 
executing action 𝑎௧ in the current state 𝑠௧ while following policy 𝜋, which is expressed 
as:  𝑄గሺ𝑠௧,𝑎௧ሻ = 𝔼గൣ𝑟௧ఊ ∣ 𝑠௧,𝑎௧൧ = 𝔼గ ൥෍𝛾௞ஶ

௞ୀ଴ 𝑟ሺ𝑠௧ା௞ ,𝑎௧ା௞ሻอ 𝑠௧,𝑎௧൩ (2)

In the Q-learning method, the agent evaluates all possible actions 𝑎௧ based on the 
current state 𝑠௧ and selects the optimal action that maximizes cumulative rewards. 

This selection is governed by the following iterative update equation: 
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𝑄గሺ𝑠௧,𝑎௧ሻ = 𝑄గሺ𝑠௧,𝑎௧ሻ + 𝛼 ቆ𝑟௧ାଵ + 𝛾max௔ 𝑄గሺ𝑠௧ାଵ,𝑎ሻ − 𝑄గሺ𝑠௧,𝑎௧ሻቇ (3)

where 𝛼 represents the learning rate. The Q-learning method relies on a Q-table to store 
the Q-values associated with each action. While this method is effective for relatively sim-
ple problems, it becomes inefficient when dealing with large-scale or continuous state-ac-
tion spaces due to the significant memory requirements for storing and updating the Q-ta-
ble, as well as the extensive time needed to explore the state space comprehensively. To 
address these challenges, Mnih et al. [44] proposed the use of deep neural networks (DNNs) 
to approximate Q-values, eliminating the need for an explicit Q-table. In the DQN method, 
the Q-values are approximated by a neural network, and its parameters are updated by 
minimizing the following loss function: 𝐿ሺ𝜃ொሻ ≈ ቆ𝑟௧ାଵ + 𝛾max௔ 𝑄గሺ𝑠௧ାଵ,𝑎 ∣ 𝜃ொሻ − 𝑄గሺ𝑠௧,𝑎௧ ∣ 𝜃ொሻቇଶ (4)

This method diverges from the traditional Q-learning method, where a Q-table is ex-
plicitly used to store Q-values for each action. DQN introduces experience replay to ad-
dress the instability associated with neural network updates. During the training process, 
a fixed-size experience buffer is established to store the agent’s interaction data with the 
environment, represented as ሺ𝑠௧ାଵ,𝑎௧ , 𝑟௧ାଵ, 𝑠௧ሻ. As training progresses, the buffer fills with 
data, and once the buffer reaches capacity, older data is replaced. The stored experience 
data are then used to update the neural network parameters, with the experience replay 
mechanism ensuring that past interactions are fully leveraged to improve learning. Both 
DQN and Q-learning methods employ the 𝜖-greedy strategy to balance exploration and 
exploitation in action selection. While this method accelerates the learning model’s con-
vergence toward the optimal policy, excessive use can result in overestimation of Q-values. 

In contrast to traditional Q-learning and DQN methods, the Dueling Deep Q-Net-
work (2DQN) introduces a state value function, which separates the evaluation of state 
importance from action-specific values. In many scenarios, the inherent value of a state is 
more critical than the action selected within that state. By incorporating a state value func-
tion, the 2DQN method more effectively captures the significance of states without relying 
solely on action-specific value estimates. This architecture proves particularly advanta-
geous in situations where the differences between actions in a given state are minimal. In 
the 2DQN method, the Q-network is divided into two components: the state value func-
tion and the advantage function. The state value function is solely dependent on the state, 
whereas the advantage function is contingent upon both the state and the action. The ad-
vantage function quantifies the relative benefit of executing action 𝑎 in the current state 𝑠, as compared to other possible actions. To prevent the overestimation of actions, the 
advantage function is often normalized by subtracting its mean value across all actions in 
the state. Therefore, the combined value function can be expressed as: 𝑄ሺ𝑠,𝑎ሻ = 𝑉ሺ𝑠,𝑤,𝛼ሻ + ቌ𝐴ሺ𝑠,𝑎,𝑤,𝛽ሻ − 1|𝐴|෍𝐴௔ᇱ ሺ𝑠, 𝑎′,𝑤,𝛽ሻቍ (5)

where 𝑉ሺ·ሻ denotes the state value function, 𝑤 represents the shared parameters of the Q-
network, 𝛼  refers to the parameters of the state value function, 𝐴ሺ·ሻ  signifies the ad-
vantage function, and 𝛽 represents the parameters associated with the advantage func-
tion. 

3.2. Decision-Making Framework 

To address the platoon scheduling problem at an autonomous intersection, a learning 
scheduling method is designed, which incorporates both platoon formation and passage 
coordination. The proposed method employs a centralized decision-making framework 
consisting of two distinct layers, as illustrated in Figure 3. The first layer handles platoon 
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formation, while the second layer manages platoon passage coordination. According to 
this structure, CAVs are initially organized into platoons, followed by the optimization of 
their passage order through coordination. Both the formation and coordination operations 
are executed by the proposed method, which is implemented within the RSU. 

 

Figure 3. Centralized decision-making framework. 

In the first layer, the optimal platoon formation problem is tackled through three 
main steps (i.e., Step 1 to Step 3). In Step 1, when CAVs and HDVs enter the communica-
tion area of the autonomous intersection, the RSU identifies all CAVs by receiving their 
passage requests, while utilizing sensor devices to detect the presence of HDVs. In Step 2, 
the RSU collects the current position, speed, and turning information of the CAVs, along 
with the position and speed of the HDVs. Finally, in Step 3, the RSU forms the CAVs and 
HDVs into mixed platoons or HDV groups based on the state information received from 
CAVs and the sensor devices, subsequently communicating the results to each CAV. Con-
sequently, three types of platoons exist in the autonomous intersection scenario: CAV pla-
toon, HDV group, and mixed platoon consisting of both CAVs and HDVs. To simplify the 
discussion in the subsequent sections of this paper, from this point forward, both CAV 
platoon and mixed platoon will be collectively referred to as mixed platoon. 

In the second layer, the optimal platoon coordination problem is addressed through 
four key steps (i.e., Step 4 to Step 6). In Step 4, the RSU calculates the current state of each 
platoon based on the transmitted data. In Step 5, the RSU determines the optimal passage 
order for each platoon, taking into account their respective driving states. In Step 6, the 
RSU evaluates passage time for each mixed platoon or HDV group, based on the estab-
lished order, and communicates this information to the CAV members of each mixed pla-
toon. 

