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Abstract
With significant advancements of vehicle-to-ev-

erything (V2X) communication technologies in 
recent years, intelligent collaboration between 
connected vehicles and roadside units provides 
new opportunities for better road safety and vehi-
cle traffic management via innovative non-sig-
nalized intersections. In this article, to deal with 
sophisticated traffic information brought about 
by a dynamic non-signalized intersection envi-
ronment, artificial intelligence (AI) solutions 
together with V2X communication technolo-
gies are proposed to provide data-driven inter-
section management strategies. We first present 
the emerging technologies and key challenges 
toward V2X empowered non-signalized intersec-
tion management. By introducing the applications 
of typical AI technologies, we pinpoint three main 
research issues on V2X empowered non-signal-
ized intersection management, leveraging various 
AI approaches. Finally, we present a case study 
where a multi-agent learning approach is applied 
for intelligent multiple intersection management 
to demonstrate the effectiveness of our non-sig-
nalized intersection solution.

Introduction
With the ever increasing number of private vehi-
cles in urban areas, long-standing road traffic con-
gestion in modern cities has become progressively 
common and needs to be solved urgently. Recent 
advancements in vehicular communication tech-
nologies have attracted lots of research attention 
to innovative road intersection management for 
optimizing traffic regulation efficiency and improv-
ing transport system intelligence [1]. Although 
intersections represent only a comparatively small 
part of an entire transportation system, they are 
the bottleneck of traffic flow and account for a 
significant portion of traffic congestion situations. 
Traffic lights play the role of an intersection traffic 
regulator, giving vehicles from different directions 
pre-fixed time periods for red, yellow, and green 
lights to pass through the intersection. However, 
as urban traffic becomes more and more heavy 
on the roads, regular traffic light scheduling no 
longer satisfies the demands for efficient intersec-
tion management, and the unnecessary waiting 
at stops caused by red lights often leads to enor-

mous waste of energy and travel time [2]. There-
fore, to further enhance the performance of traffic 
light scheduling, various solutions and strategies 
have been applied to change the conventional 
signal control mechanism in intersection manage-
ment for a more comfortable and economical 
driving experience.

The evolution of intersection management is 
a journey from simple regulation with constant 
traffic light periods to increasingly real-time, intel-
ligent, and high-precision scheduling of vehicle 
passing. In order to make full utilization of current 
deployment for traffic light control, with various 
cameras and sensors in place, adaptive signal 
regulation is brought in for real-time intersection 
traffic management. However, further research 
is required to reduce negative impact of traffic 
lights, and non-signalized intersection manage-
ment has gradually come into sight. Non-signal-
ized intersection management means that instead 
of exploiting traffic lights for vehicle scheduling, 
more fine-grained vehicle crossing schemes are 
customized for collision avoidance and through-
put enhancement in intersection management. 
As vehicle-to-everything (V2X) communication 
technologies have significantly advanced in recent 
years, the collaboration between intelligent vehi-
cles and an intersection traffic regulation system 
can potentially bring new opportunities for inno-
vative non-signalized intersection management 
solutions [3]. In addition, the introduction of con-
nected and automated vehicles (CAVs) equipped 
with integrated perception, communication, and 
control functions can enhance the connectivity 
and reliability of non-signalized intersection man-
agement [4].

Artificial intelligence (AI) technologies have 
been gaining more and more popularity for 
innovative and high-performance data-driven 
strategies in intelligent transportation systems 
(ITS) [5]. When it comes to dealing with sophis-
ticated traffic information in a dynamic intersec-
tion environment, creative AI approaches can 
be leveraged to take responsibility for multi-di-
mensional data processing and computing 
tasks. Recent AI technologies that have been 
applied for vehicle traffic scheduling include 
reinforcement learning (RL), artificial neural net-
works (ANNs), and multi-agent systems (MASs) 
[6]. The diverse algorithms in RL, ANNs, and 
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MASs can be employed separately or jointly, 
depending on the particular problem and solu-
tion. In the case of non-signalized intersection 
management, the intersection manager and 
vehicles are normally looked upon as intelligent 
agents. Via a virtual traffic model projected in 
the real world or directly using a practical traffic 
environment, agents are capable of obtaining 
an optimal scheduling strategy based on the 
received feedback under different situations. 
Non-signalized intersection management mech-
anisms can potentially leverage various AI tech-
nologies to achieve road safety and enhance 
traffic management efficiency.

