
1 

 

Abstract—Maximum platoon size (MPS) playing a crucial 

role in the configuration of connected and automated vehicle 

(CAV) platoons can significantly affect the traffic operation 

performance at intersections. The study addresses the MPS for 

platoon-based cooperative signal-free intersection control 

(PCSIC) problem considering the platoon formation process of 

the CAVs, which manage the CAVs to form the CAV platoons 

under the tactical platoon size limit to pass the intersection 

cooperatively. A mixed-integer nonlinear programming model 

is first developed to solve the proposed problem by minimizing 

the total travel delays of all CAVs while guaranteeing the 

feasible trajectories of the CAVs for platoon formation. A 

hybrid artificial bee colony algorithm integrating the artificial 

bee colony approach and dynamic programming algorithm for 

an optimal control scheme is proposed to solve the proposed 

model. Numerical experiments are conducted to examine the 

efficacy of the proposed model and solution algorithm. The 

impacts of balanced and unbalanced motion states between 

approaching directions on the MPS are investigated, and the 

traffic throughput performance of the platoon-based control 

strategy under balanced and unbalanced scenarios is evaluated. 

The findings can provide useful insights to transport 

authorities and automotive operators for signal-free 

intersection management. 

Key Words—Connected and automated vehicles; signal-free 

intersection control; cooperative platoon control; platoon size; 

hybrid artificial bee colony algorithm. 

I. INTRODUCTION

n recent years, connected and automated vehicles (CAVs)

have received considerable attention due to their benefits in 

improving traffic efficiency and reducing fuel consumption 

[1], [2], [3]. Notably, the CAVs can leverage the connectivity 

and platooning capabilities to form CAV platoons through 

advanced automation and vehicle-to-vehicle (V2V)/vehicle-

to-infrastructure (V2I) communication technologies. This 

enables the CAVs to realize stable car-followings in a form of 
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a string with a short inter-vehicle spacing for improving the 

performance of traffic operation [4], [5]. Moreover, many 

previous theoretical and experimental studies have proved the 

merits of CAV platoons in improving traffic throughput, 

reducing fuel consumption, and enhancing traffic flow stability 

[6], [7], [8]. 

Despite the noticeable benefits of vehicle platooning based 

on automatic control and real-time communication 

functionalities of CAVs, vehicle platooning technology creates 

new challenges for traffic management [9]. One of the 

prominent issues is autonomous intersection management in 

urban road networks, which is also called signal-free 

intersection management [10], [11]. Unlike the traditional 

traffic control strategies (e.g., fixed-time and real-time 

adaptive signal controls) for managing the traffic flow by a 

traffic signal [12], the signal-free intersection control can be 

implemented to safely and efficiently coordinate the 

movements of the CAVs and CAV platoons within the 

intersection without traffic signal [13], [14], which effectively 

addresses the drawbacks of traditional traffic signal control 

like clearance loss time for the traffic management at 

intersections [14], [15]. Therefore, the management and 

control of platooning for CAVs in the vicinity of intersections 

which improves the overall travel efficiency of all the CAVs 

passing the intersections, is of great practical significance for 

future CAV mobility. 

A. Literature Review

In this subsection, we review the existing methods on the

platoon formations of the CAVs and the recent studies on the 

CAV platoon-based cooperative control. The research gaps are 

identified after the literature review. 

1) Platoon formation of CAVs

From a structural point of view, CAV platoon formation

refers to the operation process of clustering the CAVs into a 

vehicular platoon according to the given operational decisions. 

For the realization of the platoon formation of CAVs, there are 

mainly three types of methods in the literature, i.e., simple 

motion planning [16], [17], linear/non-linear control [18], [19], 

and optimal control [20], [21]. The simple motion planning 

method includes three movement strategies, i.e., acceleration 

& cruise, deceleration & cruise, and cruise, which can be easily 

obtained by basic kinematics and require little computational 

cost. However, the simplified trajectories obtained by the 

method may not be smooth enough for the CAVs to form the 

platoons in practice, due to speed jumps or excessive 

acceleration and deceleration movements. The linear/non-
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linear control method is a distributed adaptive control model 

that allows the CAVs to implement real-time control of 

movements based on the collected state information of 

predecessors using the linear/non-linear feedback controllers. 

With this method, the CAVs can adjust the movements 

iteratively to form the platoons based on the collected state 

information. For example, a gap-closing linear feedback 

controller was proposed to facilitate the following CAVs to 

catch up with the preceding CAV for grouping into a platoon 

by adjusting the controller gain parameters [19]. Moreover, 

some studies have been devoted to the platoon control of 

CAVs based on linear/non-linear control methods. For 

example, Zheng et al. (2016) explored the impacts of 

information flow topology on the internal stability and 

scalability of homogeneous CAV platoons [22]. The 

stabilizing thresholds of linear controller gains for platoons 

under different information flow topologies were derived 

based on the algebraic graph theory and Routh–Hurwitz 

stability criterion. Liu et al. (2022) developed a distributed 

cooperative compound tracking control method based on 

backstepping, an adaptive neural network, and designed 

prescribed performance control, in which the adaptive neural 

network and backstepping method were utilized for achieving 

distributed cooperative regulation [23]. Numerical 

experiments were conducted to verify the effectiveness in 

ensuring practical finite-time stability and asymptotical 

convergence. Liu et al. (2023) proposed a distributed adaptive 

fixed-time platoon tracking problem for heterogeneous 

nonlinear vehicles based on the third-order modified dynamics 

and distributed nonlinear fixed-time tracking algorithm [24]. 

Yu et al. (2023) developed a distributed data-driven model 

predictive control strategy by combining the data-driven 

model with the distributed model predictive control algorithm 

[25]. The data-driven model with subspace identification can 

be established based on the input-output vehicle trajectory. 

Moreover, the recursive feasibility and exponential stability 

were proved by an input/output-to-state stability Lyapunov 

function and an optimal sum cost function. Although the 

linear/non-linear control method is easy to be implemented in 

practice, it cannot guarantee the efficiency of the platoon 

formation by multiple CAVs. Moreover, the collision-free 

constraint within a reasonable acceleration/ deceleration limit 

cannot explicitly be formulated into the control model, which 

cannot ensure safety during the platoon formation process [4].  

Unlike the above two methods, the optimal control method 

is a kind of optimization control model, which determines the 

optimal control input over a time horizon given the initial 

motion states and system dynamics model while incorporating 

the key constraints, such as the bounded acceleration/ 

deceleration and collision avoidance. The trajectory design of 

the platoon formation involving multiple CAVs can be 

formulated as the optimal control problem. As a result, the 

trajectories of the CAVs for platoon formation during a certain 

predictive time horizon can be obtained by solving the 

constrained optimal control model. For example, an optimal 

control model was developed to determine the optimal 

trajectories of CAVs to form a platoon that minimized the total 

fuel consumption of the CAVs given the vehicle sequence 

[26]. The dynamic programming algorithm was applied to 

solve the optimal trajectories. Numerical experiments were 

conducted to validate that the total fuel consumption during the 

platoon formation process can be reduced by following the 

optimal CAV trajectories obtained by the proposed model in 

contrast to that of the benchmark model. Compared with the 

aforementioned simple motion planning and linear/non-linear 

feedback control methods, the optimal control method can 

utilize the received system-wide motion state information and 

provide the optimal CAV trajectories for platoon formation, 

through coordinated movements of the involved CAVs while 

respecting the collision-free and acceleration/deceleration 

constraints. However, the computational efficiency to obtain 

the CAV trajectories for platoon formation can decrease as the 

number of CAVs increases. Nevertheless, some solution 

algorithms such as dynamic programming and Pontryagin’s 

minimum principle-based have been proposed to reduce 

solution time [27], [28].  

2) CAV platoon-based cooperative control 

As motivated by the emerging CAV and vehicle platooning 

technologies [7], [14], [29], some recent studies have been 

devoted to CAV platoon-based cooperative signal-free control 

to improve traffic performance at intersections [15], [30], [31], 

[32], which are summarized in Table I. For example, Bashiri 

et al. (2018) investigated the optimal passing sequence of the 

CAV platoons traversing the intersection for autonomous 

intersection management [30]. An optimization model was 

formulated to determine the best sequence for the CAV 

platoons that minimized the total travel delays and delay 

variances of all the CAVs. Given the obtained passing 

sequence, the linear controller was adopted to allow the CAVs 

to form the platoons for passing the intersection. The results 

from numerical experiments verified the effectiveness of the 

proposed platoon-based signal-free control in improving 

intersection throughput and fuel consumption against 

traditional signal control and the positive impacts of platoon 

size on the throughput and fuel consumption. Cristofoli (2019) 

built an optimization model to determine the optimal sequence 

and acceleration profiles with the least total travel delays for 

the vehicle platoons to pass the intersection, in which the 

vehicle platoons can be grouped by a batch of vehicles with 

headways less than the threshold [31]. The solution algorithm 

integrating the branching and simple motion planning methods 

was developed to solve the model. Numerical results 

demonstrated that the proposed control strategy could improve 

travel efficiency at the intersection compared with the 

benchmark strategy. Zhao et al. (2021) studied the joint 

optimization problem of platoon-based intersection control 

and trajectory planning by developing a bi-level programming 

model [32]. The upper-level and lower-level models were to 

determine the passing sequence and assigned time to the 

intersection by minimizing the total travel delays and to 

determine the speed profiles by maximizing the total speeds of 

all the CAVs entering the intersection, respectively. The 

platoon-based customized heuristic algorithm was developed 

to solve the proposed model. The results indicated that the 

proposed bi-level model could perform better in terms of 

average delay and throughput than the benchmark model with 

no feedback between the upper and lower models. It implied 

that the lower-level trajectory planning had a significant 
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impact on the upper-level decisions of passing sequence and 

assigned time. In addition, some studies used the virtual 

platoon control method to coordinate the trajectories of the 

CAVs to traverse the intersections for signal-free intersection 

management [33]. It can be implemented by mapping two-

dimension vehicle movements to a one-dimension virtual 

platoon according to a specific rule like First-Input-First-

Output, and thus the CAVs can be organized into the 

coordinated independent virtual platoons with the multiple 

vehicle communication topology. For example, Zhou et al. 

