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Abstract: In recent years, connected automated vehicles (CAVs) have attracted much attention, and
the coordination strategy of CAVs in isolated intersections has been widely discussed. However, these
algorithms for isolated intersections cannot be directly applied in a multi-intersection road network
(MiRN). The coordination strategy in the MiRN requires further investigation. This paper proposes a
two-tier strategy for CAV coordination in the MiRN. First, we analyze the coordination problem in
isolated intersections and formulate it as a mixed-integer programming problem. Then, for the MiRN,
we propose a consensus prediction method to estimate the travel time for CAVs with different paths.
Finally, a novel coordination approach is given, showing how to determine the optimal path for CAVs.
The experimental results demonstrate the efficiency of the proposed strategy under various traffic
flow rates. Compared with the fixed signal time assignment method and the actuated signal time
assignment method, our method reduces the average travel time by about 74-83% under different
flow rates. We also evaluate the impact of parameters on the strategy’s performance and provide
some suggestions for setting these parameters.

Keywords: connected and automated vehicles (CAVs); signal-free intersection; multi-intersection
road network (MiRN); coordination mechanism

1. Introduction

Globally, 55% of the world’s population resided in urban areas in 2018, which was
forecasted to increase to 68% by 2050 [1]. However, the growing population in urban areas,
without a corresponding increase in road capacity, results in traffic congestion. Traffic
congestion grew persistently from 1982 to 2019 in U.S. urban areas [2]. To address the grand
challenges urbanization brings, the “smart city” has become a ubiquitous concept, attracting
increasing attention from academia, industry, and government [3]. Many major cities, such
as Amsterdam, Zurich, Berlin, Singapore, New York, Beijing, etc., have established smart
city initiatives or projects [4].

Smart mobility is an essential paradigm within the smart city concept, setting the foun-
dation for various urban activities. The intelligent transportation system (ITS) is considered
one of the primary building blocks of any smart city [5]. The ITS widely utilizes information
and communications technology (ICT) to improve mobility, alleviate traffic congestion, and
enrich and enhance urban services [6]. Next-generation ITS technologies, such as connected
and automated vehicles (CAVs), are finishing their last phase toward large-scale worldwide
deployment [7]. A CAV is supposed to be a vehicle capable of fulfilling the operational
functions of a conventional vehicle on its own and of communicating with nearby vehicles
and infrastructures for safer driving [8]. Studies show that about 94% of traffic accidents
are related to driver behaviors, such as the driver’s cognitive errors, poor decision making,
and improper handling [9]. CAVs can perceive the environment and react more quickly
than humans through their advanced sensors and controllers, reducing the likelihood of
collisions in the transportation system. This makes CAVs a feasible option for solving the
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current traffic problems [10,11]. The CAV is going to revolutionize the movement of people
and goods; it is more than the automated car itself; it is a connected and automated system.
Its existence dramatically depends on ITS technologies, including transport telematics,
intelligent vehicles and infrastructures, and traffic control and coordination strategies.

For transport telematics, new technologies, such as IoT, Wi-Fi, 5G, and 6G, provide
reliable support for vehicle-to-vehicle (V2V) communication to ensure its safety and real-
time performance. Agarwal discussed V2V communication based on IoT and highlighted
the Li-Fi technologies used in V2V communication systems [12]. Ezenwa emphasized that
V2V communication is crucial for exchanging data seamlessly and securely between traffic
participants via Wi-Fi (Wlan) or 4G/5G. He suggested that the DSRC technology is a viable
solution due to its demonstrated capacity for safety-critical applications [13]. Shah K. et al.
presented a survey on the adoption of BlockChain (BC) technology in the underlying 6G
communication of IoVs. They discussed various privacy and security concerns in IoVs,
which can be addressed via BC technology [14].