3.3. Methodology 

Before coordinating the platoons, it is essential to first form platoons for all vehicles 
within the communication area. The process is outlined in Algorithm 1: 

Algorithm 1  Platoon formation algorithm 
Input  The state of all vehicles V and lane set L = {1, 2, 3, …} 
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Output  Optimal platoons P = {HDV-g₁, P₂, P₃, …, Pₙ} 
1:  Find lane l* ∈ L with the maximum number of vehicles 
2:  Divide lane l* into segment set S_{l*} = {s^1_{l*}, s^2_{l*}, …}, where each segment length is determined by the distance between consecutive vehicles’ rear bumpers 
3:  for each unlabeled lane l ∈ L \ {l*} do 

4:  Segment lane l into S_l based on the number and corresponding lengths of segments in S_{l*} 
5:  end for 
6:  for each ordinal index k do 

7:  Initialize segment group G_k ← ⋃_{l∈L} s_l^k 
8:  Group all CAVs and HDVs within G_k into vehicle group V_{G_k} 

9:  end for 
10:  for each vehicle group V_{G_k} do 

11:  for each vehicle in V_{G_k} do 
12:  Compare its arrival time with that of labeled vehicles in other groups 
13:  if an adjacent group yields a smaller arrival time difference then 

14:  Reassign the vehicle to that adjacent group 
15:  end if 

16:  end for 
17:  Form CAVs into mixed platoons P_i based on minimal arrival time differences, ensuring non-conflicting turning movements 
18:  Initialize remaining HDVs into a separate group HDV-g₁ 
19:  for each HDV in V_{G_k} do 

20:  if the preceding vehicle is a CAV then 
21:  Append the HDV to the preceding CAV’s mixed platoon P_i 

22:  end if 
23:  end for 

24:  end for 
25:  Return P 

Figure 4 illustrates a simple example focusing on the 4 lanes of an autonomous inter-
section. Since lane 8 contains the most vehicles, it is labeled and segmented accordingly. 
The lane is divided into four unequal-length segments based on vehicle positions, and 
Lane-1, Lane-2, Lane-7, and Lane-8 are segmented in a similar manner. These segments 
are grouped into four distinct groups. The group-1 includes Lane-1-1, Lane-2-1, Lane-7-1 
and Lane-8-1. The group-2 includes Lane-1-2, Lane-2-2, Lane-7-2 and Lane-8-2. The group-
3 includes Lane-1-3, Lane-2-3, Lane-7-3 and Lane-8-3. The group-4 includes Lane-1-4, 
Lane-2-4, Lane-7-4 and Lane-8-4. In group-1, there is a CAV. In group-2, there are two 
CAVs and an HDV. In group-3, there are two CAVs and an HDV. In group-4, there is a 
CAV and an HDV. In Step-5 and Step-6, the arrival times are evaluated based on the cur-
rent positions and speeds of the CAVs. Figure 5 illustrates a case for platoon formation. 
In Figure 5, group-1 consists of two CAVs and two HDVs, and group-2 comprises two 
CAVs and two HDVs, which are divided into three parts: HDV group-1, mixed platoon-
2 and mixed platoon-3. HDV-6 and HDV-8 are formed into mixed platoon-2 as the follow-
ing vehicles behind CAV-7 and CAV-5, respectively. CAV-1 and CAV-4 are formed into 
the mixed platoon-3. 

Once all vehicles have been formed into mixed platoons or an HDV group, the coor-
dination problem of them must be addressed. Within the platoon coordination layer, the 
learning model assumes a pivotal role in Step-4 and Step-5. As illustrated in Figure 5, there 
are two mixed platoons and an HDV group. The driving behaviors of mixed platoons can 
be regulated. However, the behaviors of the HDV group remain outside the scope of con-
trol. Furthermore, coordination operations of the two mixed platoons and the HDV group 
do not require turning information but rely on position and speed. 

Passage coordination belongs to a discrete decision-making problem. Consequently, 
the learning model is tasked with generating discrete actions to ascertain the optimal pas-
sage order. Thus, the action can be articulated as: 𝐴 = ቂ𝑎ଵHDV-gభ ,𝑎ଶ௣మ ,𝑎ଷ௣య , … ,𝑎௡௣೙ቃ ,𝐴 ∈ 𝒜 (6)

where 𝐴 represents the action vector, where 𝑎 denotes the specific ordinal in which a 
platoon passes the conflict area, and 𝑛 signifies the total number of mixed platoons and 
HDV groups. The action space, 𝒜, encompasses all possible passage orders for the pla-
toons, with the total number of such orders being 𝑛!. Each element within an action vector 
is distinct, which effectively prevents potential collisions between platoons while also 
minimizing the complexity of the action space. For example, if there are five platoons re-
quired to pass the conflict area, a randomly selected passage order could be expressed as 𝐴 = ሾ1,3,4,5,2ሿ. In this case, the passage order for HDV group-1 is 1, for mixed platoon-2 
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is 3, for mixed platoon-3 is 4, for mixed platoon-4 is 5, and for mixed platoon-5 is 2. The 
number of actions within 𝒜 is 5!. 

 

Figure 4. The case for segment grouping and vehicle grouping. 

Setting the observation state is a crucial step in constructing the learning model, as 
the model can make optimal decisions only when it accurately understands the current 
platoon state. In the platoon coordination problem, the state information of the platoons 
is often redundant. For instance, the state information of a single vehicle includes its 
speed, position, and the time required to pass through an intersection. If there are five 
platoons, each with four vehicles requiring coordination, the state dimension needs to be 
set to 60 to accommodate the observation data. Such a large amount of data might hinder 
the model’s ability to comprehend the state of targets, thereby affecting its learning effi-
ciency. Selecting observation data that accurately represents the current driving state of 
the platoon is crucial. Additionally, it is essential to reflect the differences between pla-
toons’ states, as these differences help the model identify optimal actions. 

During the coordination process, the passing timestamps of all mixed platoons can 
be flexibly adjusted. However, due to the lack of control over the HDV group, the time 
window for their passage remains immutable. Consequently, any mixed platoon with 
overlapping time windows with the HDV group is required to yield. The learning model 
must be capable of internalizing this fixed priority rule. More critically, the learning model 
must be able to make optimal decisions by processing the state data from both platoons. 
As illustrated in Figure 5, when HDV group-1 is given priority over mixed platoon-2, the 
subsequent passage order between mixed platoon-2 and mixed platoon-3 must be 
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optimized. Additionally, the model must be proficient in adapting its decision-making 
process to account for varying CAV penetration rates. 

 

Figure 5. The case for forming platoons. 