(2022) proposed a distributed adaptive sliding controller based 

on the customized communication tolopoly [15]. With the 

proposed controller, the CAVs grouped into the same virtual 

platoons can follow the reference speed and maintain the 

desired safe spacing with guaranteed stability under parametric 

inaccuracies and vehicle dynamics disturbances so as to 

improve travel efficiency at intersections.  

The highway CAV platoon-based cooperative merging 

control for the on-ramp scenarios is analogous to the CAV 

platoon-based cooperative signal-free intersection control 

[16], [17], [20]. Xu et al. (2019) investigated the passing 

sequence problem for the cooperative driving between 

mainline and on-ramp CAV platoons, where the CAVs can be 

clustered into the same platoon if the headways were smaller 

than a grouping threshold [17]. A grouping rule-based strategy 

was proposed to find the near-optimal passing sequence by 

minimizing the total travel delays and maximum assigned time 

of all the CAVs. For simplification, the assigned times were 

obtained by the simple motion planning method. Ding et al. 

developed a rule-based two-stage model to determine the 

passing sequence, assigned time, and acceleration profiles for 

the platoon-based cooperative merging at the highway on-

ramp [16]. The first-stage model was to determine the near-

optimal sequence and assigned time that minimized the total 

travel delays of the involved CAVs to the merging zone using 

the proposed rule-adjusted algorithm. Given the obtained 

passing sequence, the second-stage model was to calculate the 

trajectories of the leader using the optimal control method and 

the trajectories of followers grouped into the platoons using the 

linear control method. As indicated by the results, the proposed 

platoon-based control strategy could have better performance 

in throughput and delay compared with the benchmark 

vehicle-based control strategy. Duret et al. (2020) addressed 

the splitting of mainline CAV platoons to facilitate the efficient 

and safe merging of the on-ramp vehicles by developing an 

optimization control approach with the two layers [20]. The 

upper-layer can maximize the traffic flow at the on-ramp to 

determine the optimal vehicle orders after the merge and the 

assigned times that the vehicles in the platoon actively created 

the gaps for the merging vehicles. The lower-layer used the 

optimal control method to calculate the optimal trajectories to 

the highway merging point based on the inter-vehicle desired 

time gaps as commanded by the upper-layer. Numerical 

experiments demonstrated the feasibility and effectiveness of 

the proposed control approach.   

Based on the existing literature, we can see that most studies 

focused on determining the passing sequence, assigned time, 

and trajectory planning of the CAV platoons to the intersection 

conflict zones and highway merging zones for platoon-based 

cooperative signal-free and merging controls. So far, no one 

has paid attention to optimizing tactical decisions such as 

MPS, which may largely affect the overall travel efficiency at 

intersections. Intuitively, a large-size CAV platoon can be 

beneficial to improve the travel efficiency of the current 

approaching direction at intersections. However, the travel 

efficiency of other conflicting directions can be negatively 

affected by the adoption of large platoon size. In addition, lots 

of research efforts have been made to first determine the 

passing sequence and assigned time and then the trajectories of 

the CAVs for platoon formation based on the two-stage/two-

layer models. The impacts of CAV trajectories for platoon 

formation on the passing sequence and assigned time have 

been rarely considered for the simplification of modeling. 

Although a few studies have jointly optimized both the passing 

sequence and assigned time and the CAV trajectories forming 

the platoons for the PCSIC problem, the obtained trajectories 

by the simple motion planning methods may not be applied to 

the practical formation of CAV platoons.  

Table I Summaries of CAV platoon-based cooperative control. 

Methods Upper model Lower model Interaction Platoon 
formation 

process 

Bashiri et 
al. (2018) 

Optimization model 
of minimizing the 

total travel delays 

and delay variances 

Linear controller 
for CAV 

trajectories 

× × 

Cristofoli 

(2019)  

Optimization model 

of minimizing the 

total travel delays  

Simple motion 

planning for 

CAV trajectories 

× × 

Zhao et al. 

(2021) 

Optimization model 

of minimizing the 

total travel delays  

Trajectory 

planning method 

for CAV 
trajectories 

√ × 

Zhou et al. 

(2022) 

/ Distributed 

adaptive sliding 

controller for 

CAV trajectories 

× × 

Xu et al. 
(2019)  

Optimization model 
of minimizing the 

total travel delays  

Simple motion 
planning for 

CAV trajectories 

× × 

Ding et al. 
(2020) 

Optimization model 
of minimizing the 

total travel delays  

Optimal control 
and linear 

control for CAV 

trajectories 

× × 

Duret et al. 

(2020)  

Optimization model 

of maximizing the 

traffic flows  

Optimal control 

for CAV 

trajectories 

× × 

Our study Optimization model 

of minimizing the 

total travel delays  

Optimal control 

for CAV 

trajectories 

√ √ 

B. Objectives and Contributions 

To close the gaps, the study investigates the MPS for the 

PCSIC problem considering the platoon formation process of 

the CAVs in the vicinity of intersections. The objective of the 

study is to minimize total travel delays of all the CAVs by 

determining the optimal tactical platoon size threshold while 

considering the operational decisions, i.e., formation pattern, 

passing sequence, and assigned time of CAV platoons to the 

intersection conflict point as well as the CAV trajectories for 

platoon formation. To achieve the objective, a novel mixed-

integer nonlinear programming (MINLP) model is formulated 

by explicitly incorporating the platoon size limit and the CAV 

trajectories for platoon formation constraints. Due to the 

complex formation process of the CAV platoons considered in 
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the proposed model, the proposed model cannot be easily 

solved by commercial solvers. Therefore, we design a hybrid 

artificial bee colony algorithm integrating the artificial bee 

colony approach and dynamic programming algorithm for an 

optimal control scheme to obtain good-quality solutions. 

Numerical experiments are carried out to verify the 

effectiveness of the proposed model and solution algorithm. 

We also analyze the balanced and unbalanced motion states 

between approaching directions on the MPS and the traffic 

performance of the platoon-based control strategy in terms of 

travel delay and throughput.  

The contributions of our study are presented as follows:  

(1) We first proposed a bi-level platoon-based signal-free 

intersection control model that combines the optimization 

management and optimal control schemes in the model 

considering the platoon formation process of CAVs, in which 

the upper-level model is to determine the formation pattern, 

maximum platoon size, passing sequence, and assigned time 

of CAV platoons, and the lower-level is to determine the 

optimal trajectories of CAVs for platoon formation;  

(2) We develop a customized hybrid artificial bee colony 

algorithm integrating the artificial bee colony approach and 

dynamic programming algorithm for an optimal control 

scheme to solve the proposed model, which fully takes 

advantage of the merits of the two algorithms;  

(3) The changes in the maximum platoon sizes for 

platoon-based control strategy and its impacts on traffic 

operation performances under the balanced and unbalanced 

motion states between approaching directions are investigated. 

The better traffic throughput performances of the proposed 

platoon-based control strategy are also verified compared with 

the baseline strategy. 

The remainder of this study is organized as follows. Section 

2 presents the assumptions, notations, and problem 

description. Section 3 formulates the optimization model for 

the platoon-based cooperative signal-free intersection control. 

Section 4 introduces the solution algorithm for the proposed 

model. Section 5 elaborates on the case studies and 

experimental results in detail and Section 6 presents the 

discussion. Section 7 concludes this study with future research 

directions.  

II. PROBLEM DESCRIPTION 

Consider an intersection within a control zone illustrated in 

Fig. 1(a) (see the circle area within the orange dashed curve). 

Let Z denote the set of all the approaching directions at the 

intersection and I z
 be the set of CAVs of our interest in the 

direction Zz . The time instant when the most leading 

vehicle in the zone (e.g., CAV1 in Fig. 1(a)) reaches the 

decision location of its direction is denoted by 0t .  We will 

study all the scattered CAVs located between the pre-specified 

decision location (see the yellow line in Fig. 1(a)) and the 

boundary of the control zone in the vicinity of the intersection 

at the time instant 0t .  

We assume that all the CAVs within the control zone can 

exchange real-time motion information, i.e., position, speed, 

and acceleration, with one another and share the information 

with a signal-free intersection controller via V2V and V2I 

communications. The CAVs in each direction can form CAV 

platoons with different platoon sizes to traverse the 

intersection.  

(a)    

(b)  

Fig. 1. Illustration of two streams of cross-moving CAVs at 

the intersection: (a) at the time 0t ; (b) at the time *k

zt
  

Without loss of generality, we assume that the movement 

formation of CAV platoons in the control zone follows the 

optimal control scheme and the over-taking of CAVs for the 

platoon formations is not allowed. Specifically, let I
k

z
 be the 

set of CAVs in the kth platoon formed of direction z. Kindly 

note that a travel-alone CAV can be viewed as a platoon of size 

1, and thus we have I zk  . Let ( )ip t , ( )iv t , and ( )iu t  

represent the front bumper position, speed, and control input 

(i.e., acceleration prescribed by vehicle controller) of CAVs 

for I
k

zi  at time t respectively. Let ( )u
k

z t  and 

( ) ( ) , ( )x p v
T

k k T k T

z z zt t t     denote the acceleration and state 

column vector of the kth platoon in direction z at time t, 

respectively, where ( )p
k

z t  and ( )v
k

z t  denote the position and 

speed column vector of the kth platoon in direction z at time t, 

respectively. The optimal control scheme of the kth platoon in 

direction z is essentially to determine the optimal acceleration 

and state sequences (namely the acceleration and state 

trajectories) of all CAVs in set I
k

z
 for platoon formations over 

the assigned time horizon 0 , k

zt t    by minimizing a 

performance index denoted by J to be elaborated later. For ease 
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of model formulation, we define the terminal performance 

measures  , ,k k k

z z zp d v  of a platoon formed by CAVs in set I
k

z
 

at time k

zt , where k

zp  denotes the terminal position of a platoon 

represented by the terminal position of the first CAV in the 

platoon, 
k

zd  denotes the terminal headway of a platoon 

obtained by averaging the terminal headways of the following 

CAVs in the platoon, and k

zv   denotes the terminal speed of a 

platoon by averaging the average terminal speeds of the CAVs 

in the platoon. For simplicity, we assume the formations of the 

CAV platoons will be completed at the conflict point (denoted 

by p̂ , see the red dot in Fig. 1(a)), with the pre-specified 

terminal headway (denoted by d̂ ), and terminal speed 

(denoted by v̂ ), for , 1,2,...,Z Izz k    at the assigned time 

k

zt , where the conflict point is viewed as the pre-specified 

terminal position. Ideally, the terminal position, headway, and 

speed measures of a CAV platoon would be the same as the 

pre-specified terminal ones accordingly.  