By leveraging advanced V2X communication 
and innovative AI technologies, non-signalized 
intersection management aims for efficient traf-
fic management with proper allocation of urban 
transportation system resources, for sustainable 
development of environmental protection, and 
for intelligent and automated transportation [7]. 
The specific objective is to ensure road safety, 
increase transportation efficiency, enhance trav-
el experience, and achieve environment-friendly 
driving, as elaborated in the following:
•	 Road safety — Through vehicle communi-

cation connectivity, a non-signalized inter-
section is expected to provide collision 
avoidance service and reduce fatal crashes 
to the upmost extent.

•	 Transportation efficiency — Relieving traffic 
congestion is one of the most fundamen-
tal objectives for achieving traffic mobility, 
enhancing vehicle throughput, and improv-
ing management efficiency.

•	 Travel experience — Compared to traffic light 
control, the non-signalized intersection has 
the potential for a more comfortable travel 
experience including less intersection waiting 
time.

•	 Environment-friendly driving — Sustainable 
eco-driving means less fuel consumption, 
less CO2 emission, and more economic reg-
ulation.

The remainder of this article is organized 
as follows. We provide an overview of emerg-
ing technologies and challenges for V2X-based 
non-signalized intersection management. We 
present AI-based approaches for non-signalized 
intersections. We investigate research issues on 
V2X empowered non-signalized intersection man-
agement, leveraging various AI approaches. A 
case study of multiple non-signalized intersection 
management is introduced. Finally, we provide 
some concluding remarks.

V2X-Based Non-Signalized 
Intersection Management
The Connected Automated Vehicle

The connected automated vehicle refers to a 
vehicle that can utilize V2X communications to 
make precise, intelligent, and automatic driv-
ing decisions [8]. It is generally recognized that 
the construction of a vehicular communication 
environment will have a significant impact on 
the intersection management. From the perspec-
tive of developmental progression as illustrated 
in Fig. 1, the practical applications of vehicular 
technologies currently remain in the partially 
automatic (PA) and conditional automatic (CA) 
stages. Equipped with line-of-sight in-vehicle 
devices such as high-end cameras and sensors, 
vehicles are capable of sensing the environment 
and gaining sufficient time for collision reaction 
and prevention. However, their semi-automatic 
features cannot meet the requirements for sta-
ble and reliable connectivity in non-signalized 
intersection management. As vehicular ad hoc 
networks (VANETs) have progressively evolved 
in recent years, dedicated short-range communi-
cation (DSRC) and cellular V2X (C-V2X) technol-
ogies are becoming mature to provide reliable 
connectivity, such as in vehicle-to-vehicle (V2V), 
vehicle-to-roadside unit (RSU, V2R), vehicle-to-in-
frastructure (V2I), and vehicle-to-network (V2N) 
communications [9]. To pass through an inter-
section, vehicles equipped with an onboard unit 

Figure 1. V2X empowered non-signalized intersection management: architecture and development.
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(OBU) can communicate with a nearby RSU or 
directly interact with other vehicles in proximity. 
The connectivity-driven V2X communication is 
certainly a powerful mechanism that will help 
to facilitate conditional automatic driving and 
eventually reach fully automatic (FA) driving. 
Therefore, CAVs will support the collaboration 
between the vehicles and intelligent transporta-
tion infrastructure, which is essential to non-sig-
nalized intersection management.

