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Joint Optimization of Multi-Vehicles and Traffic Signal: A
Parallel Approach in Spatial Domain

Jichen Zhu, Haoran Wang, Member, IEEE, Heye Huang, Xiaoguang Yang, Chaopeng Tan, Jia Hu, Senior Member, IEEE

Abstract—With the emerging Internet of Things (IoT) and
Vehicle-Road-Cloud Integration System (VRCIS) technologies,
coordinating Connected and Automated Vehicles (CAVs) and
traffic signal is becoming a practical solution to further enhance
traffic efficiency. However, current studies still have limitations.
Firstly, there is a domain mismatch between CAV trajectory
planning (temporal domain) and signal optimization (spatial
domain). This mismatch requires separate modeling of trajectory
planning and signal optimization, which greatly reduces global
optimality. Secondly, previous studies are not applicable to actual
mixed traffic environment, since they mostly simplify Human-
driven Vehicle’s (HV) behavior without considering queuing and
stop-and-go maneuvers. Therefore, we propose a novel Multi-
Vehicles and Signal Cooperation (MVSC) planner to solve the
limitations via following designs. (i) Joint optimization is
achieved via formulating in the spatial domain, unifying CAV’s
planning domain with traffic signal optimizing domain. (ii) A
parallel algorithm is designed for the adaptation to numbers of
CAVs. This algorithm is based on Alternating Direction Method
of Multipliers (ADMM), making full use of IoT and VRCIS. (iii)
HV queuing and stop-and-go behaviors are considered in our
modeling. Simulation results show that the proposed MVSC
planner can enhance efficiency and ecology by 23.60% and
15.63%. At CAV’s penetration rate of 40% and V/C ratio of 0.75,
the proposed planner shows its full potential in performance
enhancement. The average computation time of parallel
computing approach is only within 10 milliseconds, which
confirms the real-time implementation capability.

Index Terms—Vehicle-signal cooperative optimization, Spatial
domain vehicle dynamics, Parallel distributed computation,
Mixed traffic environment.

I. INTRODUCTION

HE signalized intersection represents a key
bottleneck of urban transportation, leading to a 5% to
10% more time delay [1] and a 14% increase in fuel
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consumption [2]. In recent years, the emerging Internet of
Things (IoT) and Vehicle-Road-Cloud Integration System
(VRCIS) technologies enable the cooperation in vehicle-to-
vehicle and vehicle-to-signal [3], [4]. With the increasing
penetration of Connected and Automated Vehicles (CAVs),
the IoT environment has great potential to alleviate urban
congestion, enhance traffic safety, and reduce emissions
through the cooperative decision-making of multi-vehicles
trajectory planning and traffic signal plan optimization [5],
[6]. It coordinates CAV trajectory and signal timing plan to
generate smooth vehicle progression and enhance signal
control efficiency. However, the cooperative decision-making
problem of vehicles and the traffic signal still faces three
challenges.