Given the motion state information of all the CAVs in the 

set 
Z

I z
z

 at the time 0t , i.e., 0( )ip t  and 0( )iv t  for 
Z

I z
z

i


  , 

the intersection controller will determine (1) the optimal 

formation patterns of the platoons in each direction (e.g., the 

index of the CAVs grouped into the kth platoon of direction z, 

i.e., I
k

z

* ); (2) the passing sequence of the platoons traversing 

the conflict point; (3) the assigned time of the platoons 

reaching the conflict point (e.g., the assigned time of the kth 

platoon in direction z, i.e., k*

zt ); (4) the maximum platoon size 

of the platoons in the direction z, i.e., *

zc ; (5) ultimately the 

acceleration and state trajectories of each CAV to form the 

platoons according to the formation patterns while traversing 

the conflict point following the passing sequence and assigned 

time (e.g., the values of *( )iu t  for 0 *, , I
k k

z zt t t i  
*  and the 

values of *( )ip t  and *( )iv t  for  0 *, , I
k k

z zt t t i  
* ). The 

objective of this study is to minimize the total travel delays of 

all the CAVs by determining the tactical platoon size threshold 

in each approaching direction while considering the 

aforementioned operational decisions. 

A.  Optimal control for platoon formation of CAVs 

Regarding the optimal control scheme for platoon formation 

of CAVs, the control model is represented by the total cost 

function during the platoon formation process. Given the 

formation patterns (i.e., *
I

k

z
), initial state of the CAVs (i.e., 

* 0( )p
k

z t  and * 0( )v
k

z t ), and assigned time (i.e., *k

zt ) of the kth 

platoon in direction z, as well the CAV position trajectories of 

the preceding platoon (i.e., ( 1)*
p

k

z

 consisting of *( )ip t  for 

0 ( 1)* ( 1)*, , I
k k

z zt t t i      ) and the pre-specified terminal 

performance measures (i.e., p̂ , d̂ , and v̂ ), the optimal 

acceleration and state trajectories of the CAVs for the 

formation of the kth platoon in direction z during the time 

horizon 
0 *, k

zt t   , denoted by 
k

zOC   , can be determined by 

solving the following model:  

k

zOC      
*

0

*

,
min ( ), ( ) ( )
x u

x u x
k
z

k k
z z

t
k k k k

z z z z
t

J t t dt t    (1) 

subject to  

0 *( ) ( ) ( ), , 1,2,..., , ,x Ax Bu Z I
k k k k

z z z z zt t t z k t t t         (2) 

 
* 0 *

min max( ) , , ,I
k k

i z zv v t v i t t t        (3) 

 * 0 *

min max( ) , , ,I
k k

i z zu u t u i t t t       (4) 

 
* ( 1)* * 0 *( ) ( ) , , , ,I I

k k k

j i z z zp t p t L j i t t t           (5) 

 
0 * *( ) ( ) , , , I

k k

i z zi
p t p t L t t t i          (6) 

 *

0
ˆ( ) , I

k

i c zp t p D i     (7) 

where J denotes the total cost consisting of the running cost  

and the terminal cost  (introduced in section 4), matrix

2 2 A
A

n n  
  
 

0

0 0
, 2 1

B
B

n  
  
 

0
,

1

1

A
n n

 
 


 
  

 ,

1

1

1

B
n

 
 


 
  

 where 
*

I
k

zn  , L is the safety buffer distance, vmin 

and vmax are the upper and lower bounds of speed, respectively,  

umin and umax are the minimum and maximum acceleration, 

respectively, and cD  is the length of the control zone. 

Constraint (2) represents the system dynamics of CAV 

platoons. Constraints (3) and (4) ensure the acceleration and 

speed within the reasonable range of  min max,v v  and 

 min max,u u  at any time instant over the time horizon, 

respectively. Constraint (5) restricts that the actual spacing 

between vehicle j in the (k-1)th platoon and vehicle i in the kth 

platoon in the same direction z maintains the safety buffer 

distance. Constraint (6) guarantees that the actual spacing 

between two consecutive CAVs in the same platoon is no 

smaller than the safety buffer distance, where i  is the index 

of the immediate predecessor of vehicle i in the set *
I

k

z
. 

Constraint (7) ensure information transmission of all CAVs 

in the control zone. 

Kindly note that the CAV trajectories obtained by the 

aforementioned model 
k

zOC    may be undesired for platoon 

formation due to unfeasible decisions (e.g., too small assigned 

time). In other words, the output terminal performance 

measures (i.e., terminal position, headway, and speed) for the 

trajectories of a CAV platoon can largely deviate from the pre-

specified terminal performance measures under the unfeasible 

decisions. In addition to the acceleration and state trajectories 

during the assigned time horizon of the CAVs for platoon 

formations, we need to further output the terminal performance 

measures of the CAV platoons and the additional times of 

CAVs in the platoons. Based on the obtained acceleration and 
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state trajectories, we can calculate the optimal terminal 

performance measures of the platoons (e.g., the values of k*

zp , 

*k

zd , and k*

zv  of the kth platoon in direction z), and CAV 

additional time column vector of the platoons to travel the 

additional distance (see the orange line in Fig. 1(b)) between 

the position at time k

zt
*  to the conflict point at a constant speed 

(e.g., the vector of the kth platoon in direction z, i.e., *
t

k

z
). 

Therefore, the output set Ψ  and return set Ψ  of the model 
k

zOC    are presented as follows: 

 * * * * 0 * 0 * 0 ( 1)*

* * * * * *

ˆˆ ˆ( , ) arg min , , , , , , ( ), ( ), , , 2,...,

( , , , ) ( , ), , 2,...,

x u I p v p Z I

t x u Z I

k k k k k k k

z z z z z z z z

k k k k k k

z z z z z z z

J t t p d v t t z k

p d v z k

   

   

Ψ

Ψ Ψ

(8) 

III. MODEL FORMULATION  

Let k

zy  denote a binary variable, 1k

zy   if the kth platoon in 

direction z is a not null CAV platoon, and 0k

zy   otherwise. 

Let k

ziw  denote a binary variable, 1k

ziw   if vehicle i joins the 

kth platoon in direction z, and 0k

ziw   otherwise. Let *k

zit  

represent the additional time of vehicle i in the kth platoon of 

direction z required to travel the additional distance between 

its position at time k

zt
*  to the conflict point. Let it  represent 

the minimum travel time of vehicle i in direction z required to 

reach the conflict point. Note that the minimum travel time can 

be calculated based on the basic kinematics under the case 

where each CAV individually moves toward the conflict point 

first accelerating to the pre-specified terminal speed and then 

cruising. With above the notations, the total travel delays of all 

the CAVs will be calculated by 

 
*

1

( )
I

Z I

z

z

k k k k k k k

z z zi zi z i zi z

z k i

T t y t w y t w y
  

     (9) 

Moreover, the total errors between the output and pre-

specified terminal performance measures of the CAV platoons 

in all approaching directions will be calculated by  

  * * *

1

ˆˆ ˆ
I

Z

z

k k k k

z z z z

z k

E p p d d v v y
 

        (10) 

To ensure the trajectory feasibility of the CAVs to form the 

platoons with the least total travel delays while traversing the 

conflict point and reaching the pre-specified headway and 

speed, the total errors of the terminal performance measures of 

all CAV platoons are designed as a penalty term and added to 

the objective function. The MPS for PCSIC at intersections 

problem can be formulated by the following model: 

[PCSIC]
, , , , , ,
min ( , , , , , , )OBJ T M E  

w y c s t x u
w y c s t x u  (11) 

subject to (2), (3), (4), (5), (6), (8) and  

 
1

1, ,
I

Z I
z

k

zi z

k

w z i


      (12) 

 1 , , 2,3,...,
I I

Z I
z z

k k

zi zi z

i i

M w w z k

 

       (13) 

 , , 1,2,...,
I

Z I
z

k k k

z zi z z

i

y w My z k


       (14) 

 
1

, , 1,2,..., ,Z I I
k

k k

zi z zzi
k

w w z k i





       (15) 

 , , 1,2,...,
I

Z I
z

k

zi z z

i

w c z k


      (16) 

 1 ˆ ˆ( ) , , 1,2,..., 1
I

Z I
z

k k k

z z zi z

i

t t w d L v z k



        (17) 

ˆ ˆ( ) , , \{ }, 1,2,..., , 1,2,...,
I

Z Z I I
z

k k k

z z kk z i z z

i

t t Ms w d L v z z z k k


 

   



         
 (18) 

  0,1 , , , 1,2,...,Z I I
k

zi z zw z i k      (19) 

  0,1 , , 1,2,...,Z I
k

z zy z k     (20) 

 0,1 , , \{ }, 1,2,..., , 1,2,...,Z Z I Ikk z zs z z z k k 
        (21) 

 , Zzc z    (22) 

 1,2,. ., . ,,Z Iz

k

z kt z     (23) 

where i  is the index of the predecessors of vehicle i in the kth 

platoon of the direction z, the decision variable , Zzc z   

denotes the maximum allowable vehicle number in a CAV 

platoon of the direction z, 

, , \{ }, 1,2,..., , 1,2,...,Z Z I Ikk z zs z z z k k 
       is a 

binary variable for determining the passing sequence between 

the CAV platoons in different directions, 1kks    if the kth 

platoon in the direction z has the right of priority over the k th 

platoon in the direction z , and M is a large positive constant.  