Advanced Technologies for  
Perception, Processing, and Computation
Traffic information perception, vehicle data pro-
cessing, and computation are essential for deci-
sion making in crossing a dynamic non-signalized 
intersection. For vehicle perception, Internet 
of Things (IoT) technologies based on massive 
machine communications enable CAVs to detect 
and collect a wide range of external vehicle infor-
mation, while Global Positioning System (GPS) 
devices enrich the way to obtain accurate loca-
tion-related data. Other self-driving vehicular 
data, including real-time movement direction and 
velocity, will also be utilized by corresponding 
integrated units [10]. With regard to the process-
ing of vehicular data, information aggregation and 
data storage are two fundamental procedures that 
need to be taken into consideration. For intersec-
tion regulation, raw vehicular information should 
be gathered and preprocessed by CAVs to extract 
valuable data for scheduling. Subsequently, cloud 
or edge servers should be established to process 
and store data for further computation. Cloud 
computing can balance network load and pro-
vide powerful network services. In terms of edge 
computing for vehicle scheduling, each lane can 
deploy a computational unit for its own control 
tasks, and intelligent CAVs can potentially act as 
computing nodes for collaborative work require-
ments [11]. Modern technologies for perception, 
processing, and computation offer a great poten-
tial of intersection management without traffic 
lights.

Challenges for V2X Empowered  
Non-Signalized Intersection 

Management
Although remarkable features of emerging vehic-
ular technologies can promote the application of 
non-signalized intersection management, how to 
enhance traffic efficiency while guaranteeing vehi-
cle safety poses significant technical challenges 
for developing crossing solutions [12]. The main 
difficulties include the following aspects:
1. How to realize the cooperative system 

scheduling: Effective cooperation among 
vehicles and the other intelligent agents is 
required for road safety with appropriate 
traffic regulation.

2. How to provide the real-time fault detection 
in an accidental situation: Timely and accu-
rate fault detection followed by proper con-
trol is essential to avoid system breakdown, 
reduce failure percentage of AI mechanisms, 
and ensure normal operation.

3. How to achieve reliable V2X communica-
tions under stringent delay requirements: 
The dependence of cross scheduling on 
V2X communications needs to be carefully 

evaluated, and minimizing communication 
overhead should also be taken into consid-
eration.

4. How to reduce computation complexity for 
cross scheduling: As non-signalized intersec-
tion management requires solving data-inten-
sive problems in real time, it is necessary to 
develop simplified computational methods 
for fast computation, especially in a traffic 
congestion scenario.

Artificial Intelligence for 
Non-Signalized Intersection 

Management
In this section, we introduce AI approaches that 
have been studied for intersection management, 
including RL, ANN, and MAS.

Reinforcement Learning Method
Reinforcement learning has shown great potential 
in coping with sophisticated and dynamic traf-
fic related problems. In RL, the decision maker is 
usually seen as an intelligent agent, which is able 
to constantly interact with the environment for 
exploring an optimal strategy. A complete RL task 
is modeled as a Markov decision process (MDP), 
and the agent learns the policy for achieving its 
goal based on the cumulative reward. Q-learn-
ing is one classical value-based optimization 
approach, which relies on updating the value 
of state-action pairs to measure importance of 
actions for a specific state. Q-learning can work 
well if the problem has small state and action 
spaces, but suffers from the curse of dimensionali-
ty otherwise. Combined with deep learning meth-
odology, the algorithm of deep reinforcement 
learning (DRL) is often applied to approximate 
corresponding Q-values. In addition to the val-
ue-based RL approach, policy-based optimization 
approaches such as policy gradient (PG) and 
actor-critic (AC) are widely used in intersection 
management [13]. Policy-based RL algorithms can 
generate the probability for each action, which is 
suitable for circumstances with a large action set 
or a continuous action space.

Artificial Neural Network Method
The original concept of a neural network is the 
biological brain neural system in which cells con-
nect sensors and reflectors for coordination oper-
ation. The modern ANN is a mathematical model 
that can be processed and optimized by comput-
ers. A trainable neural system employs forward or 
backward propagation to update its neurons so as 
to compute the expected outcome and solution. 
The simplest ANN structure consists of an input 
layer, hidden layers, and an output layer. For the 
application of ANN in intersection management, 
the input can be a specific characteristic expres-
sion of traffic state. According to different num-
bers and functions of the hidden layers, diverse 
network construction can be built, such as con-
volutional neural network (CNN), recurrent neu-
ral network (RNN), and long-short term memory 
(LSTM). Of all these neural networks, CNN is reg-
ularly used for dynamic traffic regulation as it can 
extract relevant traffic features using the convolu-
tion layer and pooling layer for a complex envi-
ronment. The ANN is also broadly incorporated 
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into RL for nonlinear function approximation or 
generating required system output [14].