For intelligent vehicles and infrastructures, the research on vehicle construction, the
control system for vehicles, and the safety guarantee system make the CAV a possible
option in solving the current traffic problems in the future. The Society of Automotive
Engineers (SAE) defined six levels of vehicle automation, from Level 0 (no automation) to
Level 5 (full automation), which were adopted by the NHTSA and USDOT in 2016 [15].
Levels 1-3 require a driver to operate the vehicle with a license, whereas Levels 4-5 allow
driverless operations. Companies have implemented Level 4 pilot projects to test AVs
under certain circumstances, such as specific road types, areas, and weather. For example,
Waymo and Uber evaluated driverless taxis in Phoenix and Arizona in 2017 [16,17]. For
the vehicle infrastructures, C. Dong et al. proposed an Intelligent Vehicle Infrastructure
Cooperative System (IVICS), based on Zigbee, which contained a roadside unit and an
on-board unit [18]. ] Gao et al. discussed the risk prevention methods for commercial
vehicles based on intelligent vehicle and infrastructure systems. They summarized the
prevention functions, which included Forward Vehicle Collision Warning (FCW), Advanced
Emergency Braking (AEBS), and roll control [19]. Chu W. et al. investigated the concept
of the cloud control system from cloud-related applications for intelligent and connected
vehicles, as well as cloud control system architecture designing and its core technology
development [20]. Molina et al. proposed a design strategy used at the architecture
design level of autonomous vehicles that may facilitate the development, analysis, and,
consequently, safety level assurance [21].

For traffic control and strategies in ITS, many scholars focused on strategies for merg-
ing traffic flows and traffic light management. Hari et al. proposed a novel approach to
increasing the traffic flow near divergences, weavings, and bottlenecks with a mixed traffic
of human-driven vehicles (HDVs) and CAVs. Their strategies can lead to an increase in
throughput by several percent, thereby decreasing delays significantly [22]. Tachet et al.
proposed a slot-based strategy for making traffic decisions, and it reasonably utilized adap-
tive vehicle platooning [23]. Mahhub A. et al. proposed a novel computational framework
for real-time control to optimize energy consumption with the associated benefits. In
addition, it works in corridors, including on-ramp merging, a speed reduction zone, and a
roundabout [24]. Jiang Z. et al. proposed a two-stage CAV trajectory optimization strategy
to improve fuel economy and reduce delays through a joint framework. They employed
Pontryagin’s minimum principle (PMP) to smooth the vehicle trajectory under the vehicle
dynamics and safety requirements. They designed a targeted method to avoid driving
backward and to ensure an optimal vehicle gap [25]. Lei Chai and V. Garg et al. tried to
generate traffic light signals to minimize congestion. Their solutions can detect congestion
online and can consider the cumulative sum of the weights corresponding to vehicles on
the road lanes to determine the time duration for each phase [26,27].

In the past decade, scholars have studied many relevant topics about ITS, including
transport telematics, intelligent vehicles and infrastructures, and traffic control and coor-
dination strategies. These works have made the CAV a viable solution that can alleviate
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traffic pressure and ensure safety. However, the research mentioned above only works
in intersections with traffic lights. It still needs more work and remains challenging in
signal-free intersections.

The previous cooperative driving research in signal-free intersections has focused
on isolated intersections [28-37]. Based on different algorithms, such as the reservation
scheme method [28-30], game theory [31,32], and the heuristic methods [33-37], different
coordinative strategies have been proposed for the scene of isolated intersections. However,
many isolated intersection algorithms cannot be directly applied to multi-intersection road
networks because they lack optimal path selection for CAVs. This paper discusses how to
deal with the optimal path selection problem and proposes a novel two-tier coordination
strategy for CAVs passing through the multi-intersection road network (MiRN) efficiently
and safely.