The objective function in Eq. (11) is the sum of the total 

travel delays of all the CAVs and a big-M component. Since 

our study aims to manage and control the CAVs to form the 

platoons while traversing the conflict point and reaching the 

pre-specified headway and speed, the unfeasible CAV 

trajectories are penalized by the big-M component in the 

objective function. Constraint (12) ensures that each CAV 

joins a CAV platoon. Constraints (13) and (14) ensures that the 

CAV platoons can be continuously formed. Constraint (15) 

guarantees that no overtaking of CAVs for platoon formation 

can occur. Constraint (16) restricts that the total number of 

CAVs in a platoon cannot exceed the upper bound of platoon 

size. Constraints (17) and (18) ensure that the difference in the 

assigned time to the conflict point between the two CAV 

platoons from the same direction or one from a different 

direction is maintained no smaller than the summation of the 

time headway (namely the sum of the pre-specified terminal 

and safety distance divided by the pre-specified terminal 

speed)of each CAV in the preceding CAV platoon. Constraints 

(19), (20), (21), (22), and (23) define the domains of variables 
k

ziw , k

zy , 
kks 

, 
zC , and k

zt .  

IV. SOLUTION ALGORITHM 

Due to the complex formation process of the CAV platoons, 

the CAV trajectories for platoon formation with a restriction of 

the pre-specified terminal performance measures cannot be 

directly expressed in the proposed model [PCSIC]. Therefore, 

the trajectories of the CAVs for platoon formation are taken as 

a constraint of the proposed model [PCSIC], which is 

represented by the optimal control model k

zOC  
. The 
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consideration of the CAV trajectories for platoon formation 

leads to a non-linear model that cannot be easily solved by 

commercial solvers. Moreover, we can see that when the 

formation pattern, passing sequence, and assigned time of a 

CAV platoon to the intersection conflict point, and the initial 

input information of a platoon are given, the proposed model 

[PCSIC] reduces to the model k

zOC  
. The model k

zOC  
 

can be efficiently solved by the dynamic programming 

algorithm for an optimal control scheme. This is because the 

dynamic programming algorithm has shown good computation 

efficiency and convergence accuracy in solving the trajectories 

of the CAV platoons under the optimal control schemes [34]. 

To obtain the optimal formation patterns, passing sequence, 

and assigned time of the CAV platoons, we need an efficient 

search algorithm that updates these operational decisions in 

each iteration. There are some heuristic algorithms such as 

genetic algorithm and artificial bee colony (ABC) for solving 

the optimization problems with non-linear models, among 

which the ABC algorithm proposed by [35] shows a better 

iterative search mechanism and can accelerate convergence to 

a high-quality solution. The ABC algorithm has been widely 

applied to solve optimization problems in the transportation 

field in recent years, such as vehicle routing and ride-hailing 

problems [36], [37]. Therefore, we develop a novel solution 

algorithm integrating the ABC approach and dynamic 

programming algorithm for an optimal control scheme, 

referred as to the hybrid ABC algorithm in the rest of the paper, 

to solve the proposed model [PCSIC]. 

In what follows, we first introduce the overall procedures of 

the proposed hybrid ABC algorithm. Moreover, we illustrate 

the key modules of the proposed algorithm, including solution 

representation, solution initialization and renewal, 

neighborhood operator, selection of solution sources, and 

dynamic programming algorithm to solve the model k

zOC  
.  

A. Overview of hybrid ABC algorithm solve model [PCSIC] 

In this subsection, the overviews of the basic ABC algorithm 

and hybrid ABC algorithm will be presented, respectively. 

1) Basic ABC algorithm 

ABC is an optimization algorithm based on the intelligent 

behaviors of honey bees in searching for food sources in the 

vicinity of the hives. In the ABC algorithm, the colony of 

artificial bees is divided into employed bee, onlooker bee, and 

scout bee. The employed bees are responsible for searching for 

food sources, in which each employed bee is associated with 

one and only one food source. The employed bees can gather 

the required information on the food sources and share the 

information with onlooker bees. The onlooker bees then 

probabilistically select a food source among the food sources 

found by the employed bees, in which a more profitable food 

source would be chosen with a higher probability. The 

employed bee becomes a scout and exploits a new food source 

in the vicinity of the hive, when it cannot find a better food 

source after executing a maximum number of iterations.  

For the application of the ABC algorithm to solve the 

optimization problem, the food source represents the solution 

to the optimization problem, and the nectar count of the food 

source corresponds to the objective values or fitness of the 

solutions. At the start, the ABC algorithm, as a swam-based 

heuristic algorithm, generates the random solutions as the 

initial food sources and assigns each employed bee to a food 

source. During each iteration, the employed bee exploits the 

new food source near the current source using the 

neighborhood operator, and the nectar count of the new food 

sources found is then evaluated. If the nectar count of the new 

food source is larger than the old one, the employed bee can be 

assigned to the new one, and the old one is abandoned. After 

all the employed bees finish the exploited process, they will 

share the nectar count information with the onlooker bees. The 

onlooker bees can select the food sources according to the 

shared information from the employed bees using a roulette 

wheel selection method. Meanwhile, the onlooker bee can also 

search for new food sources near its selected source using the 

neighborhood operator and further assess the nectar count of 

the new food source. The best new food source can be 

determined by the greedy method. If the new food source has 

more nectar count than the old one, the old one will be 

abandoned and replaced by the new one. The employed bee 

can be allocated to the best new food source. In addition, the 

nectar count of the food source has been not improved under 

the limited iterations, i.e., a pre-determined limit, and the 

employed bee will become a scout bee, and the food source 

will be abandoned with a new one. The scout bee starts to 

randomly find a new food source, and it becomes an employed 

bee again after a new food source is found. Afterward, the 

iteration of the ABC algorithm will update after the three 

groups of bees have completed the search tasks. The whole 

process is repeated to search for the best solution until the 

terminal conditions are satisfied.  

2) Hybrid ABC algorithm 

The flow diagram of the proposed hybrid ABC algorithm 

jointly formulated by the ABC algorithm and dynamic 

programming algorithm is illustrated in Fig. 2. For the ABC 

algorithm in the proposed method with the maximum number 

of iterations Nm, a population of initial solutions is generated 

by the employed bees in the initiation phase. Each employed 

bee is responsible for one randomly generated solution. The 

procedures of the employed bee and onlooker bee phases are 

similar. The difference between the two phases lies in the rule 

of selecting the candidate solution for a neighborhood search. 

In the respective phase, each employed bee selects its 

associated solution and each onlooker bee selects a solution 

based on the fitness value. Both two phases utilize the dynamic 

programming algorithm to determine the CAV trajectories to 

form the platoons, additional times required by CAVs in the 

platoons, and terminal performance measures of the platoons 

under the given formation patterns, passing sequence, and 

assigned time of the CAV platoons for each solution in each 

iteration. Based on this, the fitness value of each solution can 

be calculated in each iteration. Afterward, the greedy selection 

strategy is conducted for the two phases after evaluating the 

fitness value of the new solution. If the new solution is better 

than the old solution, the new one can replace the old one, and 

its limit value is set to 0. Otherwise, the old one is kept and the 

limit value is increased by 1. The employed bee and onlooker 

bee phases are terminated after all the employed bees and 
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onlooker bees complete the neighborhood research, 

respectively. In the scout bee phase, all the solutions are 

scanned and a solution that cannot be improved under the limit 

of successive iterations is abandoned and replaced by a 

randomly generated new solution.  

Initial solution

 j = j + 1

Perform employed bee 

phase

Perform onlooker bee 

phase

Perform scout bee phase

j < Nm

Stop and output the 

best solution 

No

Yes

Start

Dynamic programming 

algorithm

Dynamic programming 

algorithm

Dynamic programming 

algorithm

Dynamic programming 

algorithm

 

Fig. 2. Flow diagram of the hybrid ABC algorithm 

B. Solution representation 

The solution (food source) of the proposed hybrid ABC 

algorithm can present the decision information of CAV 

platoons including the formation pattern, passing sequence, 

and assigned time of the CAV platoons. In particular, the 

solution   is represented by a set of platoon vectors with a 

length l, which is determined by the sum of the number of 

platoon vectors lz from different directions at the intersection. 

Each platoon vector in the solution contains the key 

information, e.g., formation pattern, passing sequence, and 

assigned time of a CAV platoon. These platoon vectors are 

placed based on the passing sequence of the CAV platoons. An 

example solution in the proposed hybrid ABC algorithm is 

illustrated in Fig. 3. Note that the length of the vector set (total 

number of platoon vectors) in the solution can be revised in the 

proposed algorithm. The stored information in the platoon 

vectors is then updated based on the new set of platoon vectors 

through a random generation process, which will be shown in 

the solution initialization and renewal subsection in detail.  

 

Fig. 3. Solution representation with a vector of length l including two 

directions 

C. Solution initialization and renewal 

An empty solution   is established to store the decision 

information of the CAV platoons. The number of the platoon 

vectors in each direction is randomly generated under the total 

number of CAVs constraint. The vector set consisting of the 

platoon vectors can be first built in the solution and the length 

of the vector set is the sum of the generated number of platoon 

vectors in all directions. The CAVs from the vehicle set can be 

randomly assigned to the platoon vectors in the same direction 

if the assignment does not violate the no-overtaking rule and 

the restrictions of the upper bound of platoon size and the total 

number of CAVs in each direction. Moreover, the passing 

sequence of the CAV platoons is randomly determined and 

used for placing the platoon vectors in the solution. Based on 

the generated passing sequence, the assigned time of the first 

CAV platoon is randomly generated under the constraint of the 

minimum travel time of the first CAV in the platoon. 