Firstly, conventional cooperative decision-making methods
are difficult to simultaneously optimize vehicle trajectory and
traffic signal timing, which greatly reduce global optimality.
The rationale is that there is a modeling mismatch between
vehicle trajectory planning and signal timing. In the traffic
signal optimization, the time of phase switching is the decision
variable [7]. In contrast, in vehicle trajectory planning
problems, decision variables typically are the acceleration,
speed or spatial position respect to the time [8], [9]. Therefore,
the time is an independent variable and cannot be optimized in
conventional trajectory model based on the temporal domain
[10]. It means signal timing variables cannot be optimized in
the vehicle trajectory planning problem directly. Therefore,
conventional studies always separate trajectory planning and
signal optimization. They mostly formulate the problem into a
bi-level optimization (or two-stage) problem [11]. Signal
optimization is the upper-level (or first stage) problem, where
time is a decision variable. The objective is to optimize the
signal plan to maximize overall intersection efficiency based
on estimated vehicle trajectory [12], [13]. Vehicle trajectory
planning is the lower-level (or second stage) problem, which
is formulated in the temporal domain. It aims to adjust CAV
trajectory to realize cooperative driving under the optimized
signal plan. This bi-level scheme cannot handle the limitation
that vehicles’ trajectory planning would in return make the
input signal timing not optimal and even infeasible [14]. To
address this modeling mismatch, recent studies adopted the
spatial domain-based trajectory planning method, where
vehicle arrival time at each position is an optimization variable
[15], [16]. In the spatial domain vehicle model, time is treated
as a decision variable rather than an independent domain,
allowing it to be jointly optimized with traffic signal control.
For example, Tian et al. [17] formulated the vehicle arrival
time at each spatial position as a decision variable, providing
an effective tool to handle spatially dependent constraints in
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vehicle trajectory planning. Li et al. [18] developed a
trajectory model to generate the passing time window at each
spatial position for CAVs, enabling ecological driving at the
actuated signalized intersection. The spatial domain vehicle
trajectory model provides a promising method for the joint
optimization of vehicle trajectories and traffic signal timing.

Secondly, conventional studies’ computing efficiency is
concerned when there is a growing number of CAVs. Due to
the interaction between vehicles, previous cooperative
decision-making algorithms follow a centralized scheme to
generate all vehicles’ trajectories at the same time [19], [20],
[21]. When the number of CAVs increases, interactions
between multiple CAVs are significantly amplified. The
optimization complexity exponentially increases [22]. Hence,
the centralized planning scheme may not be applicable
anymore for multi-CAVs’ cooperation with the traffic signal.
Some state-of-the-art studies inspire us to develop a
distributed method for the cooperation of large-scale CAVs.
The first approach is multi-agent learning, which does not rely
on control models and instead extracts insights from
accumulated experiences [23], [24]. However, this method
relies heavily on training data and may perform unreliably in
highly dynamic traffic environments. Another practice is using
parallel optimization algorithms. For instance, operator
splitting methods [25], Alternating Direction Method of
Multipliers (ADMM) [26], parallel particle swarm [27] have
been proposed. Most existing studies on parallel algorithms
focus on the trajectory planning problem. This paper
investigates the application of parallel algorithms to enable
efficient cooperative decision-making between large-scale
CAVs and the traffic signal.

Thirdly, existing studies tend to simplify HV behavior,
making them unable to effectively adapt to the mixed traffic
environment. Past studies mostly focus on a 100%-CAV
traffic environment [28], [29]. However, Human-driven
Vehicle (HV) would still exist and last for a long time [30]. In
the CAV and HV mixed traffic environment, the behavior of
HV is a critical factor that shall be considered. Some studies
assume that CAV can arrive at the stop line exactly at the
beginning of the green time and lead the HV to pass the
intersection [31]. However, such assumptions may not hold in
practice, as CAVs can be intermittently obstructed by HVs
and cannot arrive at the stop line exactly at the expected time.
To address this challenge, a few studies incorporate the
behavior of the preceding HV ahead of the CAV, and try to
avoid CAV collisions with preceding HV by ensuring a safe
following distance [32]. However, the planned trajectories of
CAVs and signal plan may in turn affect the behavior of HVs,
making it difficult to accurately predict their trajectories. In
particular, existing studies often overlook the impact of
vehicle queuing and stop-and-go dynamics at intersections,
assuming all HVs can pass through the intersection within a
single green phase [33]. Such assumptions may result in
infeasible CAV trajectories when unexpected HV stops or
queue spillbacks occur, and can also lead to suboptimal signal
plans that increase HV delay.