Based on the above analysis, an innovative state function is designed, denoted as: 

𝐹௦൫ൣ𝑡ଵ௣, 𝑡ଶ௣൧൯ = ⎩⎨
⎧𝑡ଶ௣ + 𝑇௠, if ൣ𝑡ଵ௣, 𝑡ଶ௣൧ ∩ ൣ𝑡ଵHDV-g, 𝑡ଶHDV-g൧ଵ ≠ ⌀,𝑡ଶ௣ + 𝑇௠, if 𝑡ଵ௣ > 𝑡ଶHDV-g and ∃ൣ𝑡ଵ௣, 𝑡ଶ௣൧௜∈௡ ∩ ൣ𝑡ଵHDV-g, 𝑡ଶHDV-g൧ଵ ≠ ⌀,𝑡ଶ௣, if 𝑇௔ < 𝑡ଵHDV-g and 𝑓௢൫𝑡ଶ௣൯ < 𝑡ଵHDV-g, 𝑡ଶ௣ ∈ {𝑡ଶ௣ ∣ 𝑡ଶ௣ < 𝑡ଵHDV-g}. 

ൣ𝑡ଵ௣, 𝑡ଶ௣൧ ∈ ቄቂ𝑡ଵHDV-g, 𝑡ଶHDV-gቃଵ , ൣ𝑡ଵ௣, 𝑡ଶ௣൧ଶ, ൣ𝑡ଵ௣, 𝑡ଶ௣൧ଷ, … , ൣ𝑡ଵ௣, 𝑡ଶ௣൧௡ቅ 
(7)

where 𝑡ଵ௣ and 𝑡ଶ௣ are the evaluated arrival and departure timestamps of each mixed pla-
toon, and 𝑡ଵHDV-g and 𝑡ଶHDV-g are the corresponding timestamps of the HDV group. Let 𝐼௛ = ൣ𝑡ଵୌୈ୚ି୥,  𝑡ଶୌୈ୚ି୥൧ and let 𝐶 = ൛ 𝑖 ∣ ൣ𝑡ଵ,௜௉ ,  𝑡ଶ,௜௉ ൧ ∩ 𝐼௛ ≠ ∅ ൟ,  𝑇௠ = max ቀ0,   𝑡ଶୌୈ୚ି୥ − min௜∈஼ 𝑡ଵ,௜௉ ቁ (8)

When𝒞 ≠ ∅; otherwise 𝑇௠ = 0. Thus, Tm is not an additional physical waiting time 
imposed on a vehicle. It is a state-feature translation determined by the earliest arrival 
timestamp among the platoons that overlap the HDV interval and by the HDV-group de-
parture timestamp. For every directly overlapping platoon 𝑖 ∈ 𝐶, 𝑡ଶ,௜௣ + 𝑇௠ ≥ 𝑡ଶୌୈ୚ି୥ , 
which makes the HDV-priority relation explicit in the augmented state. Applying the 
same additive offset to the second category preserves the pairwise temporal order among 
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the affected platoons because, for any 𝑖 and 𝑗, 𝑡ଶ,௜௣ < 𝑡ଶ,௝௣  if and only if 𝑡ଶ,௜௣ + 𝑇௠ < 𝑡ଶ,௝௣ +𝑇௠. This is the reason that the same Tm is used rather than a platoon-specific offset. 
The three conditions in Equation (7) are operational categories for platoons whose 

ordering relative to the HDV group must be encoded; they are not intended as an exhaus-
tive partition of all possible time intervals. Category 1 contains a platoon whose nominal 
interval directly overlaps 𝐼௛. Category 2 contains a downstream platoon with 𝑡ଵ௣ > 𝑡ଶୌୈ୚ି୥ 
when at least one platoon in the same coordination episode belongs to Category 1; the 
common translation preserves the relative structure of this coupled scheduling set. Cate-
gory 3 contains a platoon nominally before the HDV group that can still be completed 
before 𝑡ଵୌୈ୚ି୥ after accounting for the currently available passage time 𝑇௔ and the trial 
ordering function 𝑓௢. Platoons that are temporally separated from the HDV group and do 
not participate in these coupled cases retain their original departure timestamp as the state 
feature. 

To elucidate the aforementioned state function, several cases are illustrated in Figure 
6, where the red arrowed line signifies the passage interval of the HDV group, while the 
black arrowed line denotes the passage interval of the mixed platoon. In Figure 6a, the 
passage intervals of platoon-1 and platoon-3 overlap with that of HDV group-2, which 
possesses the right of way, necessitating that the other platoons yield. This precedence is 
attributed to the non-cooperative behavior of the HDV group-2 toward mixed platoons. 
Conversely, in Figure 6b, the passage interval of HDV group-1 remains entirely distinct 
from those of any other platoons, thereby granting HDV group-1 the right of way. 

According to the third category, the passage intervals of certain platoons do not over-
lap with those of the HDV platoon. The condition 𝑇௔ < 𝑡ଵHDV-g indicates that the arrival 
timestamp of the HDV platoon is later than the available passage timestamp 𝑇௔, thereby 
establishing a temporal window during which other platoons may advance. However, 
these platoons must fulfill the condition 𝑡ଶ௣ ∈ ቄ𝑡ଶ௣ ∣ 𝑡ଶ௣ < 𝑡ଵHDV-gቅ. The function 𝑓௢൫𝑡ଶ௣൯ is ca-
pable of determining which platoon may pass the conflict area without overlapping with 
the passage interval of the HDV group. Furthermore, 𝑓௢ can initialize a random passage 
order for these platoons and compute the departure timestamp for each under this ran-
domized arrangement. If 𝑓௢൫𝑡ଶ௣൯ < 𝑡ଵHDV-g, the respective platoon is granted the right of 
way over the HDV group. In Figure 6c, HDV group-3 arrives later than the available pas-
sage timestamp 𝑇௔, and the passage intervals of the other two platoons do not overlap 
with it. According to the random order generated by 𝑓௢൫𝑡ଶ௣൯, the passage interval of pla-
toon-2 overlaps with that of HDV group-3, thus granting platoon-1 the right of way over 
HDV group-3. 

Figure 6d illustrates why the nominal condition 𝑡ଶ௣ < 𝑡ଵୌୈ୚ି୥ alone is insufficient. If 
the current available passage timestamp 𝑇௔ shifts a platoon’s executable interval, that in-
terval can still conflict with the HDV group. The function 𝑓௢ therefore checks whether a 
candidate pre-HDV order can actually be completed before 𝑡ଵୌୈ୚ି୥. When an overlap is 
present, 𝑇௠ is computed by Equation (8). Its role is solely to separate the encoded state 
classes and expose the fixed HDV-priority relation to the Q-network; actual collision 
avoidance is enforced by the passage-order feasibility rules and the yielding mechanism, 
not by interpreting 𝑇௠ as a physical safety headway. 
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Figure 6. The illustration of state function. 

The observation state can be set as:  𝑂 = ቂ𝑡ଶHDV-gభ , 𝑡ଶ௣మ , 𝑡ଶ௣య , … , 𝑡ଶ௣೙ቃ (9)

Based on Equations (7) and (9), the observation state vector conveys the following 
features to the learning model: 

• If 𝑡ଶHDV-g < 𝑡ଶ௣೔, the HDV group is granted right of way over platoon-𝑖, as their 
respective passage intervals do not overlap, and the departure timestamp of the HDV 
group precedes the arrival timestamp of platoon-𝑖 in the state augmentation process. 