Multi-Agent System Method
A multi-agent system comprises a number of 
entities: intelligent agents that are appointed in 
a specified environment [15]. Each agent obtains 
feedback by interacting with the environment 
so as to learn and improve the optimal pol-
icy under the joint action space with all other 
agents. The multi-agent system can be used to 
deal with problems that are difficult for a single 
agent to solve. The process of one agent inter-
acting with the environment includes obtaining 
an environment state, independently executing 
an optional decision, and receiving the influence 
of corresponding action. The initial multi-agent 
system is extended from the analysis of behav-
iors for a single agent, in which all agents are 
separated from each other and maintain their 
own strategies. To make connections among the 
agents, the reward function is designed to cre-
ate a cooperation or competition environment 
for independent agents. In a communication-en-
abled multi-agent system, agents can also share 
their domain knowledge and required informa-
tion with each other for enhancing performance 
in achieving their goals. CommNet and bidirec-
tional-coordinated nets are two up-to-date com-
munication-based multi-agent training models. 
In multi-agent learning, agents can either lever-
age distributed networks such as MA-DDPG to 
train their own strategies or use a centralized 
training decentralized execution framework for 
global computing. When the multi-agent system 
is applied to non-signalized intersection manage-
ment, vehicles and intersections can be mod-
eled as intelligent agents, and AI algorithms can 
be employed to facilitate vehicle-road and vehi-
cle-vehicle collaboration for high transportation 
efficiency.

Research Issues on  
V2X Empowered Non-Signalized 

Intersection Management
In this section, as shown in Fig. 2, we pinpoint 
three research issues on V2X empowered 
non-signalized intersection management accord-
ing to different scenarios, leveraging various AI 

approaches. We summarize the technical fea-
tures, along with their advantages and limitations, 
in Table 1.

Centralized Isolated  
Intersection Mechanism

For an isolated intersection, there are both cen-
tralized and distributed mechanisms to realize 
non-signalized intersection management. As 
shown in Fig. 2, in a centralized isolated inter-
section mechanism, a non-signalized intersection 
management coordinator (N-IMC) is deployed 
to take the place of traffic lights for vehicle com-
munication and crossing strategy computation. 
Vehicles can establish a direct communication 
link with N-IMC to upload their traffic informa-
tion or by means of multihop V2V relay. In the 
context of RL for centralized intersection man-
agement, the N-IMC is viewed as an intelligent 
agent that is required to collect global traffic 
information for an optimal scheduling solution. 
There are various multi-objectives in non-signal-
ized intersection management, such as collision 
avoidance, waiting time reduction, and queue 
length shortening. In order to obtain accurate 
real-time knowledge of the dynamic environ-
ment, vehicle motion related information is a 
primary requirement. The most important vari-
ables include vehicle position, movement veloc-
ity, driving direction, and current traveling lane. 
As for optional actions that vehicles will take 
when passing through the intersection, different 
crossing priority, and movement accelerating 
and decelerating should be taken into consider-
ation. Finally, a reward function should proper-
ly measure the effect of corresponding actions, 
which can be quantified by the intersection pass-
ing delay, traffic throughput, or occurrence of a 
vehicle collision.

After defining specific state space, action 
space, and reward function, the simplest solu-
tion is to use Q-learning to evaluate the effects 
of actions on each state. Since a non-signalized 
intersection is a dynamically changing environ-
ment, it is difficult to make the training process 
converge merely using the Q-table method. 
Therefore, the ANN can be introduced for 
Q-value approximation. The vector expression 
of traffic state can be taken as the input of the 
ANN to generate a measurable value for each 

Table 1. An overview of different non-signalized intersection solutions.