To address these limitations, we propose a Multi-Vehicles

and Signal Cooperation (MVSC) planner in this study. It is
highlighted by proposing a vehicle dynamic model based on
the spatial domain to enable integrated optimization of
trajectory planning and signal optimization. We also propose a
parallel distributed computing approach based on Alternating
Direction Method of Multipliers (ADMM) method to
accelerate model computation. The main contributions of this
study are as follows:

® Ensuring global optimality by jointly optimizing all
CAVS’ trajectories and signal timing: This is achieved by
our proposed model formulation in the spatial domain, where
the CAV’s arrival time at each position is now an optimization
variable. Unlike conventional vehicle dynamic models in the
temporal domain, the time is no longer an independent
variable and can be optimized within the signal control
problem. We formulate vehicle dynamics in the spatial domain
and develop the joint optimization problem. It is capable of
finding global optimal solutions that give consideration to
both CAYV individual’s mobility and global traffic efficiency.

® Effectively solving the problem using a parallel
algorithm within the context of IoT: We propose a parallel
distributed computing approach based on the ADMM method.
This approach transforms a centralized optimization problem
into multi-subproblems. It combines the interaction between
vehicles and road infrastructures in the IoT environment. All
subproblems could be solved via a distributed approach on
each computing module. Moreover, a concomitant iteration
scheme is proposed to solve the problem along with the rolling
horizon execution. These designs would accelerate the
computation time and enable real-world implementation,
making full use of IoT and VRCIS.

® Adaptive to CAV and HV mixed traffic: Our proposed
MVSC planner explicitly considers HV behavior to avoid
potential conflicts between CAVs and HVs. To better capture
HV dynamics, we incorporate vehicle queuing and stop-and-
go behavior into the HV modeling process. It is beneficial to
generate feasible CAV trajectories and efficient signal plan.

The remainder of this paper is organized as follows. Section
IT describes the system structure of the proposed planner.
Section III introduces the problem formulation of cooperative
decision-making. To efficiently solve the problem, we propose
a parallel distributed computing approach with the
concomitant iteration scheme in Section IV. Section V
evaluates the proposed planner by simulation experiments.
Section VI concludes this research and proposes future
research directions.

II. SYSTEM STRUCTURE

The proposed MVSC planner is highlighted for cooperative
decision-making of multi-CAVs and the traffic signal. It
jointly optimizes multi-CAVs’ trajectories and the traffic
signal timing by formulating the cooperative decision-making
problem in the spatial domain. Real-time computational
efficiency is ensured by a parallel distributed computing
approach. We use V, V,, V5 to denote the set of all vehicles, set
of CAVs, and set of HVs. In the mixed traffic environment,
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we have V=V, UVy. We use € to denote all pairwise
adjacent vehicles, and each vehicle needs to ensure a safe
headway with its preceding vehicle.

The proposed MVSC planner is adopted for the scenario as
illustrated in Fig. 1. (a). In this scenario, CAVs and HVs are
mixed and aim at efficiently passing through the intersection.
It is assumed that all vehicles are already in their desired lanes
and do not need lane changing, which is a common practice in
many existing studies [9], [27]. The intersection is regulated
by a Traffic Signal Controller (TSC). Real-time traffic data
could be collected by Roadside Traffic Detector (RTD) and
will be sent to Road Computing Unit (RCU). CAV’s trajectory
is planned by Onboard Unit (OBU). Communication is
enabled among CAVs, RCUs, and TSC. It combines the
interaction between vehicles and road infrastructures in the
IoT environment [34], [35]. In this study, we assume an ideal
communication environment where the information exchange
among CAVs, RCUs, and TSC is timely and accurate.

Fig. 1. (b) shows the computation network of the MVSC
planner. It consists of four types of computing modules: CAV
planner, signal controller, roadside adapter, and coordinator.
CAV planner, signal controller, and roadside adapter are
responsible  for  parallelly optimizing  subproblems.
Coordinator is designed to realize the consensus among
different computing modules. Details of the four modules are
presented as follows.

® CAV planner (V;): CAV planner is equipped on the
OBU. It is used for optimizing trajectory of individual CAV
i € V4. The planning objective is to enhance driving mobility
and passing through the intersection without stopping.