Furthermore, the assigned times of the remaining CAV 

platoons are determined based on the assigned time of the first 

CAV platoon, the number of CAVs in these platoons obtained 

by formation pattern, and the generated passing sequence. As 

a result, a solution is created while the key information, e.g., 

platoon patterns, passing sequence, and assigned time of the 

CAV platoons, are stored in these platoon vectors. Following 

the requirements of the ABC algorithm, there are N solutions 

needed to be initialized, whose number equals that of 

employed bees and onlooker bees. The above procedure is 

repeated to generate all the solutions.  

The core idea of solution renewal is to update the decision 

information based on the new number of platoon vectors 

generated by the neighborhood operator. For the formation 

pattern, the CAV platoons can be randomly formed by CAVs 

under the constraints of the total number of CAVs and the 

upper bound of platoon size in each direction. The passing 

sequence of the CAV platoons satisfying no-overtaking rules 

in the same directions is randomly determined. The assigned 

time of the CAV platoon with the first right of way is also 

updated using the neighborhood operator. Based on the above 

decision information, the assigned times of the remaining 

CAV platoons are generated. Afterward, the total travel delays 

of all the CAVs and total errors of the terminal performance 

measures of the CAV platoons are calculated and the fitness 

value is then determined for each solution. The generated 

solution yielding better fitness value can be recorded and 

viewed as a new solution, and the old solution will be 

abandoned.  

D. Neighborhood operator 

In the proposed hybrid ABC algorithm, a neighborhood 

operator is adopted for the employed bees and onlooker bees 

to generate the decision variables   of the new solution near 

the current solution. In the employed bee phase during each 

iteration of the algorithm, the decision variables of the new 

solution are generated based on Eq. (24) by combining the 

decision variables in the current solution and the neighborhood 

solution randomly selected by the operator. In our study, the 

number of platoon vectors in each direction and the assigned 

time of the first CAV platoon in the solution can be updated in 

each iteration. If the fitness value of the new solution is better 

than that of the current solution, the old one is replaced by the 

new one and the limit of the solution is 0. Otherwise, the old 

solution keeps unchanged and the count of the limit is 

increased by 1. In the onlooker bee phase, the operator first 

randomly chooses a solution using the roulette wheel method 

(introduced in section 4.2.5) for a neighborhood search. 
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Similarly, the new solution will replace the old one if the new 

solution has a better fitness value than the old one. The count 

of the limit is set as 0 or increased by 1 if the current solution 

is replaced or not replaced, respectively. The decision 

variables in the new solution can be generated by 

     1( ), , , 1,2,..., \new old old neigh

i i i m z zl t m N i         (24) 

where   is a random number within the range [-1, 1].   

E. Selection of solution sources  

 Let ( )iT   be the total travel delays of all the CAVs for the 

solution 
i . Let ( )iE   be the total errors between the output 

and pre-specified terminal performance measures of the CAV 

platoons for the solution 
i . Therefore, the objective value of 

the solution 
i  can be calculated by  

 ( ) ( ) ( )i i iOBJ T E      (25) 

where  is the weighing parameter of the total errors. 

During each iteration of the algorithm, the onlooker bee uses 

the roulette wheel method to select the solution based on the 

shared information by the employed bee. The method is 

essentially a probabilistic selection scheme, the better the 

fitness value the solution i has, the higher the probability of the 

solution i can be selected. The detailed calculation of the 

roulette wheel method is shown as follows:  

 

1

( )

( )

i
i N

mm

f
P

f









 (26) 

with 

 
1 (1 ( )), ( ) 0

( )
1 ( ( )) ( ) 0

i i

i

i i

OBJ OBJ
f

abs OBJ OBJ

 


 

 
 

 

if

if
  (27) 

where ( )if   is the fitness value of the solution i in the hybrid 

ABC algorithm.  

V.  DYNAMIC PROGRAMMING ALGORITHM FOR OPTIMAL 

CONTROL MODEL FOR PLATOON FORMATION 

Unlike the existing works that focus on solving the 

following CAVs’ trajectories in the platoon without 

considering the restrictions of terminal performance measures 

of the platoons [20], [28], our study is to obtain the feasible 

trajectories of CAVs to form the platoons while traversing the 

conflict point and reaching the pre-specified terminal headway 

and speed. That is, the first CAV, the following CAVs, and all 

the CAVs in the platoons need to reach the conflict point, the 

pre-specified headway, and the pre-specified speed, 

respectively. The realization of platoon formation requires 

precise controls of CAV trajectories during the assigned time 

horizon, which can be formulated as the constrained optimal 

control problem. Therefore, the optimal trajectories of CAVs 

for platoon formation can be obtained by minimizing the total 

cost composed of the running and terminal costs during the 

assigned time horizon. Considering the restrictions of platoon 

formation, the formulations of the running and terminal costs 

in the cost function need to be re-designed in our study. Details 

will be found in the ensuing.  

A. Cost functions of the optimal control model for platoon 

formation of CAVs 

To facilitate the precise arrival of the first CAV in the kth 

platoon of the direction z to the conflict point with the pre-

specified terminal speed under the given assigned time *k

zt , we 

formulate the terminal cost of the first CAV in the platoon, i.e., 

 *( )x
k k

z zt . The terminal cost of the first CAV in the kth 

platoon of the direction z is calculated by 

 
2 2

* * *

1 1 2 1

1 1
ˆ ˆ( ) ( ) ( ) , , 1,2,...,

2 2
x Z I

k k k k

z z z z zt p t p v t v z k              
 (28) 

where 1p  and 1v  is the position and speed of the first CAV in 

the kth platoon of indirection z at the time *k

zt , respectively, 

and α1 and α2 are the weighting coefficients of position and 

speed errors of the first CAV in the platoon, respectively. 

Since the running cost is associated with the cost of the 

transition process before the CAVs reach the steady car-

following state, it needs to consider the system state and 

acceleration at each time step within the assigned time horizon. 

To realize the platoon formation where the following CAVs 

can maintain the pre-specified terminal headway and speed, 

the running cost should include three cost terms. The first term 

is formulated to regulate the actual headway toward the pre-

specified terminal headway, the second term is to maintain the 

speed homogeneity between the two CAVs, and the last term 

is used to ensure comfortable and energy-efficient motion over 

the time horizon. The running cost of the kth platoon in the 

direction z at the time t is formulated as follows: 

 
 

 



2

1

2
22

2 3

2 0 *

3 1

ˆ( ) ( )1
( ), ( )

2
( ) ( ) ( )

1
( ) , ,

2

x u
n

iik k

z z

i
i ii

k

z

p t p t d
t t

v t v t u t

u t t t t



 








  
 

  
   
 

 



+

 (29) 

where 0 *( ) ( ), , k

i zi
p t p t t t t     is the actual headway 

between two consecutive CAVs in the kth platoon of the 

indirection z at the time t where 
*

I
k

zn  , 1( )u t  is the 

acceleration of the first CAV in the kth platoon of the 

indirection z at the time t, and β1, β2, and β3 are the weighting 

parameters of the three cost terms.  

B. Solving procedures of the model k

zOC      

For ease of obtaining the trajectories of CAVs for platoon 

formation, the continuous-time process of optimal control 

formulation can be approximated by a discrete-time process. 

As a result, the cost function in Eq. (1) in a discrete form can 

be written as follows: 

1

0

( ( ), ( )) ( ( )), , 1,2,...,x u x Z I
R

k k k

z z z z

r

J r r t R z k




        (30) 

where ∆t and r are the length and index of the control step, 

respectively, and R is the total control steps.  

The system dynamics model in Eq. (2) following the linear 

law in a discrete form is presented as follows: 

 ( 1) ( ) ( ), , 1,2,..., , 0,..., 1x A x B u Z I
k k k

z r z r z zr r r z k r R         (31) 
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where Ar and Br are system dynamic matrices in discrete form. 

Here, we will introduce the dynamic programming 

algorithm with the new formulation of cost functions step by 

step to solve the model k

zOC  
. The detailed steps are 

illustrated as follows: 

Step 1: Discrete the time horizon 0 *, k

zt t  
 into R control 

steps and obtain the value of control step ∆t, i.e., 
* 0( )k

zt t t R   . 

Step 2: Calculate the coefficient matrix of the system 

dynamics model in the discrete form, i.e., Ar and Br as follows: 

 
r n n t  A I A   (32) 

 
r t B B  (33) 

Step 3: Calculate the weighting matrices in the running cost 

function for r{0, 1, …, R}, i.e., Qr, Dr, and Or. Based on the 

new formulations of the terminal and running costs, we have: 

 
r r t Q Q  (34) 

 0r D  (35) 

 
r r t O O  (36) 

where 1

2

0

0

n n n n

R

R n n n n

R

 

 

 
  
 

Q
Q

Q
,

1 1 1

1 1

1

1 1

1 1

2

2

R

  

 

 

 

 
 


 
 
 
 
  

+

Q

,  

2 2 2

2 2

2

2 2

2 2

2

2

R

  

 

 

 

 
 


 
 
 
 
  

+

Q for control step R, 

1

2

0

0

n n n n

r

r n n n n

r

 

 

 
  
 

Q
Q

Q
,

1 1

1 1

1

1 1

1 1

2

2

r

 

 

 

 

 
 

 
 
 
 
  

Q , 

2 2

2 2

2

2 2

2 2

2

2

r

 

 

 

 

 
 

 
 
 
 
  

Q  for control step r{0, 1, 

…, R-1}, and 

3

1

3

n

r







 
 


 
  

O  for control step r{0, 1, …, R}.  