The coordination strategies for CAVs within the MiRN appear promising but remain
challenging. Saber et al. and Chin et al. tried to find traffic signal optimization within the
MiRN using machine learning methods [38,39]. However, their work does not work at
signal-free intersections. Pei et al. proposed a distributed coordination driving strategy
that decomposes the problem into small-scale sub-problems [39]. However, they assumed
that CAVs drove along the trajectory given before the algorithm was triggered and did not
explore the problem of optimal path selection. Wang et al. investigated the optimal path
selection and proposed a complete traffic organization method for CAVs in MiRNs [40,41].
However, their approach only selected the shortest paths as candidate paths. Although
more than one shortest path with the same path length may exist, the shortest path length
is not necessarily the shortest travel time.

This paper proposes a novel coordination strategy for CAVs in the MiRN. First, we
find the possible optimal paths for the CAVs from their origins to their destinations using
the k-shortest paths algorithm. Next, we evaluate the time consumption of all possible
paths using the average delays of all intersections within each path. Finally, we propose a
comprehensive central control coordination strategy. The main contributions of this paper
are as follows:

1.  We provide a complete coordination mechanism for CAVs passing through the MiRN
to minimize their traveling time;

2. We develop a consensus prediction method to estimate the travel time of CAVs with
different paths and propose a new strategy to solve the optimal path selection problem.

The paper is organized as follows. Section 2 gives the description of the problem.
Section 3 discusses the coordination strategy for CAVs in the MiRN in detail. Then, we
provide the simulation results in Section 4. Finally, the conclusion and further works are
presented in Section 5.

2. Problem Formulation
2.1. Scenario, Assumptions, and Notations

In this paper, we take a typical road network with four signal-free intersections as an
illustration to explain our method, which is shown in Figure 1. We divide the area around
the isolated intersection into the following two sections: the Control Zone (CZ) and the
Merging Zone (MZ). The Control Zone is the circular area around the intersection where we
can control the movement of the vehicles to avoid collisions. The Merging Zone is where
the vehicles congregate. A roadside unit (RSU) is assigned as the local controller to schedule
the CAVs within the intersection and exchange information with the central controller
for each isolated intersection. Let I represent the set of intersections index, I = {1,2,3,4}.
There are multiple feasible paths for the CAVs in the MiRN, from their origins to their
destinations. The coordination strategy aims to find the optimal path with minimum travel
time and to let the CAVs pass each isolated intersection without collision.
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Figure 1. A typical road network with four intersections.

Furthermore, several assumptions are made as follows:

All vehicles in the network are CAVs;
Once the path for a CAV has been determined, lane changes are not permitted.
3.  The CAVs move with a constant velocity v, outside intersections.

N

The main notations introduced in this paper are summarized in Table 1.

Table 1. Main notations in this paper.

Notations Meaning
d>0 the width of each lane
L>0 the distance from the entrance of the CZ
Lw>0 the length and width of each vehicle
Umins Omax > 0 the minimum and maximum speed
Anin< 0, Ayax >0 the minimum and maximum acceleration
pi(t) eR the position of the middle of vehicle i
v;(t) R the speed of vehicle i
tr the time when vehicle i enters MZ
t;”i” the minimal time when vehicle i enters MZ
L; the path set for vehicle i from origin to destination
R one of the paths for vehicle i from its origin to destination
il,h,k the time consumed in the road segment within the path 7,
i%h,k the delay time passing intersections within the path
t j the assigned arrival time of vehicle i in intersection j
T].’ft the average delay in isolated intersection j at time ¢
Cjt the set of CAVs in the intersection j at time ¢
tl’.f’ki” the minimal arrival time of vehicle i to reach intersection k
D; the candidate path set for the vehicle i
T the cycle time of exchanging information
M the percent of rerouting CAVs
K the number of the candidate path
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2.2. Path Planning Problem in the Road Network

To minimize the time of the vehicles passing through the MiRN, we must address
two key issues. First, we choose the optimal paths for the CAVs with their corresponding
origins and destinations. Different paths cost the CAVs different travel times and affect the
traffic of the intersections in reverse. Second, we need to make the CAVs travel safely to
avoid lateral and rear-end collisions.