® Signal controller (S): Signal controller is equipped on
the TSC. It aims at optimizing signal plan to minimize global
traffic delay. The optimized signal timing plan also serves as a
constraint for CAV’s trajectory planning.

® Roadside adapter (R.): Roadside adapter is equipped on
the RCU. It adjusts CAV’s trajectory to avoid collisions with
surrounding vehicles. Each adjacent vehicle pair is denoted by
e € € and will be allocated to a computing recourse in RCU.

® Coordinator (G; and Gg): The coordinator is equipped
@™ v < RTD § TSC '
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on the RCU. It aims at reaching the consensus among all the
aforementioned three modules. The signal coordinator Gy is
responsible for updating and broadcasting consensus variables
of the signal timing among V; and S. The vehicle coordinator
G; is responsible for updating and broadcasting consensus
variables of CAVs’ control inputs among V;, S, and R,.

III. PROBLEM FORMULATION

The cooperative decision-making problem is formulated
into a joint optimization of both CAV trajectory planning and
traffic signal control in the MVSC planner. The joint
optimization is achieved by novelly formulating in the spatial
domain. The main variables are listed in Section Appendix.

A. Definition of the Spatial Domain

Spatial domain is defined as shown in Fig. 2. (a). The
spatial domain utilizes longitudinal distance as the
independent domain. In the spatial domain, the road link is
divided into several segments of length Ax, with each segment
k representing a discrete cross-section. We use the K to denote
the position index of the stop line. The trajectory of vehicle i
is a function of space step (i.e., discrete cross-section) k.
Vehicle i’s arriving time ¢;;, at space step k could be
optimized. Hence, a CAV i’s arrival time at the stop line t;
could be optimized in trajectory planning. For example,
t; x should be constrained by signal timing, such as passing the
intersection after the beginning of green duration t},’ and
before the ending of green duration t; (i.e., t,',ﬁ‘ Stk < tp).
Therefore, the vehicle trajectory planning can be integrated
into the signal optimization problem.

However, in the conventional temporal domain as shown in
Fig. 2. (b), time ¢ is the independent variable. In the temporal
domain-based trajectory planning, time cannot be optimized.
Hence, the start of green light cannot be introduced into the
trajectory planning directly. Joint optimization of CAV
trajectory planning and signal timing cannot be directly
achieved.
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(a) The traffic scenario

Fig. 1.

(b) MVSC computation network

System structure of the proposed MVSC controller within the context of IoT.
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Compared with the temporal domain vehicle dynamic
formulation, the spatial domain-based model uses longitudinal
distance as the independent variable, making the arrival time
at each position a decision variable that can be jointly
optimized with signal timing. This allows signal constraints to
be directly incorporated into trajectory planning, whereas
temporal domain-based models treat time as fixed and require
constraint approximation or bi-level structures [14].

&®» Ego vehicle i Preceding vehicle i’

Time A DlslanccA

ks
Space headway
ky Q

adway

o ky k> Distance o t t, Time

(a) Spatial domain (b) Temporal domain

Fig. 2. A comparison between spatial and temporal domain.

Furthermore, the spatial domain is good at enhancing traffic
stability. As shown in Fig. 2. (a), ego-vehicle i is following its
preceding vehicle i’ . In the spatial domain, the future
trajectory of the preceding vehicle i’ could be utilized as a
path-preview. The ego-vehicle i could react to the preceding
vehicle i’ in advance. However, as shown in Fig. 2. (b), the
ego-vehicle i has to react to the preceding vehicle i’
hysteretically. This strength of spatial domain could be
justified in recent studies on vehicle platooning [36].

B. State and Control Definition

Definition 1 (Vehicle state vector &;): The state of vehicle i
includes the vehicle arrival time and speed in the spatial
domain:

t;

£ = (1)
where t; = [t;4, ..., tix, ... ] is the arrival time vector of vehicle
i at each space step k; m; = [m; 4, ..., W; g, ... | is the vector of
the reciprocal of speed of vehicle i at each space step k,
defined in Equation (2). k is the index of space step,
representing the index of discrete cross-section.