Non-signalized schedul-
ing mechanisms

Description Advantage/limitation

Centralized isolated inter-
section mechanism

• N-IMC is modeled as the only agent. 
 Goal: collision avoidance, efficiency improvement
 RL algorithm: Q-learning, deep  Q-network, policy gradient, 
 actor-critic, etc.

• Global optimal decision
• Large computation overhead

Distributed isolated inter-
section mechanism

• All vehicles are modeled as agents.
 Goal: collision avoidance, reduce personal time
 MAS algorithm: MA-DDPG, CommNet, etc.

• Personal optimal decision
• Enable computation offloading
• Large communication overhead 

Multiple non-signalized 
intersections

• Independent intersection scheduling
• Centralized MIS agent control
• Multiple vehicle agent mechanism
• Cooperative distributed scheduling

• Without intersection interaction
• Powerless against large-scale MIS
• Only improve personal navigation
• Enhance global traffic efficiency
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action. In a complex scenario, a CNN or other 
functional ANN can be exploited for better per-
ceiving and processing the characteristics of 
traffi  c information. The ANN can also be used 
to generate the probability distribution, which is 
capable of solving a continuous action problem 
such as selecting a specifi c velocity or time to 
pass the intersection. Policy-based RL optimiza-
tion such as PG and AC is another approach for 
centralized non-signalized intersection manage-
ment, of which the agent emphasizes the eff ect 
of transferred state. For instance, the state of 
collision appearance or queue length increase 
will result in unfavorable feedback from the 
environment.

Distributed 
Isolated Intersection Mechanism

In a distributed isolated intersection mechanism, 
all vehicles are modeled as intelligent agents so 
as to form a multi-agent system. Each vehicle 
in the multi-agent system typically obtains par-
tial environment information for reaching its 
goals. The specifi c structure of multiple vehicle 
agents interacting with the traffi  c environment is 
shown in Fig. 2. In a non-signalized intersection, 
the primary objective of all vehicle agents is 
to avoid collision with each other. Here, each 
agent should keep interacting with other vehi-
cle agents that are within its communication 
range. However, once the driving paths are 
determined, not all the agents have chances to 
meet one another at the intersection. Conse-
quently, the unnecessary connection can result 
in a large amount of additional communication 
overhead. An alternative way to reduce com-
munication overhead, while ensuring scalabil-
ity, is to have the N-IMC as a mediator agent. 
When a vehicle is going to pass through the 
intersection, its trajectory-related information is 
sent to the N-IMC, and the N-IMC will respond 
to this agent with identified vehicles that may 
collide with each other based on the predefi ned 

crossing routes. Thus, the agent can decide to 
directly communicate with these vehicles or use 
the N-IMC to relay its messages.

At an intersection, the partially perceived 
observation by each vehicle agent should include 
the position, velocity, and driving path infor-
mation from neighboring vehicles. Each agent 
independently executes the decision making pro-
cess and takes appropriate actions. In each time 
interval of the decision process, the agent has 
two possible actions: to move forward or brake 
when crossing the intersection without change 
movement direction, which is the simplest sit-
uation. The action set can be further extended 
to include movement speed with a continuous 
value range of velocity. The feedback from the 
environment emphasizes that agents are desired 
to be in collision-free status and should complete 
its own route as soon as possible. Therefore, the 
reward function depends on the total cost for 
collision occurrence and total time consumption 
for vehicles to cross the intersection. If a collision 
happens, the aff ected routes are captured via a 
failure policy by the agents. Each vehicle agent 
computes its own strategies with mixed cooper-
ation or competition and can share a common 
reward value with other agents in proximity. In 
comparison to centralized intersection manage-
ment, the distributed mechanism demands more 
V2V connections and higher communication 
overhead. However, from the viewpoint of com-
putations, the overall large scheduling task of 
global N-IMC can be offloaded to the vehicle 
agents, which can potentially enhance the com-
putation capacity and elevate the robustness of 
the intersection management.