The coordination strategy for the CAVs in the road network is a two-tier one. The
central controller selects the optimal path for the CAVs to minimize the travel time. The
RSU in each intersection is responsible for coordinating the CAVs to pass through each
intersection safely and efficiently.

The MiRN can be described as a weighted, undirected graph, as shown in Figure 2.
The weight ; ;,, j1,j2 € I in the undirected graph represents the path length between
intersections j; and j,. For vehicle i, we use 0; and d; to represent its origin and destination
in the road network and L; to denote the feasible path set from o; to d;, i.e., L; = {hy, k > 1},
where hjy is one of the possible paths.
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P, \2)
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Figure 2. The weighted undirected graph describes the road network. Numbers 1-6 indicate the

intersection number.

The total travel time for a CAV includes the time spent on the road segments and
intersections along the selected path. Let Tilh " stand for the time vehicle 7 travels in the
road segment and Tl.thk denote the time for vehicle i passing each isolated intersection,
respectively, as:

dis(h)

1 _ ik

Ti,hk - V¢ / (1)

T, = L (6 — "), b
JEhk

where dis(h;;) denotes the length of the feasible path h;; and j denotes the number of
intersections within the path hy; t; jis the assigned arrival time of vehicle i in intersection j

and t;ﬂji” denotes the minimal arrival time of vehicle i to reach the MZ area in intersection j.
The objective of the path planning for a CAV in the MiRN can be described as follows:

. dis(h; i
min lS( zk) +Z]€hk(t1*,] . tT]’m)/

Uc
subject to : hij; € L; and safety constraints.

®)
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2.3. Constraints for CAVs in an Isolated Intersection

As is shown in Figure 3, there are two kinds of collisions for CAVs in isolated intersec-

tions. Lateral collisions are possible when vehicles traveling in different lanes pass through
the MZ zone, such as vehicle 2 and vehicle 3. The rear-end collision happens when vehicles
travel in the same lane, such as vehicles 1 and 2.

_~ Control Zone
i e
5 <
. “._» Merging Zone
| ey
e
,///
Vehicle 3
i B LD
;Veh|cle 1 Vehicle .
- O S f
(///‘ Transponder

Figure 3. Illustration of two kinds of collisions in the isolated intersection.

The coordination of the CAVs in the isolated intersection can be divided into two

phases [32,34]. Firstly, we must optimize the sequence of the CAVs; then, we need to
compute the trajectories in reverse, based on the sequence of the CAVs.

To formulate the problem from the view of the operational research, we introduce

decision variables and constraints as follows:

Decision variables: to decide the sequence of the CAVs, we define a binary variable b;;
for each pair of CAVs that has a potential collision risk. If b;; = 1, vehicle i has priority
over vehicle j to pass the intersections and vice versa;

Lateral collision constraints: to avoid the lateral collision of the CAVs, t] represents
the time when vehicle i reaches the MZ area, t,,f, denotes the safe time interval, and
M is a positive and sufficiently large number [40]; the constraints for avoiding lateral
collisions can thus be written as:

t— £+ M X by > tope, 4)
t;-‘ —tf+Mx(1- bl]> 2 tsafe- 5)

Rear-end collision constraints: for constraints of rear-end collision, let f(i) represent
the vehicle immediately preceding vehicle i in the same lane; p;(t) denotes the location
of vehicle i at time ¢, § denotes the safety distance, and ! denotes the length of the
vehicle. The constraints can be expressed as:

Priy(t) —pi(t) =6 +1. (6)

Acceleration and speed constraints: furthermore, the longitudinal acceleration and
speed should be within acceptable ranges as follows:

Amin < Z.)i(i') < max, 0 < Umin < Ui(t) < Umax, (7)

where ayin and amax denote the minimum and maximum accelerations and vy, and
Umax are the minimum and maximum speeds, respectively.
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2.4. The Optimal Model and Solution

In an isolated intersection, the objective is to minimize the time taken for vehicles to
cross the intersection, as shown below:

mint* — fmin,
i 8)

subject to : constramts (4),(5),(6), (7).