Step 4: At control step R, the optimal solutions of ˆ
RQ , ˆ

RD , 

and ˆ
RE  are: 

 ˆ
R RQ Q   (37) 

 ˆ 0R D   (38) 

 ˆ 0R E   (39) 

Step 5: Calculate concomitant matrices backward, i.e., ˆ
rQ , 

ˆ
rD , and ˆ

rE , for r{R-1, …, 1, 0} based on the matrices of 

control step R: 

 
1

ˆ ˆT T

r r r r r r r r  Q G O G S Q S Q   (40) 

 
1 1

ˆˆ ˆT T T

r r r r r r r r r r    D G O H S Q T S D D   (41) 

 1 1 1

1 1 ˆˆ ˆ
2 2

T T T

r r r r r r r r r r r      E H O H T Q T T D E E  (42) 

with 

 1

1
ˆ( )T

r r r r r



 P O B Q B   (43) 

 
1

ˆT

r r r r r G P B Q A   (44) 

 
1 1

ˆ ˆ( )T

r r r r r r   H P B Q C D   (45) 

 
r r r r S A B G  (46) 

 
r r r r T B H C  (47) 

Step 6: Calculate the system state and acceleration vector of 

the CAV platoons forward for r{0, 1, …, R-1}: 

  min max( ) min max( ( ) , ),r rr r a a u G x H  (48) 

 ( 1) ( )r rr r  x S x T  (49) 

C. Constraints  

Moreover, since the solved system state in Eq. (49) cannot 

ensure the speed within the bound and collision-free between 

the consecutive CAVs in the same or different platoons, the 

system state and acceleration need to add constraints during 

the solving process of the algorithm. In this respect, the 

algorithm can re-calculate the trajectories of CAVs for platoon 

formations according to the bounds of the acceleration, speed, 

and safety distance as long as the solved trajectories at any 

control step violate the acceleration, speed, or collision 

constraints. The trajectory adjustments will be made with the 

following steps: 

(i) During the execution process of the algorithm at each 

control step, the acceleration of the CAVs in the platoons can 

be first obtained based on the initial motion state and given 

input information. 

(ii) Check whether the solved acceleration satisfies the 

acceleration constraints. If it is satisfied, then go to step 3; If 

not, the acceleration at the control step is set to be the upper or 

lower bound of acceleration.  

(iii) Check whether the speed calculated by the kinetic 

equation satisfies the speed constraints. If it is satisfied, then 

go to step 4; If not, the speed at the control step is set to be the 

upper or lower bound of speed, and the acceleration can then 

be re-calculated according to the speed constraint.  

(iv) Check the position calculated by the kinetic equation 

whether it ensures collision avoidance with the immediate 

predecessor. If it is satisfied, the acceleration, speed, and 

position at the control step satisfying the acceleration, speed, 
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and collision-free constraints are determined; If not, the 

position at the control step is set to be the difference between 

the position of the predecessor and safety distance. The speed 

and acceleration at the control step can be further re-calculated 

according to the position, speed, and acceleration constraints, 

so that their values are ensured within the feasible range.  

(v) After the iterations of all control steps, the optimal 

acceleration, speed, and position trajectory during the assigned 

time horizon satisfying the acceleration, speed, and safety 

constraints can be ultimately obtained for all CAVs in the 

platoons. 

VI.  NUMERICAL EXPERIMENTS 

In this section, we first conduct numerical experiments to 

validate the computation accuracy and solution quality of the 

proposed model and solution algorithm in contrast to the 

enumeration method. Second, numerical experiments are 

conducted to investigate the impacts of balanced and 

unbalanced motion states between approaching directions on 

the MPS. Third, the comparison experiments are carried out to 

demonstrate the effectiveness of the proposed platoon-based 

control strategy in terms of total travel delay and throughput 

against the benchmark strategy.  

In the proposed hybrid ABC algorithm, there are three 

parameters needed to be set, i.e., the maximum number of 

iterations, the number of food sources, and the value of the 

limit. Considering the trade-off between computation time and 

solution quality in the preliminary experiments, the bee colony 

size is set to be 80 in which the number of employed bees and 

onlooker bees is identical and each one is 40. The maximum 

number of iterations is set as 300 and the value of the limit is 

fixed to 80 unless specified otherwise.  

For the parameter setting in the numerical experiments, the 

maximum speed for the CAVs traversing the conflict point is 

set to be 16m/s according to the previous studies [1], [38]. 

Considering the application of the vehicle automation system, 

the desired spacing distance of passing the conflict point for 

the CAVs running in the platooning mode is 12m (the product 

of the time gap of 0.75s) and the desired spacing is 16m by 

gathering the spacing and the safety buffer distance of 4m [9], 

[39]. The desired spacing distance of passing the conflict point 

kept by the CAVs running individually in the same and 

different approaching directions is 25.6m and 28.8m (the 

corresponding time gap of 1.35s and 1.55s, respectively). The 

initial speed and headway of the CAVs in the vicinity of the 

intersection follow the uniform distributions in each direction, 

i.e., 0

0( ) (0,1)vv t v U  and 0

0( ) (0,1)ss t s U , where v0, 

s0, v , and 
s are larger than 0, and U(0, 1) is the standard 

uniform distribution [1]. For simplicity, the distance between 

the decision location and the conflict point is fixed to be 160m 

for each direction within the intersection, which is referential 

to the existing studies [15], [33]. All the test instances are run 

for 20 times. As indicated by the previous studies (Bai et al., 

2019; Zhang et al., 2020), the sufficient conditions ensuring 

string stability of CAV platoons are closely related to the 

parameters in the cost functions of optimal control models of 

CAVs, i.e., β1, β2, and β3, which are coefficients representing 

the relative preference to headway error,  speed difference, and 

acceleration. Specifically, the CAV platoons can ensure string 

stability only when the coefficients in the cost function of the 

optimal control model are larger than 0. Therefore, the 

parameter setting in our study can be set based on the stability 

conditions. The other parameter settings for the numerical 

experiments are elaborated in Table II. 

Table II Parameter settings for numerical experiments 

Parameter Notation Value 

Time step ∆t 0.1 s 
Safety distance L 4 m 

Minimum acceleration amin 3 m/s2 

Maximum acceleration amax -5 m/s2 
Minimum speed vmin 0 m/s 

Maximum speed vmax 16m/s 

Weighing parameters of the following CAVs  β1, β2, β3 103, 103, 1 
Weighing parameters of the leading CAV α1, α2 105, 103 

Weighing parameter in the objective function γ 102 

A. Performance comparisons of different algorithms  

To assess the performance of the proposed hybrid ABC 

algorithm, we compare the results of the proposed solution 

algorithm with the ones obtained by solving the proposed 

model using the enumeration method and the hybrid ABC 

algorithm with the first-in-first-out (FIFO) rule. The total 

number of CAVs can largely affect the model size and 

accordingly the computational efficiency of the solution 

algorithm. Therefore, we consider three crossing cases 

between two approaching directions at the intersection with the 

different total numbers of CAVs, i.e., 8, 10, and 12, in the two 

directions (4, 5, and 6 CAVs in each direction). The input 

parameters for these experiments are shown below: s0 = 25 m, 

v0 =15 m/s, λv  = 1, and λs  = 1. For the application of the 

enumeration method, a recursive function is coded to generate 

all possible solutions for each of these cases. We further 

develop a hybrid ABC algorithm using the FIFO rule to 

determine the passing orders of CAV platoons, which is 

referred to as the hybrid ABC algorithm (FIFO). Moreover, 

both the proposed hybrid ABC algorithm, hybrid ABC 

algorithm (FIFO), genetic algorithm, and enumeration method 

are implemented to solve the model for each of these cases 

under a limit of 0.5h.  

The performance comparison results of the different 

methods under the three cases are shown in Table III. For the 

three methods, we show the optimal objective function values, 

the MPS values in two directions, and the computation time to 

obtain the solutions. The enumeration method is applied as a 

baseline method to obtain the global optimal solutions for 

checking the solution quality achieved by the proposed hybrid 

ABC algorithm. In addition to the enumeration method, in the 

revised manuscript, we have added the comparison analysis of 

the proposed hybrid ABC algorithm with FIFO and the 

traditional optimization algorithms of GA. The detailed results 

are presented in Table III. It indicates that the proposed hybrid 

ABC algorithm, hybrid ABC algorithm (FIFO), and genetic 

algorithm can find the solutions for all three cases within 0.5 h 

on average. On the contrary, the enumeration method only 

determines the solutions for the first two small-scale cases with 

a total number of 8 and 10 CAVs (4 and 6 CAVs for each 

direction) under the limit of computation time. It cannot give 

us a feasible solution after checking all possible solutions 

within the pre-specified computation time, when the total 
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number of CAVs increases to 12 (6 CAVs for each direction). 

We also report the computation time required to find the 

optimal solution by the enumeration method, which is 2.57 h. 

Furthermore, it can be seen that the proposed hybrid ABC 

algorithm can find the same global optimal solutions with less 

computation time obtained by the enumeration method. The 

proposed algorithm also obtained better solutions than the 

other benchmark algorithms, i.e., hybrid ABC algorithm 

(FIFO) and genetic algorithm, with comparable computation 

time, due to the hybrid ABC algorithm (FIFO) and genetic 

algorithm having larger objective values and not finding the 

optimal MPS values under the three cases. The MPS values 

obtained can deviate from the optimal ones as the number of 

CAVs increases. In conclusion, the experimental results 

demonstrate the superiority of the proposed solution algorithm 

in the computational efficiency and solution quality of the 

proposed model.  

Table III Performance comparisons between different methods under  

three cases 

Case Method 
Objective 

value 
MPS1 MPS2 

Computation 
time 

8 CAVs Enumeration 25.22 3.5 2.5 34.9 s 

 Hybrid ABC (FIFO) 27.09 3.6 2.3 86.8 s 

 Genetic algorithm 25.34 3.3 2.7 88.0 s 
 Hybrid ABC 25.22 3.5 2.5 90.3 s 

10 CAVs Enumeration 36.09 3.4 3.6 374.5 s 

 Hybrid ABC (FIFO) 37.81 3.3 3.6 292.7 s 

 Genetic algorithm 37.25 3.2 3.4 284.1 s 
 Hybrid ABC 36.09 3.4 3.6 300.1 s 

12 CAVs Enumeration 47.80 4.1 4.1 2.57 h 
 Hybrid ABC (FIFO) 49.30 4.6 3.6 0.17 h 

 Genetic algorithm 48.13 4.3 3.9 0.17 h 
 Hybrid ABC 47.80 4.1 4.1 0.18 h 

B. Analysis of maximum platoon size under different motion 

state scenarios 

In this subsection, we investigate the impacts of balanced 

and unbalanced motion states on the MPS for crossing cases 

between two directions. The tested scenarios are constituted by 

two types of initial spacing headway (i.e., 25 m and 40 m) and 

initial speed (i.e., 10 m/s and 15 m/s) of CAVs in the two 

directions and a total number of 20 CAVs (10 CAVs for each 

direction) is considered. The input data for the experiments is 

λv = 1 and λs = 1 for all the scenarios, which is the same in the 

rest of the study unless stated. The MPS results under the 

balanced and unbalanced scenarios are elaborated in Table IV. 