• Conversely, if 𝑡ଶHDV-g > 𝑡ଶ௣೔, platoon-𝑖 is a candidate to pass before the HDV group. 
Because an apparently feasible nominal interval can become infeasible after account-
ing for 𝑇௔  and the preceding platoon order, 𝑓௢ሺ⋅ሻ  is used as a conservative tem-
poral-feasibility check. It rejects a candidate pre-HDV ordering whenever the evalu-
ated departure timestamp reaches or exceeds 𝑡ଵୌୈ୚ି୥. Therefore, 𝑓௢ should be inter-
preted as reducing temporal overlap risk in the scheduling representation rather 
than, by itself, constituting a complete microscopic collision-avoidance guarantee. 
Figure 7a–d illustrate this filtering effect. 

Building upon the aforementioned two features, mixed platoons can be classified into 
two distinct categories. The first category corresponds to cases where 𝑡ଶHDV-g < 𝑡ଶ௣೔, while 
the second pertains to cases where 𝑡ଶHDV-g > 𝑡ଶ௣೔ . The passage order for these platoons 
must be optimized by the learning model, with the passage interval for the HDV group 
remaining invariant. Equations (7) and (9) also apply to 100% CAV penetration rate. Un-
der 100% or high CAV penetration rate, there may be no HDV group, so 𝑡ଶHDV-g = 0. The 
state augmentation process is illustrated in Algorithm 2. 
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Figure 7. The illustration of 𝑓௢ሺ𝑡ଶሻ. 
Algorithm 2  State augmentation algorithm 
Input  The arrival and departure timestamps of all mixed platoons and HDV group. 
Output  [t₂^{HDV-g₁}, t₂^{P₂}, t₂^{P₃}, …, t₂^{Pₙ}] 
1:  if There is no HDV group then 

2:  Set t₂^{HDV-g₁} ← 0 
3:  else 

4:  for j = 2 to n do 
5:  if [t₁^{P_j}, t₂^{P_j}] ∩ [t₁^{HDV-g}, t₂^{HDV-g}]₁ ≠ ∅ then 

6:  Set t₂^{P_j} ← t₂^{P_j} + T_m 
7:  end if 
8:  if t₁^{P_j} > t₂^{HDV-g} and ∃ [t₁^{P_i}, t₂^{P_i}]_{i∈n} ∩ [t₁^{HDV-g}, t₂^{HDV-g}]₁ ≠ ∅ then 

9:  Set t₂^{P_i} ← t₂^{P_i} + T_m 
10:  end if 

11:  end for 
12:  end if 

How to set the reward to ensure that the learning model can understand the above 
features and then make an optimal decision that yields the maximum reward is important. 
Granting the right of way between mixed platoons and the HDV group without hesita-
tion, therefore, the reward function can be denoted as: 

𝑟ሺ𝑂,𝐴ሻ = ⎩⎪⎨
⎪⎧ 𝛼, if ൫𝑡ଶ௣೔ < 𝑡ଶHDV-g and 𝑎௜௣೔ > 𝑎ଵHDV-g൯ 𝑜𝑟൫𝑡ଶ௣೔ > 𝑡ଶHDV-g and 𝑎௜௣೔ < 𝑎ଵHDV-g൯,−෍൫𝑡௣ௗ − 𝑡ଵ൯ , 𝑒𝑙𝑠𝑒  (10)

where 𝛼 < 0 is the penalty assigned to an action that violates the encoded HDV-priority 
relation, and 𝑡௣ௗ is the evaluated departure timestamp under the candidate passage order. 
Let 𝐽୫ୟ୶ = sup஺∈𝒜౜౛౗౩෍൫𝑡௣ௗ − 𝑡ଵ,௣൯௣  (11)

be an upper bound on the total passage-time cost among feasible actions in one 
scheduling decision. A sufficient reward-separation condition is 𝛼 < −𝐽୫ୟ୶ ; under this 
condition, every priority-violating action receives a smaller one-step reward than every 
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feasible action. This inequality explains the required magnitude of the penalty, although 
it is not, by itself, a proof of global convergence of the nonlinear function approximator. 

The priority rule is additionally treated as a hard feasibility rule: when the first 
branch of Equation (10) is triggered, the candidate action is rejected and is not executed in 
the traffic environment. The second branch therefore optimizes efficiency only within the 
admissible scheduling set. Safety is not intentionally traded against travel time through a 
weighted reward term; longitudinal collision avoidance and conflict-area fallback rules 
are imposed separately by the car-following/control model and the yielding logic de-
scribed in Section 4. This separation between a hard safety layer and an efficiency reward 
is consistent with recent constraint-aware reinforcement-learning vehicle-control studies 
[42]. The distinction between the state variable 𝑡ଶ௣೔ and the reward variable 𝑡௣ௗ is also 
important: the former is computed before choosing a passage order, whereas the latter is 
evaluated after applying the candidate order and the trajectory-planning model. 

Traffic demand at intersections is subject to real-time fluctuations, and as such, learn-
ing models must be capable of addressing platoon scheduling challenges of varying 
scales. However, in deep reinforcement learning methods, once the dimensions of state 
and action spaces are defined, they are fixed and cannot be adapted. For instance, if the 
observation space is set to a three-dimensional state, the model is only capable of solving 
coordination problems for three platoons and is unable to extend its coordination capa-
bilities to platoons with different sizes. To mitigate this limitation, a virtual encoding 
method is proposed. To mitigate the dimensional rigidity inherent in DRL architectures, 
we propose a virtual encoding strategy. This approach bifurcates the state and action vec-
tors into real and virtual components. Real components encode the dynamic states and 
executable actions of physical platoons, whereas virtual components act as scalable place-
holders, accommodating variable traffic demands without necessitating structural altera-
tions to the neural network. Similarly, in the action vector, only the real component is 
executable, while the virtual component is not. Despite this distinction, both the real and 
virtual components of the state and action vectors are utilized in the neural network’s 
update process, enabling the model to dynamically scale and address platoon coordina-
tion problems of varying sizes. Equation (12) presents the virtual encoding: 

⎩⎪⎨
⎪⎧𝑂 = ൥𝑜ଵ, 𝑜ଶ, 𝑜ଷᇣᇧᇤᇧᇥactual , 𝑜ସ, 𝑜ହᇣᇤᇥvirtual ൩𝐴 = ൥𝑎ଵ,𝑎ଶ,𝑎ଷᇣᇧᇧᇤᇧᇧᇥactual ,𝑎ସ,𝑎ହᇣᇤᇥvirtual ൩

, (12)

where 𝑜ଵ, 𝑜ଶ, 𝑜ଷ and 𝑎ଵ,𝑎ଶ,𝑎ଷ denote the states and actions of the actual scheduling units, 
while 𝑜ସ, 𝑜ହ and 𝑎ସ,𝑎ହ denote fixed-dimension virtual entries. A virtual platoon contains 
one virtual CAV, and its travel-time feature is evaluated with the same trajectory-evalua-
tion procedure used for a single-CAV platoon; the associated virtual action is discarded 
before any command is applied to the physical traffic environment. 