The assigned arrival times of the CAVs involved in the intersection, i.e., t;‘,]-, are jointly
determined by the sequence and constraints imposed on the CAVs. It is a typical MILP
problem that can be solved using both exact [42] and heuristic methods [43].

Furthermore, the coordination strategy in the MiRN can be formulated as follows:

mlndzs iK) + Z]Gh,k (t;k,] _ tg}m), (9)
subject to : hy € L; and safety constraints (4), (5), (6), (7).

This problem can also be transformed into a large-scale MILP problem. However, the
dimension and number of constraints in this situation are many times larger than those in
a single intersection, making solving the optimization problem difficult [40]. The challenge
stems from two aspects:

e It is not easy to find an optimal path for the CAVs. In the worst case, we must
enumerate every possible path for each CAV to search for its global optimality;

e It makes the CAVs’ travel time calculation more complex and complicated. The CAVs
pass through multiple intersections, which means we must deal with collisions at all
intersections simultaneously.

3. Coordination Driving Strategy

To coordinate the CAVs to pass through the MiRN safely and efficiently, we propose a
two-tier strategy consisting of (a) a central controller coordinating the CAVs with specific
origin—destination pairs, and (b) RSUs connected with the central controller and responsible
for coordinating the CAVs in the corresponding intersection. The central controller uses a
consensus prediction method to estimate the travel times of the CAVs using different paths
and a greedy algorithm to determine the optimal path.

3.1. The Coordination Strategy in the MiRN

The time delay of a vehicle is related to the state of the intersection. As the arrival
time of each vehicle is assigned by the RSU, we can estimate the delay for an approaching
vehicle, i.e., vehicle i, by calculating the average delay of the vehicles in the intersection
directly. T]*t represents the average delay of the CAVs in intersection j at time ¢, and C;;;
denotes the set of CAVs at the same time. Thus, we have:

- - Z ( tmm). (10)

Once the path of vehicle i is determined, the travel time for it to pass through the road
network can be formulated as:

dzs
Ti,hik = Ti%hik + Ti%hlk - Ve Z ]t/ k € L. (11)
]ehtk

By calculating each intersection’s average delay time, we can estimate the travel time
for the CAVs passing the selected path.

The CAVs in the MiRN are coordinated hierarchically, as shown in Figure 4. The
RSU exchanges status and event information with the central controller in each cycle T,
including the average delay time and the information on the new-coming CAVs. The
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central controller plans the path to minimize the travel time of the new-coming CAVs and

sends it back to the corresponding RSU.

Isolated intersections / Lateral collision /" Rear-end collision
A operations model to Pl T
minimize travel time % ,‘ E :

—edl Vehicl) |8 destination .. Cantrol Zone
gl RN Road segment - i
e S ymmmmdemm oy e ! S, _x Merging Zone
- r t===p -7 ;
‘ \ [ CYIRE /!
Road network | U 1 Dt = Sy I
! Path2 =, Py T
| L== - S ==L
A optimal path planning e S L ¥ | I |
problem to minimize Vo | ! H K H
H | origin - = 4 -~ '
travel time | o - pooor -
\\\ s Path 1 \\\ * A

Exchanging informatioh

™. intersections, the speed,

Average delay of each

“location, origin and
idestination of CAVs:-

Figure 4. Illustration of exchanging information between RSUs and the central controller at an
isolated intersection. Numbers 14 represent the intersection number.

As the RSUs exchange information with the central controller periodically, the status
information held by the central controller remains unchanged within one cycle, which
results in an information updating delay. There is a chance that too many CAVs will be
routed through the same intersections within the cycle, significantly changing the status
of these intersections. A partial rerouting mechanism is employed to lessen the effect of

the delay.

After the information exchange is conducted in cycle T, the central controller will
choose a subset of CAVs to reroute their paths. The selection is based on the estimated
travel time of each CAV; the longer the travel time, the greater the chance of being selected.