1
Ty = S ()
where v; ;. is the speed of vehicle i at the space step k; ¢ is an
extremely small positive value. In the scenario of interest, we
have v; = 0.

Definition 2 (Vehicle control vector u; ): The control
variable of vehicle i is defined as follows:

u; = [a;] 3)
where a; = [a;;,...,Q;,...] is the acceleration vector of
vehicle i at each space step k.

Definition 3 (Signal state vector & ): For the signal
controller, the state is defined as the total delay of vehicles
(including both CAVs and HVs). The delay of vehicle i is
calculated as the extra time needed compared with the
expected travel time at free flow speed without stops.

$s = [{ti'K ~ ik viev] “)
where t;” is the expected arrival time at free flow speed of
vehicle i at the stop line position K. The t;, is the actual
arrival time of wvehicle i at the stop line position K . V
represents the set of all vehicles.

Definition 4 (Signal control vector ug): The signal control
vector consists of the green duration beginning time of each
phase p (t},’), the green duration ending time of each phase p
(tp), and the cycle length (C).

T
uS = [{tbi t;}VpEP’ C] (5)
where t},’ and t, are the beginning and ending time of green

duration of phase p, respectively; and P is the set of all phases
of the signal plan.

C. Vehicle Dynamics Modeling in the Spatial Domain: D4

In the conventional temporal domain, the longitudinal
vehicle kinematics model is generally formulated as follows:

dx
i 6
gt v (6)
v
P 7
ke @)

Since v = 0 in the scenario of interest, Equation (6) could
be transformed into Equation (8).

dt 1
e ®)
X v+o
Introducing equation (8) into Equation (7), we have:
dogg_ 1 dv_ 1 dvdt 1 (g
dx (w+o0)?dx (v+0)?dt dx (w+o0)3

We define the slowness as m = ﬁ Then Equations (8) and

(9) can be reformulated as:

dt
_ 10
ddx T (10)
T _3 11
I m3a (11)

Equations (10) and (11) are discretized based on Euler
method. Equations (12) and (13) are the final form of the
vehicle dynamics model in the spatial domain [15], [18]

ti,k+1 = ti,k + ni‘kAx,k = ki!ki + 1, ,K -1 (12)

Tigs1 = Mg — T, k = ki, ki +1,..,K—1  (13)
where Ax is the length of a space step; k; is the initial space
step of vehicle i; and K is the position index of the stop line.

The non-linear vehicle dynamic Equation (13) will make
the problem non-convex and hard to solve. To ensure the
model is convex, we linearized Equation (13). The basic idea
of the linearization is using first-order Taylor approximation.
In the rolling horizon control framework, we can move one
space step forward of the previous optimized control input to
generate a seed trajectory (ngk, agk) [37]. The seed trajectory
from the last step can be considered as the initial solution to
the current problem. The first order Taylor approximation of
Equation (13) at (T[?_k, a?_k) is:

Tik+1 = Wi — (ﬂﬁk)3aEkAx - 3(”3k)2a3kAx ) (”i.k - ”zp,k)

- (”LQ,k)sAx “(age — afy),
k=kok +1,..,K—1

(14)
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D. Objective Function

The objective of the proposed MVSC controller is to
enhance global traffic efficiency and individual CAVs’
mobility. Hence, the objective function is formulated as
Equation (15). It includes two parts, the cost of CAVs’
mobility J; (Equation (16)) and the cost on global traffic
efficiency J (Equation (17)).

min] =a; Z ]i + aZ]s (15)

i€EVA

K
— exp [|2 2
Ji= Y (Billone = v 1 + Ballacell”)
k=k; running cost (16)
+Bs(tix — ti) Vi €EVy
—_——— .
terminal cost

Js = Z(t“ ~ ik (17)

iev

where a; and a, are cost weighting factors of the main
objective J; 1, ., and 3 are cost weighting factors of
CAVs’ mobility objective J;; vf :p is the expected speed of
CAV i at space step k with free flow speed; tl-e_;i,p is the
expected arrival time of CAV i at stop line K.