The Markov-property implication can be stated explicitly. Let the fixed-dimensional 
encoding be 𝑂෨ = 𝑔ሺ𝑂,𝑁ሻ, where 𝑂 is the physical Markov state, 𝑁 is the current num-
ber of actual scheduling units, and 𝑔 is a deterministic padding/encoding function that 
depends only on the current decision state. Let 𝑃ே൫𝐴ሚ൯ remove the virtual entries from a 
network action before execution. Then the encoded transition satisfies Pr   ൫𝑂෨ᇱ, ∣ 𝑂෨𝐴ሚ൯ = Pr   ቀ𝑔, ሺ𝑂ᇱ,𝑁ᇱሻ ∣ 𝑂𝑃ே൫𝐴ሚ൯ቁ (13)

which introduces no dependence on pre-𝑂 history provided that the virtual-state as-
signment is deterministic in the current physical state. Thus, fixed-dimensional encoding 
does not inherently destroy the Markov property. It can nevertheless affect function ap-
proximation and sample efficiency; therefore, the effect of the virtual-state design should 
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be examined by a dedicated state-representation ablation rather than assumed to be bias-
free. 

During the initial phase of training a 2DQN model, the model has not yet mastered 
the optimal policy, resulting in the output of actions that are largely stochastic, yielding 
relatively low rewards. Gradually, the experience pool becomes increasingly enriched 
with high-quality actions and corresponding substantial rewards. These tuples are then 
sampled to update the model’s neural network, facilitating further policy optimization. 
Over time, the model converges towards the optimal policy, and the rewards stabilize 
within a specific range. Two primary factors can impede the model’s ability to explore 
and identify the optimal order. First, in a platoon coordination problem, there exists only 
one optimal order that minimizes passage time. Given the large action space, it becomes 
apparent that the learning model must conduct an extensive search to locate the optimal 
order. Suboptimal orders may not yield sufficiently high reward values for the learning 
model, and only a select few suboptimal orders may provide relatively higher rewards. 
Second, the distinction between suboptimal order and optimal order may be subtle. On 
one hand, altering the passage order between any two platoons could lead to large pas-
sage times. On the other hand, certain suboptimal orders may differ considerably from 
the optimal one, yet still result in passage times that are nearly indistinguishable. 

An expert demonstration model, based on the EN method, was developed and inte-
grated into the training process of the 2DQN model, as depicted in Figure 8. The improved 
learning model is called the 2DQN-Expert model. During the training process, the expert 
model and the 2DQN model operate in parallel, engaging in simultaneous decision-mak-
ing. The expert model retrieves all relevant state information of the platoons from the 
training environment and performs an exhaustive enumeration of all possible passage or-
ders to determine the optimal one. The reward for the optimal passage combination is 
computed in accordance with Equation (10), and the corresponding experience tuple is 
subsequently added to the experience pool. Notably, although the expert model acquires 
state information from the training environment, it cannot execute the optimal passage 
order. Conversely, the 2DQN model extracts state information from the training environ-
ment, and the actions it generates are executed within the training environment. The state, 
rewards, and actions are also stored in the experience pool as experience tuples. Conse-
quently, the experience pool contains two categories of data: the first consists of the expert 
model’s demonstration data, while the second comprises the training experience data of 
the 2DQN model. Compared to the 2DQN model, the expert model demonstrates stable 
performance, reliably producing optimal orders and securing high rewards. 

The expert mechanism injects globally optimal permutation examples generated by 
the EN solver into the replay data for this scheduling problem. Exploration and demon-
stration influence the learner through different channels: the 2DQN agent continues to 
select the action executed in the environment according to its exploration policy, whereas 
the expert action is not executed and affects learning only when its stored tuple is sampled 
for a gradient update. In this way, expert experience supplements rather than replaces 
online exploration. 



Machines 2026, 14, 1106 18 of 29 
 

https://doi.org/10.3390/machines14101106 

 

Figure 8. Training process with expert demonstration mechanism. 

4. Longitudinal Trajectory Planning 
After determining the order of platoon passage, the RSU must formulate longitudinal 

trajectory plans for the mixed platoons approaching the conflict area from the entrance 
lanes. For each platoon, the vehicle positioned closest to the conflict area is designated as 
the leading vehicle (LV). The longitudinal trajectory optimization model is then con-
structed based on the dynamic state of this LV. min௨೔ሺ௧ሻ 12න 𝑢௜௧೔మ௧೔భ ሺ𝑡ሻଶ 𝑑𝑡subject to: 𝑢୫୧୬ ≤ 𝑢௜ሺ𝑡ሻ ≤ 𝑢୫ୟ୶𝑣୫୧୬ ≤ 𝑣௜ሺ𝑡ሻ ≤ 𝑣୫ୟ୶𝑝௜ሺ𝑡௜ଵሻ = 𝑝௜ଵ, 𝑣௜ሺ𝑡௜ଵሻ = 𝑣௜ଵ𝑝௜൫𝑡௜ଶ൯ = 𝑝௜ଶ, 𝑣௜൫𝑡௜ଶ൯ = 𝑣௜ଶ𝑡 ∈ ሾ𝑡௜ଵ, 𝑡௜ଶሿ

 (14)

where 𝑖 is the index, 𝑢ሺ𝑡ሻ represents the acceleration, 𝑢୫୧୬ and 𝑢୫ୟ୶ denote the lower 
and upper bounds of the acceleration, respectively, and v indicates the speed. Addition-
ally, 𝑝ଵ corresponds to the initial position of the LV, 𝑣ଵ to the initial velocity of the LV, 𝑝ଶ  to the final position of the LV, 𝑣ଶ  to the final velocity of the LV, 𝑡ଵ  to the initial 
timestamp for the longitudinal trajectory planning, 𝑡ଶ to the final timestamp, and 𝑡 rep-
resents the planning horizon. 

The optimization goal of Equation (14) is to minimize the cumulative acceleration 
within the specified planning horizon. This objective not only seeks to enhance passenger 
comfort but also aims to reduce fuel consumption caused by frequent acceleration and 
deceleration. The Hamiltonian method [45] is employed to solve Equation (14), while a 
consensus control method [46] is utilized to conduct the platoon control task. To guarantee 
the passage safety of all vehicles through the intersection, the following clarifications are 
provided:  

• Upon entering the conflict area, a mixed platoon will disband, and CAVs will pass 
the conflict area at a constant speed. Control tasks for CAVs will continue to be con-
ducted. 
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• Regardless of whether an HDV is part of a mixed platoon or an HDV group, its lon-
gitudinal trajectory on the entrance lane and within the conflict area will be governed 
by the car-following model [47]. 