Figure 5 shows the whole process.

Attime T Collection of CAV’s Calculate intersection’s
information average delay time

YES
Re-plan vehicle’s routes by

> Route planning algorithm

Carculate the shortest k paths as
Optional paths

|

| Estimate travel time with different
! paths

s their travel time in top m
precent?
No
Before time T
v
New incoming CAV Obtain routes by Follow the
Aurtives the network Route planning algorithm Predetermined routes

Figure 5. The process of the coordination strategy.

|

Select the path with minimum
travel time

Route planning for each vehicle
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3.2. The Optimal Path Selection Algorithm

One possible method to find the optimal path is to enumerate all the shortest paths
and calculate the corresponding travel times [33]. However, the shortest distance is not
necessarily the shortest travel time. We introduce an adjustable parameter, k, as the
number of candidate paths. We select the k-shortest paths as candidate paths through the
greedy strategy.

The k-shortest paths problem in an undirected graph is a classical one in graph theory;
it was first proposed by Hoffman and Pavley in 1959 [44] and was solved by Yen in 1971 [45].
We adopt Yen's algorithm to find the k-shortest paths in the MiRN as optimal paths. Let
D; stand for the candidate paths set and P; represent the k-shortest paths. Let p;;, denote
the n-th node on the m-th shortest path h;,,,. The process of finding the shortest k paths is

shown in Figure 6.
/ Input: origin, destination, k /

]

Calculate the shortest path by
dijkstra algorithm

g

NO

end

Calculate path pr4+1 p<k and exist feasible path

Replace each nede on
the path py In turn

‘ Calculate the new ‘
shortest way in turn

YES

‘ Put the possible path
Into a set

<If there exist feasible path?

‘ Select the shortets ‘
path as pPr4q

Figure 6. Flowchart to find the k-shortest paths in MiRN.

The detailed steps are as follows: first, the shortest path for the CAVs can be calculated
using the Dijkstra algorithm. Then, the other k — 1 shortest paths are determined recursively.
When we obtain the shortest m paths, the (m + 1)-th shortest path can be calculated by the
following four steps:

1. Replace the node p,;, with another feasible node P, on the path &;,, and calculate
the shortest path between o; and p},,,, pim, and d;; then, we obtain an alternative
path b’

z(m+1);
2.  Put h?(m_H) into the set D;;

. Repeat 1 and 2 until all intersections are calculated;
4. Calculate the lengths of the paths in the set D; and select the shortest one as the
(m + 1)-th shortest path h;,, 1. Remove h;,, 1 from D; and put h;,,41 into P;.

The algorithm terminates when the number of selected paths reaches k, or no more
viable paths are available for the given origin and destination pair.

When the optimal paths are obtained, the travel time for CAVs with different paths
can be estimated by Equations (11) and (12). Moreover, the path with minimum travel time
is selected as the optimal path.
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In summary, the optimal path selection Algorithm 1 is shown as follows:

Algorithm 1: A greedy algorithm to optimize the path for CAVs.

input: origin and destination of vehicle i; the number k of the alternative path
output: the optimal path

1: Calculate the shortest path with the Dijkstra algorithm

2: Put hj; into P;

3: while length(P;) < k and there exist feasible path do:

4 for the last path k!, in P; do:

5 for each node py, on the path i} do:

6: replace the node py;, with pj,, on the path i’
7 calculate the shortest path between o; and p},,,, Pl and d;
8
9

get the new alternative path h?(m 1) and putitin D;
: end for
10: end for
11: calculate the length of each path in D;
12: put the shortest path &, 1 into P; and remove it from D;

13: end while
14: estimate the travel time for the vehicle i using (11),(12)
15: select the path with minimal travel time as the optimal path

3.3. Scalability Discussion

To avoid searching all possible paths for each CAV, we prioritize the shorter paths
over others through a greedy strategy. Then, we select the shortest k paths as optimal
paths. Moreover, as mentioned in Section 3.1, we use the average delay for each intersection
to estimate the travel time for CAVs passing the intersection. In those two ways, we
significantly reduced the computational complexity.