CAV’s trajectory planning objective J; is to minimize
running cost and terminal cost. The running cost includes state
error cost and control effort cost. Terminal cost is designed to
reduce CAV’s delay to ensure driving mobility. Signal
controller’s objective is to minimize all vehicles’ total delay to
enhance overall traffic efficiency.

E. Constraints

Constraints of the MVSC controller consist of signal timing
constraint (Cg), collision avoidance constraint with preceding
CAV (C¢cay) and HV (Ccyy), CAV’s execution capability
constraint (Cg), and CAV’s non-stop driving constraint (Cy).
The formulation of these constraints is presented in the
following.

1) Signal timing constraint Cg: In this study, the signal
phase sequence is fixed and shown in Fig. 3. The beginning
and ending time of each phase and cycle length could be
optimized for enhancing traffic efficiency. The signal timing
plan can be easily extended to accommodate flexible phase
sequence and combination.

Gmin < t5 = t) < Gmax, VD E P (18)
thyy =ti+LVpEP (19)
D-t)+L=c 0)
PEP

Crmin < C < Crax (1)

where gmin and gmax denote the minimum and maximum
green duration; [ is the loss time and inter-green time between
phase switch process; L is the total loss time and inter-green
time in a cycle; Cpi, and Cp,x denote the minimum and
maximum cycle length.

In this study, the signal plan follows a conventional cycle
structure. This choice aligns with the operational rules of most

existing signal control systems, facilitating direct comparison
with conventional control methods. In addition, the signal
optimization can be easily extended to the flexible signal
scheme without a fixed phase structure and sequence [7].

.1'-.» lt LI

p1 |) P3 Pa

Fig. 3. [Illustration of the signal timing strategy.

2) Collision avoidance constraint with preceding CAV
Cccav : The trajectory planning of CAV i should avoid
collisions with its preceding vehicle i’. The preceding vehicle
i’ could be either a CAV or HV. When it is a CAV, t;s, is a
state variable of the system. Both the two CAVs’ trajectories
should be constrained by the safe following time headway:

tik — i = tsare, V(i,1") EE, L EVp, i € Vy, k (22)
= kiiki + 1,...,K
where € is the set of all pairwise adjacent vehicles in the
intersection. The adjacent pairwise vehicles are denoted as
(i,i"), where i is the following vehicle and i’ is the preceding
vehicle. tg450 1S the safe time headway threshold.

3) Collision avoidance constraint with preceding HV:
Ccpuv: If the preceding vehicle of CAV iis an HV i’, the
roadside adapter first predicts the HV's trajectory using the
Intelligent Driver Model (IDM) in the conventional temporal
domain [38]. This predicted trajectory is then transformed into
the spatial domain and used for collision avoidance
constraints.

The future trajectories of HVs are predicted based on the
IDM as follows:

ve O\ (s (v (®), Avg ()
ai’(t) = Gmax [1 - ( ™ ) - ( si ) , (23)

Vi' € Vy
where a;/(t) is the acceleration of HV i’ at time step t; apay
is the maximum acceleration/deceleration; v;/(t) is the speed
of HV i’ at time step t; v, is the desired speed; & is the
parameter of acceleration exponent; s;s is the spacing between
the HV i’ and its preceding vehicle; s*(v;(t), Av;/(t)) is the
desired minimum gap as follows:

vi/(t)Avi/(t)

2\/ amaxacomf>’ (24)
Vi € VH

where s, is the minimum gap of two adjacent vehicles; T is
the time desired time headway; Av;/ (t) is the speed difference
between the HV i’ and its preceding vehicle; acopys is the
comfortable deceleration.