• Once an HDV enters the conflict area, the right of way for HDVs with conflicting 
movement will be assigned using the FCFS method. 

• Under a low CAV penetration rate, evaluating the passage time of the HDV group 
based on the optimal passage order may introduce error. Such error could lead to 
both HDVs and CAVs with conflicting trajectories entering the conflict area simulta-
neously. In these instances, CAVs must yield to HDVs and are permitted to proceed 
only once HDVs have departed the conflict area. 
Safety scope of the platoon-level abstraction. Let 𝐽௞ = ൣ𝜏௞୧୬, 𝜏௞୭୳୲൧  denote the actual 

conflict-area occupancy interval of scheduling unit 𝑘, and let 𝑐௜௝ = 1 indicate that two 
distinct units have geometrically conflicting movements. The scheduling layer enforces 
the sufficient inter-unit condition 𝑐௜௝ = 1 ⟹  𝐽௜ ∩ 𝐽௝ = ∅ (15)

except for HDVs already treated inside the same HDV group, whose interaction is 
handled by the microscopic car-following/FCFS rules. If an HDV is observed in the con-
flict area outside its predicted interval, conflicting CAVs do not execute their nominal 
crossing action and instead yield until the HDV has cleared the conflict area. 

Proposition 1. Under the modeled assumptions that (i) vehicles remain in their as-signed lane 
through the conflict area, (ii) the microscopic longitudinal model/controller prevents rear-end col-
lisions within a scheduling unit, (iii) Equation (15) is satisfied for distinct conflicting scheduling 
units, and (iv) the CAV yielding fallback is triggered when an HDV occupies the conflict area 
unexpectedly in time, the platoon-level scheduling abstraction prevents modeled inter-unit conflict-
area collisions. 

Proof. A collision between two distinct units with conflicting movements requires simul-
taneous occupancy of their common conflict region. Condition (iii) excludes that simulta-
neous occupancy under the nominal schedule, while condition (iv) blocks a conflicting 
CAV crossing when the observed HDV occupancy deviates from the nominal interval. 
Longitudinal interactions within a unit are delegated to condition (ii). Hence, the modeled 
inter-unit collision modes are excluded under assumptions (i)–(iv). □ 

This proposition deliberately states the scope rather than claiming safety under arbi-
trary HDV behavior. Abrupt lane changes, route changes not represented by the current 
lane geometry, perception outages, and non-negligible sensing/communication delays fall 
outside the present guarantee. These cases therefore remain outside the empirical scope 
of the current experiments and are identified as a limitation and future extension, for 
which an uncertainty-aware intention/reachability layer and dedicated safety stress test-
ing would be appropriate [39]. 

5. Experimental Evaluation 
To facilitate the training and evaluation processes, the SUMO simulation platform is 

employed, given its capability to comprehensively assess the efficiency of various traffic 
management methods. This section presents four experiments aimed at rigorously testing 
the designed learning model. In the first experiment, the learning model, both with and 
without the expert demonstration mechanism, will undergo training, with a comparative 
analysis of their results conducted to underscore the beneficial impact of the expert 
demonstration mechanism in enhancing decision-making efficacy. The second experiment 
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involves the training of alternative models, followed by a comprehensive comparison and 
critical analysis of all performance metrics. In the third experiment, the proposed learning 
model will be evaluated under 100% CAV penetration, with its scheduling performance 
benchmarked against established methods to emphasize its superior efficiency. Lastly, in 
the fourth experiment, the performance of the learning model will be examined under 
varying CAV penetration rates, thereby showcasing its robustness and adaptability in ad-
dressing the mixed traffic scheduling problem. 

5.1. Training Environment 

To train the learning model, a simulation environment is first established, with the 
environment parameters detailed in Table 1. Each episode of the simulation runs for 500 
s. The communication range is set to 250 m. Scheduling operations are exclusively applied 
to the first two vehicles in each lane that enter the communication range, while vehicles 
already scheduled within this range are excluded from additional operations. The range 
of free-flow speed is set at 10–11 m/s, and the maximum speed limit on the road is 11 m/s. 
The acceleration is constrained within the range of −6 m/s2, 3 m/s2. Traffic demand varies 
between 50 veh/l/h and 400 veh/l/h, where the unit veh/l/h denotes vehicles per lane per 
hour. 

Table 1. Simulation environment parameters. 

Parameter Value 
Communication range 250 m 

Simulation time 500 s 
Minimum acceleration −6 m/s2 
Maximum acceleration 3 m/s2 

Range of free flow speed 10–11 m/s 
Maximum speed 11 m/s 

Minimum traffic demand 50 veh/l/h 
Maximum traffic demand 400 veh/l/h 

Range of CAV penetration rate 0–100% 

The hyperparameters for the 2DQN model are presented in Table 2. The discount 
factor is set to 0.99, and the learning rate is 0.001. The initial and final epsilon values are 
1.0 and 0.01, respectively. The replay pool has a capacity of 200,000 tuples, and the mini-
batch size is 256. The state and action dimensions are both 7. The Q-network uses three 
shared fully connected layers with 256 neurons per layer and then separates into value 
and advantage streams, each containing a 256-neuron fully connected layer. Training is 
conducted for at most 1000 episodes. 

Table 2. Hyperparameters of 2DQN model. 

Parameter Value 
Discounted factor 0.99 

Learning rate 0.001 
Initial epsilon 1.0 
Final epsilon 0.01 

Experience pool size 200,000 
Batch sample size 256 
Q Network layer 5 

Shared neural network layer 3 
Value function Network layer 1 

Advantage function Network layer 1 
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Neuron 256 
State dimension 7 

Action dimension 7 
Maximum episode count 1000 

Evaluation scope and robustness. The figures and tables reported in this study are 
based on the simulation runs described above. Because independent repeated-seed results 
are not available for every learning configuration, the present analysis does not claim sta-
tistical significance. Instead, robustness is examined descriptively across the operating 
conditions already included in the study, including multiple traffic-demand levels, mul-
tiple CAV penetration rates, comparisons among DQN, DDQN, PPO, and SAC imple-
mentations, and comparison with the EN benchmark. These scenario sweeps evaluate sen-
sitivity to operating conditions, but they are not treated as substitutes for independent-
seed uncertainty estimates. Accordingly, the reported 14% reward increase is described 
only as an observation from the representative recorded training run. 

The experiments also distinguish the effect of expert guidance by comparing 2DQN 
with 2DQN-Expert and comparing several alternative DRL architectures. However, an 
additional raw-state ablation that isolates the state-augmentation function alone is not in-
cluded. We therefore avoid attributing the full performance gain to any single component 
and limit the corresponding conclusion to the combined framework evaluated here. Re-
cent mixed-traffic right-of-way and heterogeneous-graph DRL studies are cited as rele-
vant references [41,48]. 