Moreover, Fig. 4 shows the MPS results under all the 

scenarios. As for the balanced scenarios, i.e., S1, S2, S3, and 

S4, where the CAVs in the two directions have balanced 

headway and speed, there are similar MPS results for the two 

directions under the four scenarios as illustrated in Fig. 4(a). 

This is attributed to the fact by the homogeneities in headway 

and speed of CAVs between the two directions. The MPS 

under scenario S1 is similar to one under scenario S2 for the 

25m headway setting, and similar MPS results can be also 

found under scenarios S3 and S4 for the headway of 40m. It 

implies that the initial speed of 15m/s and 10m/s has no 

significant effects on the MPS. On the contrary, we can see 

from Fig. 4(a) that the MPS under scenarios S1 and S2 are 

larger than that under scenarios S3 and S4. It is noticed that the 

headway can mainly contribute to the differences in MPS, and 

an initial large headway is not favorable to constitute a large-

size platoon. The reason is that the large headway is relatively 

difficult to cluster the CAVs into a tight platoon, which leads 

to the formation of a small-size platoon.  

Table IV MPS results under balanced and unbalanced motion state scenarios 
Type Scenario Headway1 Headway2 Speed1 Speed2 MPS1 MPS2 

Balanced S1 25m 25m 15m/s 15m/s 5.2 5.3 

 S2 25m 25m 10m/s 10m/s 4.9 4.8 

 S3 40m 40m 15m/s 15m/s 1.8 2.0 

 S4 40m 40m 10m/s 10m/s 1.8 2.0 

Unbalan

ced 

S5 25m 25m 15m/s 10m/s 3.4 4.6 

S6 40m 40m 15m/s 10m/s 1.6 1.8 

S7 25m 40m 15m/s 15m/s 3.9 2.0 

S8 25m  40m 10m/s 10m/s 4.3 1.9 

The MPS results under the unbalanced scenarios, i.e., S5, 

S6, S7, and S8, are illustrated in Fig. 4(b). It can be seen that 

the MPS in direction 1 with the speed of 15m/s is smaller than 

that in direction 2 with the speed of 10m/s under scenario S5 

for the same headway of 25m. The reason is that the CAVs in 

the high-speed direction 1 can easily catch up with 

predecessors for achieving platoon formation and prefer to 

pass the intersection as soon as possible. Nevertheless, a too 

large-size platoon in indirection 1 is not favorable to the 

passing of CAVs in the low-speed direction 2. Therefore, the 

multiple small-size platoons in the high-speed direction are 

formed with the aid of high speed and small headway. On the 

contrary, the CAVs in direction 2 are prone to form a platoon 

for efficiency improvements to overcome the negative impacts 

of the low speed. As a result, a large MPS in the low-speed 

direction can be generated. Moreover, different MPS results 

can be observed under scenario S6 with the unbalanced speed 

and balanced headway of 40m between the two directions. In 

particular, there is a similar MPS result between the two 

directions, and both are smaller than 2. It suggests that the large 

headway is not beneficial to cluster the CAVs into a large-size 

platoon in any direction. Under scenarios S7 and S8 with the 

unbalanced headway and balanced speed between the two 

directions, the MPS are close to 4 and 2 in the small and large 

headway directions, respectively. It indicates that the CAVs in 

direction 1 can fully utilize the small headway to group more 

CAVs into a platoon regardless of the speeds.  

 

(a)                                                     (b) 

Fig. 4. MPS results: (a) balanced scenarios; (b) unbalanced scenarios 

Moreover, we examine the differences in MPS between 

balanced and unbalanced state scenarios as illustrated in Fig. 

5. Based on the comparisons of the MPS between unbalanced 

scenario S5 and balanced scenarios S1 and S2, we can find that 

the MPS value in low-speed direction 2 maintains close to that 

under scenarios S1 and S2, and the MPS in high-speed 

direction 1 is reduced than that under scenarios S1 and S2 in 

Fig. 5(a). As mentioned above, the reductions in MPS in high-

speed direction are beneficial to mitigate the unbalanced speed 

between the two directions for overall efficiency improvement. 

The MPS values under scenario S6 with balanced headway and 

unbalanced speed are is slightly smaller than that under 
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scenarios S3 and S4 in Fig. 5(b). The above results indicate 

that the speed imbalance between the two directions can 

diminish the platoon formation and thus result in a reduced 

MPS. As for scenario S7 with the unbalanced headway and 

balanced speed, the MPS is 3.9 in the small-headway direction 

1, which is smaller and larger than that under scenarios S1 and 

S3, respectively, and a pretty small MPS of 2.0 in the large-

headway direction 2 is kept similar to that under scenario S3 

in Fig. 5(c). The similar comparison results of MPS between 

scenario S8 and scenarios S2 and S4 can be found in Fig. 5(d). 

This implies that the increments and reductions in headway can 

be beneficial to diminish and facilitate the formation of a large-

size platoon, respectively.   

 

(a)                                                   (b) 

 

(c)                                                   (d) 

Fig. 5. MPS comparison results between balanced and unbalanced scenarios 

C. Performance analysis of the platoon-based cooperative 

control  

This subsection presents the traffic performance of the 

proposed platoon-based cooperative signal-free control 

strategy under the restriction of obtained MPS in multiple 

performance aspects. Numerical experiments are conducted 

for crossing cases of 20 CAVs between two directions (10 

CAVs for each direction) under balanced and unbalanced 

motion state scenarios. Three measurements of effectiveness, 

i.e., total travel delay and throughput, are adopted to present 

the traffic performance. The throughput is calculated based on 

the total number of CAVs divided by the difference between 

the travel time of the last CAV passing the conflict point and 

the initial time instant.  

1) Balanced motion state scenarios 

The influence of the headway and speed in the two 

directions on the traffic performance at intersections are 

investigated for the platoon-based and vehicle-based control 

strategies. The performance results for the two control 

strategies under balanced scenarios are presented in Table V. 

It can be seen that the proposed platoon-based strategy can 

improve the throughput by 12% under balanced scenarios 

compared with the benchmark method. It suggests the 

effectiveness of the platoon-based strategy in improving traffic 

performance. The reason is that the CAVs can group into 

platoons to pass the intersections under most scenarios, which 

leads to improvements in traffic performance. Moreover, it can 

be seen that the results of the total travel delay and throughput 

become worse as the speed decreases from 15m/s under 

scenario S1 to 10m/s under scenario S2 for the proposed 

strategy. Similarly, the performance under scenario S4 is not 

as good as that under scenario S3 as the speed reduces. This is 

because the CAVs at a high speed can adjust their motion state 

to reach the pre-specified terminal state as soon as possible. 

Moreover, although the throughput performance are not 

improved under scenario S3 compared with scenario S1,  

 

Table V Performance comparison of vehicle-based and platoon-based strategies under balanced scenarios 

Method Scenario Headway1 Headway2 Speed1 Speed2 Delay(s) Error Throughput (veh/h) 

Vehicle-based S1 25m 25m 15m/s 15m/s 191.07 0.039 1701 

S2 25m 25m 10m/s 10m/s 213.76 0.031 1658 

S3 40m 40m 15m/s 15m/s 117.72 0.028 1672 
S4 40m 40m 10m/s 10m/s 139.02 0.029 1630 

Platoon-based S1 25m 25m 15m/s 15m/s 150.06 0.049 1933 

S2 25m 25m 10m/s 10m/s 161.92 0.097 1890 
S3 40m 40m 15m/s 15m/s 118.40 0.028 1655 

S4 40m 40m 10m/s 10m/s 140.06 0.017 1623 

Table VI Performance comparison of vehicle-based and platoon-based strategies under unbalanced scenarios 

Method Scenario Headway1 Headway2 Speed1 Speed2 Delay(s) Error Throughput (veh/h) 

Vehicle-based S5 25m 25m 15m/s 10m/s 195.72 0.033 1697 

S6 40m 40m 15m/s 10m/s 121.50 0.024 1670 

S7 25m 40m 15m/s 15m/s 152.23 0.034 1698 
S8 25m 40m 10m/s 10m/s 174.38 0.026 1647 

Platoon-based S5 25m 25m 15m/s 10m/s 145.80 0.040 1927 

S6 40m 40m 15m/s 10m/s 122.33 0.021 1659 
S7 25m 40m 15m/s 15m/s 121.83 0.029 1794 

S8 25m 40m 10m/s 10m/s 149.80 0.023 1734 

the total travel delay can be reduced when the headway 

increases from 25m under scenario S1 to 40m under scenario 

S3. It indicates that more CAVs with a small headway are 

easier to form a platoon, which is beneficial to improving the 

traffic performance in throughput. However, lots of travel time 

needs to be spent on frequent motion adjustments for platoon 

formation, which results in an increment in total travel delay. 

We can observe that there are similar comparison results in 
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total travel delay and throughput between scenarios S2 and S4. 

In addition, it is also noticed that the total errors of terminal 

performance measures are smaller than 0.05 under all the 

balanced scenarios. The results indicate that the optimal 

trajectories of CAVs for platoon formation are feasible for 

practical application with the platoon-based control strategy. 

Fig. 6 illustrates the example CAV trajectories for the 

platoon-based control strategy under the balanced scenarios. 

With the platoon-based control strategy, the CAVs can form 

the platoons to transverse the conflict point under balanced 

scenarios with small headway as illustrated in Figs. 6(a) and 

6(b). It can be seen that the CAVs between the two directions 

can pass the conflict point individually and alternately under 

the balanced scenarios with large headway in Figs. 6(c) and 

6(d), and the CAVs in the same direction pass the conflict point 

more diversely under the large headway and small speed 

setting in Fig. 6(d). Moreover, we can observe that the smooth 

CAV trajectories are obtained based on the optimal control 

scheme for the proposed strategy.  