We also adjust the cycle time T to meet the computing and algorithm efficiency balance.
The smaller the cycle time T is, the more often the intersection information is updated.

Furthermore, as traffic conditions change in real time, we reroute a certain percentage
of CAVs with longer travel times to improve traffic efficiency. The higher the reroute rate,
the lower the vehicle’s average delay time.

4. Simulation and Discussion

To validate the proposed algorithm, we implement our algorithm using Matlab R2016a
on an Intel Core i7 CPU at 2.20 GHz with 16 GB RAM under a Windows 10 operating
system. We use the intlinprog function in Matlab to solve the MILP problem (8) in isolated
intersections. We reproduced the Yen’s algorithm for traffic scenarios and realized the
coordination strategy in the MiRN through programming in MATLAB.

4.1. Simulation Settings

For simplicity and clarity, the simulation is carried out in a typical MiRN with six
intersections, as shown in Figure 7. Two typical traffic flows are designed with a potential
collision risk to verify the effectiveness of the path optimization algorithm proposed. We
also compare our proposed method with the fixed signal time assignment method (STA)
and the actuated STA [46] under the same settings, i.e., the road network and the traffic,
as our proposed method. We reproduce the above two methods in the traffic simulation
software SUMO v0.19.0 from Germany. Furthermore, the influence of varying parameters
is also evaluated with different traffic, from sparse to crowded.

In our simulation, the lane’s width d is 3.5 m. Without loss of generality, for all vehicles,
the length 1 = 2.5m and w = 1.5 m. The boundaries of the speed and acceleration are
Umax = 25M/S, Umin = 5 M/S, dmax = 5> m/s2, and dpi, = —5 m/s2. The length of the CZ
is L; = 90 m. The length of the road segment between intersections is L, = 500 m. The
constant velocity of the CAVs traveling in the road segment is v, = 15m/s.
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Figure 7. A typical road network with six intersections. Numbers 1-6 stand for the intersection number.

4.2. The Performance under Different Flow Rates

As is shown in Figure 8, we design two typical traffic flows with a potential collision
risk in the simulation. We use the set of intersection numbers to represent the path of
the CAVs. For traffic flow 1, there are three paths from the origin to the destination:
ki ={4,5,6,3}, ki = {4,5,2,3}, k! = {4,1,2,3}. The length of the three paths is the same.
For traffic flow 2, there are also three paths from the origin to the destination: k2 = {6,5},
k% = {6,3,2,5}, k% ={6,3,2,1,4,5}. The length of the different paths varies greatly. Traffic
flows 1 and 2 have potential collision risks at intersections 5 and 6. The simulation is carried
out in four different flow rates, from sparse to crowded: f; = 1200 veh/h, f, = 2400 veh/h,
f3 = 3600 veh/h, f4 = 4800 veh/h; we assume the cycle time T = 25 s, the percent of
replanning vehicles m = 0.1, and the number of alternative paths k = 3.

destination

1
1
' i
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Traffic flow 1 . l ~ origin
R 1ri Path 1
origin Path 1 |
1

destination

Figure 8. Illustration of two typical traffic flows in a road network. Numbers 1-6 indicate the
intersection number.

To evaluate the performance of our proposed optimal path selection algorithm, we
compare it with the random path selection in the overall delays through the MiRN, as
illustrated in Figure 8. In the compared strategy, the CAVs will select the shortest path as
the optimal path, and when there are several shortest paths, the CAVs will randomly select
one of them. According to Figure 9, our coordination algorithm can lower the average
delay of the CAVs passing through the intersections in the MiRN. The greater the traffic
density, the more effective our algorithm is. As an example, our strategy can reduce the
overall delay by about 20% when the traffic density is f4 = 4800 veh/h.