Multiple Non-Signalized Intersections
While isolated non-signalized intersection man-
agement aims at maximizing traffi  c throughput 
at the intersection, there is room for regulation 
efficiency improvement by jointly managing a 
multiple-intersection system (MIS) in a neigh-

Figure 2. Example scenarios of non-signalized intersection management.
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borhood. Correlation of vehicle traffic in both 
time and space domains suggests joint collabo-
ration among adjacent intersections. The basic 
scheduling solution is to separately apply iso-
lated intersection mechanisms in a connected 
multi-intersection environment. Each intersec-
tion independently performs its regulation strat-
egy without interacting with others. To promote 
cooperation in managing nearby intersections, 
we can consider both centralized and distrib-
uted approaches. In centralized management 
with only one agent in charge, traffic informa-
tion of the entire neighborhood is required 
to make global management decisions for all 
the intersections. However, as the number of 
traffic states and scheduling actions increases 
exponentially with the number of intersections, 
it is infeasible or extremely complex to obtain 
an optimal scheduling policy in real time for a 
large-scale MIS.

In an extreme scenario of a multiple-vehi-
cle-agent mechanism, each vehicle navigates over 
the road system according to its destination, to 
avoid collision and minimize the total personal 
travel time. With the individual agents focusing 
on their own objectives, the management of MIS 
can hardly strive for maximum effi  ciency. Another 
distributed approach is to model the intersections 
as intelligent agents, and they are able to real-
ize cooperative scheduling, which can be seen 
in Fig. 2. Each intersection adopts a scheduling 
policy based on its perception and the informa-
tion received from neighboring intersections, 
such as specific control actions or Q-values in 
the latest time interval. Weighting factors can be 
introduced for various components of the neigh-
borhood information about vehicles and intersec-
tions, based on the vehicle density, distances, and 
traffic flow correlation among the intersections. 
This distributed approach accounts for impact of 
traffic flows in neighboring intersections along 
with other vehicles in this intersection to enhance 
traffi  c throughput effi  ciency.

Multi-Agent Learning-Based 
Non-Signalized Intersection 
Management: A Case Study

In this section, as shown in Fig. 3, we present a 
case study where an RL-based centralized isolat-
ed intersection mechanism and scheduling four 
connected non-signalized intersection systems are 
jointly considered to evaluate the eff ectiveness of 
non-signalized intersection management.

In isolated intersection management, the 
N-IMC is normally modeled as a global agent 
to take the role of a central controller. Instead 
of employing traffi  c lights for intersection sched-
uling of vehicle passing, the central controller 
determines a fi ne-grained crossing schedule that 
specifi es the time for each vehicle to enter the 
intersection. To do so, the controller obtains 
the motion trajectory information of all vehi-
cles at the intersection through constant V2X 
communications. By ensuring no simultaneous 
overlap at the intersection among trajectories 
of all the vehicles, vehicle collision is avoided. 
Without traffic accidents, the goal of intersec-
tion management is to maximize traffi  c through-

put, and RL is leveraged for an optimal solution. 
The traffi  c state, scheduling action, and reward 
function in the RL framework are discussed as 
follows:
• Traffi  c state: Locations of vehicles at the inter-

section are used to obtain traffi  c status. For 
mathematical expression, lanes of the inter-
section are partitioned into sections of equal 
length to record vehicle positions, and there 
are 10 sections for each lane, as shown in 
Fig. 3.

• Scheduling action: For all vehicles to cross 
the intersection in a time interval, the sched-
uling action specifi es the intersection enter-
ing sequence of the vehicles.