For safety, the study evaluates efficiency only within the modeled lane-keeping, sens-
ing, longitudinal-control, temporal-separation, and CAV yielding assumptions. The effi-
ciency metrics are not presented as empirical evidence of robustness to unexpected HDV 
maneuvers. Likewise, the SUMO experiments do not include an explicit V2I communica-
tion-delay model or hardware-specific inference benchmark. We therefore describe the 
proposed policy as avoiding online exhaustive enumeration after training, rather than 
claiming experimentally validated real-time deployment on a specific RSU platform. 

5.2. Training Performance Comparison 

Figure 9 compares one recorded training run of the 2DQN and 2DQN-Expert models. 
In this run, the 2DQN reward became stable shortly after approximately 500 episodes, 
whereas the 2DQN-Expert curve stabilized after approximately 600 episodes. The 2DQN-
Expert model reached a peak average reward of about −600 compared with about -700 for 
2DQN, corresponding to the approximately 14% relative improvement reported in the 
original manuscript. This result is reported as a within-run observation rather than as a 
statistical superiority claim. Its interpretation is supported descriptively by the additional 
demand-level, penetration-rate, algorithm, and EN-benchmark comparisons reported in 
the following subsections. The slower stabilization of the expert-assisted curve may be 
related to the additional diversity introduced into the replay data; because the current 
records do not include a demonstration-ratio sensitivity experiment, we do not assign a 
unique causal mechanism to this difference. 
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Figure 9. Training performance comparison between the 2DQN model and the 2DQN-Expert model. 

To further assess the training efficacy of the 2DQN-Expert model, the DQN model, 
Double Q-Network (DDQN) model [49], Proximal Policy Optimization (PPO) model [50], 
and Soft Actor-Critic (SAC) model [51] are constructed and trained within the same sim-
ulation environment. To comprehensively demonstrate the training performance of the 
PPO and SAC models, the maximum number of episodes was set to 3000. Figure 10 illus-
trates the historical reward for each model. The PPO model exhibited the lowest reward 
values, fluctuating within a range of −1150 to −1080, and it failed to achieve convergence 
throughout the entire training process. In contrast, the SAC model demonstrated superior 
performance in terms of both reward magnitude and convergence rate when compared 
to the PPO model. After approximately 1500 episodes, the SAC model’s reward values 
began to converge gradually, ultimately stabilizing within the range of −980 to −920. It is 
evident that the DQN and DDQN models outperformed both the PPO and SAC models 
in terms of training efficacy. The training results of the DQN and DDQN models were 
notably similar, with both models commencing convergence after approximately 100 ep-
isodes and achieving stable rewards after 500 episodes. However, the DQN model dis-
played a degree of instability around 680 episodes. While the convergence speed of both 
the DQN and DDQN models is slower than that of the 2DQN model, they surpass the 
2DQN-Expert model. Nevertheless, the reward values achieved by the DQN and DDQN 
models remain lower than those obtained by the 2DQN-Expert model. 

These algorithmic baselines compare the underlying learning architectures under the 
same local implementation, but they do not by themselves isolate the contribution of the 
proposed state design or establish superiority over recent mixed-traffic intersection frame-
works. The additional ablation and recent-method comparisons specified above are there-
fore necessary for a complete attribution of performance gains. 
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Figure 10. Training performance of the DQN model, the DDQN model, PPO model and SAC model. 

5.3. Decision-Making Performance Comparison 

Upon the completion of the 2DQN-Expert model’s training, it is essential to rigor-
ously assess its decision-making efficacy, specifically its learning performance. The Adap-
tive Signal Control (ASC) method, along with the FCFS, LQF, and EN methods, will be 
evaluated under varying traffic demand with a full CAV penetration rate. The decision-
making effectiveness of these methods will be systematically compared to that of the 
2DQN-Expert model. Ma and Yu et al. [52,53] employed $6/h to quantify vehicle delay 
costs. Inspired by their research, the present section adopts $6/h and $1.5/L as the unit 
travel costs for vehicle delay and fuel consumption, respectively, with total travel cost 
serving as the primary evaluation metric. Table 3 illustrates the performance outcomes of 
all methods with full CAV penetration rate, while Tables 4–7 present a detailed compara-
tive result. 

Table 3. Test results of all methods under different traffic demand with full CAV penetration rate. 

Demand (veh/h/lane) 50 100 200 300 400 

ASC 2.6 4.2 15.0 38.1 42.7 
18.9 20.1 24.7 34.4 36.9 

FCFS 3.6 4.0 5.2 6.1 11.1 
14.2 14.3 15.3 16.1 20.2 

LQF 6.0 6.1 6.5 7.3 12.4 
16.5 15.7 16.2 17.4 21.6 

EN 2.7 2.6 2.6 3.4 9.6 
13.9 13.9 14.0 14.9 20.7 

2DQN-Expert 
2.4 2.9 2.7 3.8 8.8 
13.8 13.9 13.8 15.0 20.0 
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Table 4. Comparison results of ASC method and 2DQN-Expert method. 

Demand 
(veh/h/lane) Delay (%) Fuel (%) Cost (%) 

ASC 
($/h/lane) 

2DQN-Expert 
($/h/lane) 

50 −7.7% −27.0% −25.0% 3.3 2.5 
100 −31.0% −31.0% −31.0% 3.7 2.6 
200 −82.0% −44.1% −59.0% 6.1 2.5 
300 −90.0% −56.4% −74.6% 11.3 2.9 
400 −79.4% −45.8% −64.4% 12.4 4.4 

Table 5. Comparison results of FCFS method and 2DQN-Expert method. 

Demand 
(veh/h/lane) Delay (%) Fuel (%) Cost (%) 

FCFS 
($/h/lane) 

50 −33.3% −2.8% −9.3% 2.7 
100 −27.5% −2.8% −8.5% 2.8 
200 −48.1% −9.8% −20.0% 3.1 
300 −37.7% −6.8% −15.7% 3.4 
400 −20.7% −1.0% −8.3% 4.8 

Table 6. Comparison results of LQF method and 2DQN-Expert method. 

Demand 
(veh/h/lane) Delay (%) Fuel (%) Cost (%) 

FCFS 
($/h/lane) 

50 −60.0% −16.4% −28.6% 3.4 
100 −52.5% −11.5% −23.5% 3.3 
200 −58.5% −14.8% −27.9% 3.5 
300 −48.0% −13.8% −24.4% 3.8 
400 −29.0% −7.4% −15.6% 5.2 

Table 7. Comparison results of EN method and 2DQN-Expert method. 