Although the IDM is defined in the temporal domain, the
predicted HV trajectories (i.e., speed and acceleration over
time) are subsequently converted into the spatial domain using
vehicle kinematic relationships. Specifically, we apply
Equations (10) and (11) to derive the t;s(x) and m;s(x) at each
spatial step k. This transformation allows the predicted HV

s*(vyr (1), Avy () = s + max <0, v (DT +
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trajectory to be fully compatible with our spatial-domain
formulation, enabling consistent modeling of CAV-HV
interactions in the same domain. It is also important to note
that the predicted trajectories of HVs are treated as fixed
parameters rather than decision variables in the optimization
problem. This ensures that the spatial-domain controller
maintains modeling consistency without modeling mismatch.

Traditional IDM cannot describe the vehicle queuing during
the red light. We adopt the formulation proposed by [9], which
treats the red signal as a phantom vehicle located at the stop
line, allowing the IDM to capture queuing dynamics during
red phases. HVs decelerate as they approach the red light,
similar to following a stopped vehicle. This extension enables
a more realistic representation of queuing behavior at
signalized intersections, improving the accuracy of HV
trajectory prediction and enhancing the applicability of the
model in mixed traffic environments.

When the trajectory of preceding HV i’ € Vy is predicted,
we can constrain the CAV i’s trajectory to ensure the safe
time headway as follows:
> toare, V(i,i') EE L EV,,i' €V,

k=k,ki+1,.. K
where t;r, (i" € Vy) is a predicted parameter by the extended
IDM.

This study uses a deterministic car-following model (i.e.,
IDM) for predicting HV trajectories. Stochastic car-following
models that quantify the uncertainty in HV behaviors can be
easily incorporated into the proposed planner.

4) CAV’s execution capability constraint Cg: The CAV’s
speed and acceleration should be constrained in a rational
range:

big —tik (25)

T[i,k = L,k = ki'ki + 1, ,K,Vl S VA
max

Omin < Qg < Omap K = ki ki + 1, K, Vi€V,  (27)
where vy, is the maximum speed of vehicle; a,i, and ay,.x
are the minimum deceleration and maximum acceleration,
respectively.

5) CAV’s non-stop driving constraint Cy: To enhance the
driving mobility of CAV, CAV’s trajectory planning should
be constrained to pass through without stops at the stop line.

tp, Stix Stg, Vi€V, (28)
where p; is the corresponding signal phase of CAV i. If the

CAV i cannot pass the intersection at the current cycle, t},’i and

(26)

tp; in Equation (27) will be replaced by the beginning and
ending time of phase p; in the next cycle.
F. Overall Formulation

The overall formulation of jointly planning CAVs’
trajectory and signal timing is integrated into (29).

> Jit s
i€EVA

min/ = a4

subject to:
D4 (u;, ug): Equations (12) and (14)
Cs(us): Equations (18)-(21)
Cc,cav(u;): Equation (22)
Ccnv(w;): Equation (25)

(29)

Cg(u;): Equations (26) and (27)
Cy (u;): Equation (28)

IV. PROBLEM SOLVING

The time complexity of the centralized problem (29) is
0((n x ng)®), where n is the total number of CAVs, ng is the
length of planning horizon, and ¢ is the exponent of the
solving algorithm [26]. It could be found that with the increase
of CAV number n, the time complexity of the centralized
problem (29) increases exponentially. Hence, this centralized
problem is computationally inefficient for multi-CAVs.

However, CAVs are equipped with onboard computing
power, which has been wasted in conventional centralized
method. Hence, this paper transforms the conventional
centralized problem into multiple parallel distributed decision-
making subproblems, to ensure the implementation for large-
scale CAVs scenario.

We start this section by introducing the standard Alternating
Direction Method of Multipliers (ADMM) algorithm. Then,
we will reformulate the centralized problem (29) into the
standard form and further propose a novel iteration scheme.