Figure 10 compares the average intersection delay time using our algorithm against
those without using our algorithm. It shows that the coordination strategy can effectively
reduce the average delay in the intersection. With the traffic density f; = 4800 veh/h, our
algorithm lowered the average delays in intersections 5 and 6 by 15% and 28%, respectively.
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different traffic densities: (a) intersection 5 and (b) intersection 6.

4.3. Comparison among Three Coordination Strategies in MiRN

We compared our proposed method with the fixed and actuated STA methods fre-
quently applied in the current transportation system. We reproduced the above two
methods in SUMO, a free, open-source traffic simulation software. SUMO, it should be
noted, does not support the controlling of the speed of each vehicle in detail. By editing
the road network to be the same as that in the Matlab experiment, importing the vehicle
occurrences and their origins and destinations exported from the Matlab experiment into
SUMO, and setting up the traffic light strategies, we obtained the same settings as our
proposed method to carry out the fixed STA method and actuated the STA experiments.

The cycle time of the fixed STA with four phases is set as 40 s. In the actuated STA,
the minimum green time, maximum green time, and the maximum time gap between
successive vehicles that will cause the current phase to be prolonged are 5s,45s,and 55,
respectively, and the yellow time is set as 3 s to ensure safety. Table 2 shows the three
strategies’ average travel time and speed when passing through the road network.
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Table 2. Comparison results of different strategies in MiRN under different flow rates.
Flow Rate (veh/h) Coordination Strategy Average Travel Time (s) Average Speed (m/s)

The Proposed Method 52.963 24.413

1200 Fixed STA 325.750 3.991

Actuated STA 203.565 6.39
The Proposed Method 55.108 23.590

2400 Fixed STA 348.415 3.731

Actuated STA 229.393 5.67
The Proposed Method 57.813 22.486

3600 Fixed STA 355.723 3.655

Actuated STA 232.048 5.602
The Proposed Method 59.362 21.899

4800 Fixed STA 359.445 3.617

Actuated STA 242.025 5.371

The proposed strategy outperformed the other two STA-like methods greatly. Com-
pared with the fixed STA, the proposed strategy reduced the average travel time by 83%
under different flow rates. Compared with the actuated STA, the proposed approach
reduced the average travel time by about 74% under different flow rates. The simulation
results illustrate that the proposed method can improve the efficiency of CAVs in the MiRN.

4.4. The Influence of Parameters under Different Flow Rates

The influence of the varying parameters on our algorithm performance is illustrated
in Figures 11 and 12.
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Figure 11. The relation between the parameter m and the average intersection delay with different
traffic densities: (a) f; = 1200 veh/h, (b) f, = 2400 veh/h, (c) f3 = 2400 veh/h, (d) f4 = 4800 veh/h.
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Figure 12. The relation between the parameter T and the average intersection delay with different
traffic densities: (a) f; = 1200 veh/h, (b) f» = 2400 veh/h, (c) f3 = 2400 veh/h, (d) f4 = 4800 veh/h.

With T = 25 s and k = 3, Figure 11 shows that the higher the proportion of vehicles
rerouted, the lower the average delay time of the intersection is. The average delay time of
the intersection with m set to be 0.2 is reduced by about 40-50%, compared with 0.05.

Withm = 0.1 and k = 3, Figure 12 shows that the smaller the cycle time T is, the lower
the average delay time of the intersection is. The average delay time of the intersection
with T set to be 10 s is reduced by 20-40% compared with the setting of T = 30 s.

5. Conclusions

This paper proposes a novel vehicle coordination strategy in a multi-intersection road
network. The suggested strategy includes an approach for efficiently estimating the travel
time of CAVs and an optimal path selection algorithm that balances the computing and
the effectiveness. The simulations demonstrate that the proposed strategy can approach
sufficiently optimal solutions with different traffic densities. The impact of the parameters
on our algorithm was also analyzed, both theoretically and experimentally.

Future work can extend the scenario to a more complex one, such as one with a mixed
traffic environment consisting of CAVs and HDVs [47].
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