• Reward function: The reward function cap-
tures intersection traveling time, which is the 
crossing time diff erence between non-signal-
ized scheduling and navigating with a preset 
maximal velocity. A smaller traveling time on 
average corresponds to higher scheduling 
effi  ciency.
For a large dimension of traffi  c states due to a 

complex traffi  c environment in the low-tier man-
agement at each intersection, two ANNs with the 
same four-layer structure are used to approximate 
the corresponding Q-value for each action (i.e., 
target network and evaluation network). During 
each scheduling time interval, the central control-
ler collects current traffi  c state as the input of the 
ANNs. Subsequently, according to the Q-value 
generated by the evaluation network, the con-
troller makes an appropriate decision based on 
the state. The optimizer of gradient descent is 
used for training loss function, which is calculat-
ed based on the target Q-value and evaluated 
Q-value. For the high-tier management of multiple 
intersections, we consider cooperative scheduling 
among four connected adjacent intersections. 
The isolated centralized management in the low 
tier is extended to all intersections to determine 
an optimal strategy. The decision process at one 
intersection also depends on the latest Q-value 
of scheduling actions at the adjacent intersec-
tions via timely information sharing. The impact 
of neighboring intersections is weighted based on 
the traffic density over joint lanes with the inter-
sections. The more vehicles over the joint lanes, 

Figure 3. Four connected non-signalized intersections in the case study.
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the greater the weighting factor. Each intersec-
tion possesses an independent training network 
and stores the neighboring information in replay 
memory buff ers. The ANN training process takes 
account of the overall weighted Q-values of the 
neighboring intersections in loss function for col-
laboration in managing the multiple intersections.

To evaluate the performance of the proposed 
non-signalized intersection management solu-
tion, we simulate both the isolated centralized 
intersection management scheme and distribut-
ed multi-intersection scheduling mechanism in a 
PYTHON environment. The TensorFlow compo-
nent is exploited to build ANNs, and vehicle arriv-
als at each intersection are modelled as a Poisson 
process with various traffi  c densities. We broadly 
divide the volume of traffi  c fl ow into three levels, 
including heavy traffi  c, moderate traffi  c, and light 
traffic, which are specified by the average vehi-
cle inter-arrival time of less than 5 s, 5–10 s, and 
more than 10 s, respectively. Vehicle throughput 
in every 500 s is recorded to evaluate the effi  cien-
cy of non-signalized intersection management. 
The vehicle acceleration ranges from –3 m/s2 to 
4 m/s2. Based on passing schedule, vehicles travel 
through the intersection with constant velocity 
randomly selected from 10 m/s to 15 m/s. Each 
scheduling time interval is 2 s, and vehicle safety 
separation time is set to 2 s for collision avoidance 
between adjacent vehicles in the same lanes.

Figure 4 shows the throughput comparison 
among the non-signalized scheduling scheme, 
traditional traffic light regulation, and adaptive 

signal control. Traditional traffic lights operate 
on a fixed 30-s time period for each direction 
of vehicles, while adaptive signal control uses a 
scheduling time period of 5 s and can change 
scheduling priority based on real-time traffi  c. For 
the traffic density that is less than one vehicle 
arriving every 5 s (light traffi  c and moderate traf-
fic), traditional traffic lights and adaptive signal 
control can cope well with intersection regu-
lation. However, they quickly reach the upper 
scheduling limitation as the vehicle density 
increases. In traffi  c congestion with high vehicle 
density, a non-signalized intersection has much 
better throughput performance, indicating its 
ability to alleviate traffi  c congestion.

In the multi-intersection scenario, coopera-
tive scheduling management with both Q-value 
exchanges and independent training are simulat-
ed. Independent training refers to the distributed 
management where each intersection separately 
determines its optimal scheduling solution without 
any interaction with other intersections. Figure 
5 shows the throughput performance in every 
500 s of these two training schemes. The coop-
erative approach has higher throughput than the 
independent training scheme, as expected. This 
simple case study demonstrates that non-signal-
ized intersection management enabled by V2X 
communication and AI is a promising approach to 
intelligent transportation for achieving road safety 
and enhancing transport management effi  ciency.

Conclusion
In this article, we have investigated V2X empow-
ered data-intensive non-signalized intersection 
management based on advanced AI technologies. 
We have manifested primary research issues for 
non-signalized intersection management and dis-
cussed essential approaches, leveraging various 
AI techniques, with the aims of traffic efficiency 
improvement. A case study applying the multi-
agent learning approach has been presented to 
demonstrate the applicability and potential advan-
tage of non-signalized intersection management 
over the existing solutions.
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