Demand 
(veh/h/lane) Delay (%) Fuel (%) Cost (%) 

FCFS 
($/h/lane) 

50 −11.1% −0.7% −2.5% 2.5 
100 +11.5% +0.0% +1.9% 2.5 
200 +3.9% −1.4% −0.6% 2.5 
300 +11.8% +0.7% +2.8% 2.8 
400 −8.3% −3.4% −5.0% 4.6 

The 2DQN-Expert method demonstrates superior performance compared to the ASC 
method across different levels of traffic demand for two primary reasons. First, the ASC 
method lacks the capability to coordinate vehicles in platoons, which leads to increased 
headways between vehicles and substantial time losses. Second, the ASC method is una-
ble to integrate longitudinal trajectory optimization, making it challenging to achieve fuel 
efficiency. Furthermore, vehicles often need to stop before the stop line while waiting for 
clearance, which extends their dwell time in the conflict area, resulting in inefficient 
throughput and heightened fuel consumption. Both the FCFS and LQF methods are based 
on fixed rules, which fail to adapt to dynamic traffic conditions, thus limiting their ability 
to make optimal real-time decisions. Consequently, their performance is inferior to that of 
the 2DQN-Expert method. Table 7 provides a comparison between the EN method and 
the 2DQN-Expert method, with negligible differences observed. At traffic demand levels 
of 100–300 veh/h/lane, the 2DQN-Expert method incurs a 2% increase in costs. However, 
at demand levels of 50 veh/h/lane and 400 veh/h/lane, the costs are reduced by 2.5% and 
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5%, respectively, when compared to the EN method. Based on these results, it is evident 
that the 2DQN-Expert method’s decision-making capability approaches that of the EN 
method. Given that the EN method yields globally optimal solutions, this indicates the 
effectiveness of the 2DQN-Expert learning process. 

5.4. The Impact of CAV Penetration Rate on 2DQN-Expert Model 

Twelve mixed-traffic cases were evaluated using three demand levels and four CAV 
penetration rates. In Table 8, the percentage columns are relative changes with respect to 
the corresponding 100% CAV case at the same demand level. Specifically,  Δ𝐷ሺ𝑝ሻ = 𝐷ሺ𝑝ሻ − 𝐷ሺ100%ሻ𝐷ሺ100%ሻ × 100%, Δ𝐹ሺ𝑝ሻ = 𝐹ሺ𝑝ሻ − 𝐹ሺ100%ሻ𝐹ሺ100%ሻ × 100% (16)

where 𝐷 and 𝐹 denote average delay and fuel consumption, respectively, and 𝑝 is the 
CAV penetration rate. Therefore, the column originally labeled “Delay (%)” should be 
read as a relative delay increase rather than an absolute delay percentage. 

The original results show a clear increase in fuel consumption as penetration de-
creases, whereas delay is not strictly monotonic at the two lower demand levels. For ex-
ample, at 100 veh/h/lane, the recorded delay changes from 5.8 s at 80% penetration to 5.4 
s at 20%. This non-monotonic value should not be interpreted as evidence that reducing 
CAV penetration improves delay. Under light demand, a larger HDV group resolved by 
the FCFS microscopic rule can produce shorter realized headways in a particular stochas-
tic run, while the loss of trajectory optimization still increases fuel use. Because the current 
table contains recorded single-run values, the small non-monotonic differences at light 
demand may also reflect traffic-generation randomness. We therefore use Table 8 as a de-
scriptive sensitivity analysis across penetration-rate scenarios and do not infer a statisti-
cally significant monotonic delay relationship from these individual values. 

Figure 11 illustrates two right-of-way allocations at 100 veh/h/L and 60% CAV pene-
tration. In Figure 11a, HDV-1, HDV-2, and HDV-3 pass before the CAV platoons; in Figure 
11b, CAV-1 passes first because its evaluated passage interval is temporally separated 
from the HDV-group interval. 

Table 8. Test results of the 2DQN-Expert model under different traffic demands and CAV pene-
tration rates. 

Demand Penetration Delay Relative Delay Fuel Relative Fuel 
(veh/h/lane) (%) (s) (%) (ml) (%) 

100 

80 5.8 +100.0% 17.8 +28.1% 
60 5.8 +100.0% 18.5 +33.1% 
40 5.7 +96.6% 19.2 +38.1% 
20 5.4 +86.2% 19.9 +43.2% 

200 

80 6.4 +137.0% 17.7 +28.3% 
60 6.7 +148.2% 18.1 +31.1% 
40 6.5 +141.0% 19.6 +42.0% 
20 5.4 +100.0% 20.1 +45.7% 

300 

80 9.4 +147.3% 19.7 +31.3% 
60 10.2 +168.4% 20.7 +38.0% 
40 10.8 +184.2% 22.3 +48.7% 
20 15.8 +315.8% 24.3 +68.0% 
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Figure 11. The longitudinal trajectories of HDVs and CAVs. 

6. Conclusions 
In this paper, a learning scheduling method is proposed for an unsignalized mixed-

traffic intersection under the operational condition that reliable explicit HDV turning in-
tention is not available sufficiently early for the scheduling decision. Vehicles are orga-
nized into mixed platoons and an HDV group; a state-augmentation function encodes 
their temporal relationship, and an EN-based expert demonstration stream is incorpo-
rated into replay training. The present experimental records support the following obser-
vations within the modeled assumptions. The conclusions are intentionally limited to the 
recorded simulation runs and the tested demand and CAV-penetration scenarios; statis-
tical seed-to-seed robustness, unexpected HDV maneuvers, communication-delay robust-
ness, and hardware-specific deployment latency are outside the empirical scope of the 
current experiments. 

• Without requiring a reliable explicit HDV turn-intention label at the scheduling time, 
the platoon-level representation can allocate right of way using observable temporal 
states. HDVs are incorporated either as followers in mixed platoons or into an HDV 
group, and potentially conflicting scheduling units are temporally separated under 
the modeled lane-keeping and yielding assumptions. 

• In the representative training run, adding EN demonstrations increased the reported 
peak average reward from approximately −700 to −600 (about 14%). The tested DQN, 
DDQN, PPO, and SAC implementations achieved lower rewards in the same simu-
lation setup, and the resulting travel costs of 2DQN-Expert were close to the EN 
benchmark in the reported demand cases. These results are interpreted descriptively 
for the recorded runs and tested scenarios rather than as statistical significance across 
independent random seeds. 

Future work will relax the conservative information assumptions by fusing turn sig-
nal status, lane position, trajectory history, and perception-based probabilistic intention 
estimates for HDVs. Rather than replacing the present scheduler, such an estimator can 
provide uncertainty-aware intent probabilities or reachable sets to the coordination layer. 
Further work should also quantify safety under unexpected HDV maneuvers, evaluate 
communication/sensing delays, report online inference latency on RSU-class hardware, 
and validate learning performance across multiple random seeds and CAV penetration 
rates. 
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