(a)     

(b)   

(c)    

(d)  

                                                        

Fig. 6. Illustration of CAV trajectories between two directions under the 
balanced scenarios: Figs. 6(a), (b), (c), and (d) for scenarios S1, S2, S3, and 

S4, respectively 

2) Unbalanced motion state scenarios 

The performances of vehicle-based and platoon-based 

control strategies under unbalanced scenarios are presented in 

Table VI. We can see that the proposed platoon-based strategy 

can improve the throughput by 4% to 11% under unbalanced 

scenarios compared with the benchmark method. It can be seen 

that the throughput values under scenario S5 are better than 

those under scenario S6 for the platoon-based strategy. The 

throughput performance can be also improved under scenario 

S7 compared with scenario S8. The improvements in 

throughput are attributed to the small headway or large speed 

setting that can facilitate the platoon formations. However, 

there exists a larger total travel delay under scenarios S5 and 

S8 than under scenarios S6 and S7, respectively. This is 

because the CAV whose initial motion states are closer to the 

pre-specified terminal states require more adjustments to 

accommodate the complex formation of CAV platoons under 

scenario S5. Under scenario S6, the CAVs are prone to drive 

individually and do not need to slow down frequently to form 

a platoon, leading to a small total travel delay. Moreover, the 

total travel delay is increased under scenario S8 compared with 

scenario S7 due to the small initial speeds.  

Fig. 7 illustrates the example CAV trajectories for the 

platoon-based control strategy under unbalanced scenarios. 

Similarly, the CAVs in each direction can form the platoons to 

transverse the conflict point under the unbalanced scenarios 

with the small headway setting in the approaching direction as 

illustrated in Figs. 7(a), 7(c), and 7(d). The CAVs in the large 

headway direction can pass the conflict point separately. On 

the contrary, as shown in Figs. 7(a), (b), (c), and (d), the 

smooth trajectories of the CAV platoons obtained by the 

proposed platoon-based control strategy can be also presented 

under the unbalanced scenarios.   
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(a)    

 (b)  

(c)  

(d)  

Fig. 7. Illustration of CAV trajectories between two directions under the 

unbalanced scenarios: Figs. 7(a), (b), (c), and (d) for scenarios S5, S6, S7, 

and S8, respectively 

VII. SUMMARY AND DISCUSSION 

Based on the experimental results, we can see that the MPS 

can reach 5.0 at most in one direction among all scenarios. The 

MPS of the two directions are similar under balanced motion 

state scenarios and reduce under unbalanced speed scenarios 

than balanced motion state scenarios. Moreover, the MPS of 

the two directions can increase or reduce under unbalanced 

headway scenarios than balanced motion state scenarios, 

depending on the headway and speed combination between the 

two directions. In addition, the comparison results between the 

platoon-based and vehicle-based control strategies indicate 

that the platoon-based control strategy can improve the 

throughput by 12% under balanced scenarios and by 4% to 

11% under unbalanced scenarios, which demonstrates the 

merits in improving traffic efficiency of the platoon-based 

control strategy. For the platoon-based control strategy, the 

small initial headways can be beneficial to improving the 

throughputs while increasing the total travel delays. The small 

initial speeds are not beneficial to improving the throughputs 

and total travel delays.  

In this section, we would also like to present the potential 

of the proposed platoon-based control strategy for signal-free 

intersection management, in addition to determining the 

tactical platoon size threshold for signal-free intersection 

management while considering the influences of operational 

decisions. For the feasibility of the straightforward application, 

the management policy of maximum platoon size can be 

developed based on the obtained results of the platoon size 

thresholds, which provides a useful decision basis to transport 

authorities and automotive operators for signal-free 

intersection management. Moreover, based on the obtained 

size threshold results, we can restrict the search range of the 

platoon size for other models in real-time applications. 

Infeasible solutions that violate the maximum platoon size 

constraint can be excluded at the early stage, which can 

improve computational efficiency.  

Moreover, for the real-time application of the proposed 

approach, we can transform the proposed optimization model 

(essentially a bi-level model) into a simplified optimization 

model by the rule applications, as suggested by previous 

studies [16], [20], [30]. For example, we can determine the 

formation patterns with a rule-based method considering the 

obtained size threshold results. That is, the CAVs are clustered 

into the same platoon if the headways are smaller than a 

grouping threshold under the restriction of the obtained 

maximum platoon size. The first-in-first-out 

(FIFO)/optimization algorithm has been extensively used to 

determine the passing sequences of CAV platoons. In this way, 

the computational efficiency will be significantly improved for 

model solving and the solutions can be found within a few 

seconds, which is feasible for the real-time application of the 

proposed platoon-based signal-free control approach. 

Nevertheless, the specified design for the real-time application 

of the proposed approach is not the focus of this study.   

VIII. CONCLUSION AND FUTURE WORKS 

In this study, we investigate the MPS for the PCSIC problem 

taking into account the platoon formation process of the CAVs 

in the vicinity of intersections. To this end, a novel mixed-

integer nonlinear programming (MINLP) model is formulated 

by explicitly incorporating the platoon size limit and the CAV 

trajectories for platoon formation constraints. It can determine 

the optimal MPS, formation pattern, passing sequence, 

assigned time of the CAV platoons, and the trajectories of the 

CAVs to form the platoons by minimizing the total travel 

delays of all the CAVs. Due to the complicated structure of the 

proposed model, we propose a hybrid ABC algorithm 

integrating the ABC approach and dynamic programming 
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algorithm for an optimal control scheme to obtain good-quality 

solutions to the underlying problem. Numerical experiments 

are first conducted to validate the efficacy of the proposed 

model and solution algorithm. The impacts of balanced and 

unbalanced headway and speed on MPS are then investigated.  

At last, we make a performance analysis of the proposed 

platoon-based control strategy under balanced and unbalanced 

scenarios in aspects of travel delay and throughput.  

Further research can be undertaken in the following several 

aspects. First, efficient solution algorithms remain to be 

developed to improve the solving efficiency for future 

implementation. Second, in the current study, the MPS 

configurations between two directions are investigated. The 

investigations of the MPS configurations in multiple directions 

at intersections will be considered. Moreover, the current study 

focuses on platoon formation for the CAVs and does not 

consider the scenarios where the CAV platoons already formed 

in the vicinity of the intersections, which probably results in 

the CAV platoon splitting. Thus, incorporating platoon 

splitting into the platoon-based cooperative signal-free 

intersection control is also worth to be studied. It is noticed that 

the proposed holistic framework also adapts to address the 

platoon splitting problems. Finally, it would be practically 

significant to extend the current works to achieve platoon-

based cooperative control at intersections under mixed traffic 

flow conditions and consider pedestrians and non-motorized 

vehicles into intersection management of mixed traffic flow 

including multiple traffic participants. In future research, we 

will try to conduct validations by the experiments to further 

demonstrate the effectiveness of the model and solution 

algorithms.  
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APPENDIX 

Table A. Notation list 

Sets and Indices 

Z Set of approaching direction at the intersection 

I
k

z   Set of CAVs in the kth platoon formed of direction z 

Ψ  Output set of the model k

zOC    

Ψ  Return set of the model k

zOC    

z, z’ Index for approaching direction  

i, i  Index for CAVs 

k, k   Index for the order of CAV platoons 

t Index for time instant 

r Index for control step 

x
k

z  State column vector of the kth platoon in direction z  

u
k

z  
Acceleration column vector of the kth platoon in 

direction z  

( )ip t  Position of CAV i at time t  

( )iv t  Speed of CAV i at time t 

( )iu t  
Control input (i.e., acceleration prescribed by the 

controller) of CAV i at time t 

J Total cost for the optimal control scheme  

 Running cost for the optimal control scheme 

  Terminal cost for the optimal control scheme 

T Total travel delays of all the CAVs 

E 
Total errors between the output and pre-specified 

terminal performance measures of the CAV platoons 

0t  

Time instant when the most leading vehicle in the zone 

(e.g., CAV1 in Fig. 1(a)) reaches the decision location of 

its direction  

it  
Minimum travel time of vehicle i in direction z to reach 

the conflict point 

k

zp  
Terminal position of a platoon represented by the 

terminal position of the first CAV in the platoon  

k

zd  

Terminal headway of a platoon obtained by averaging 

the terminal headways of the following CAVs in the 

platoon 

k

zv    
Terminal speed of a platoon by averaging the average 

terminal speeds of the CAVs in the platoon 

t
k

z  

CAV additional time column vector of the kth platoon of 

the direction z to travel the additional distance (see the 

orange line in Fig. 1(b)) at the assigned time 
k

zt  with a 

constant speed  

Parameters 

amin Minimum acceleration 

amax Maximum acceleration 

vmin Minimum speed 

vmax Maximum speed 

L Safety buffer distance 

β1, β2, β3 Weighing parameters of the CAVs 

α1, α2 Weighing parameters of the leading CAV 

γ Penalty weighing parameters  

M Large positive constant 

p̂  Intersection conflict point of approaching directions  

d̂  Pre-specified terminal headway 

v̂  Pre-specified terminal speed 

∆t Time step 

cD  Length of control zone 

Decision Variables 

k

ziw  
Binary variables: 1, if vehicle i joins the kth platoon in 

the direction z; 0, otherwise 

k

zy  
Binary variables: 1, if the kth platoon in direction z is a 

not null CAV platoon; 0, otherwise 

zc  
Maximum allowable vehicle number in a CAV platoon 

of the direction z 

kks   
Binary variables: 1, if the kth platoon in the direction z 

has the right of priority over the k  th platoon in the 

direction z ; 0, otherwise 

k

zt  
Assigned time of the kth platoon in the direction z 

reaching the conflict point 

x
k

z  State trajectory vector of the kth platoon in direction z 

u
k

z  Acceleration vector of the kth platoon in direction z 
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