A. The ADMM algorithm for consensus problems

In a distributed system with N controllers, optimization
problems are often formulated as a consensus problem:

N
min Z F,-(xl-)
i=1

x;=zVi=1,...,N
where x; represents the local control variable of controller i, z
denotes the global consensus variable.
Its scaled augmented Lagrangian is defined as:
N

(30)
subject to:

p
Lo(oz,y) = ) (Rl +3iGa =) + 51 —212) (1)
i=1
where y; is the dual variable of controller i.
The ADMM algorithm solves this consensus problem using

the following iterations [39]:
x"*1 = argmin L, (Fi(xi) +yM(x; —z™) + g [|x; — zm||2)

N
1 1
33 )
i=1

Yim+1 — ylm + p(xim+1 _ Zm+1)
where m is the iteration index.

The consensus form is a standard and well-established way
to apply the ADMM algorithm. It allows each subproblem to
be solved using specialized solvers or closed-form updates,
while the consensus step coordinates the solutions to ensure
global feasibility. The ADMM algorithm is not limited to
consensus problems; other decomposable formulations could
be handled similarly [39].

(32)

B. Problem Reformulation into A Consensus Problem

In order to apply the ADMM framework -efficiently,
problem (29) is reformulated into a consensus form (30) in
this section. This transformation introduces local copies of the
coupled decision variables, allowing the original problem to
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be decomposed into multiple independent subproblems.

The centralized formulation (29) is reformulated through
the following steps:

Step 1: Introducing the consensus variable z = [z;, z¢] to

decompose the centralized formulation (29) into subproblems
in terms of each CAV’s trajectory planning ]iW !, signal timing

planning JS, and each roadside collision avoiding ]f €.

min/ = z ]ivi(u uVl) +J° ({ug}\nev us)

i€EVp
Re (. R
DIPNACY
CeE iEVp, (33)
subject to:
Vi _ Re _ s _ .
u''=z,u;°=z,u; =z;,Ve EE Vi €V,
v; .
ul=z,us =z, Vi€V,

where uyi, uiS and u]l.Re are the control vectors of CAV i, in
CAV’s trajectory planning, signal timing planning, and

roadside collision avoiding, respectively. u t and u$ are the
signal control vectors in CAV i’s trajectory planning and
signal timing planning, respectively. Va, is the set of CAVs
corresponding to the adjacent vehicles pair e € €. In the
consensus optimization problem (33), the control variables in
different computing modules should be consensus.

Step 2: Transferring the constraints in formulation (29) to
indicator functions I5(*), Is(*), Iccav(?), Icuv(:), Ig(-), and
Ix(+). When the constraint is satisfied, the indicator value is
zero, otherwise positive infinity.

INCHENOE {O' i ) € Da,
' +00, otherwise (34)
Vi eV,
0, ifuSec
I — ’ S S
s(us) = {+00, otherwise (33)
0, if ;€ Ceeav
I u. t LAV
CCAV( )= { +00, otherwise (36)
Ve € 8 Vi € VA,e
R
ifu;°ecC
I u i CHV
¢ HV( )= { +00, otherwise (37)
Ve € E Vi € VAe
v; 0, if u e Cy
Ig(uw;') = ,VieV
E( ! ) {+00 otherw1se A (38)
v; 0, if u e Cy
Iyluw;') = ,VieV
N( ! ) {+oo otherw1se A (39)
Step 3: Introducing indicator functions into objectives.
TGl = )+ ) + 1)
+1Iy(u"),viev,
s ({u?}viev,uf) =Js ({u?}wev,uf) +1Is(u) (41)
Re (. Re Re Re
(ui ) = HC,CAV(ui ) + HC,HV(ui )' (42)

Ve € E,Vi € Vy,

C. Parallel Distributed Computing
The consensus problem (33) is parallelly solved by the

ADMM algorithm. Furthermore, we propose a concomitant
iteration scheme to accelerate the computation and enhance
the adaptation to the dynamic traffic environment.

1) Problem decomposition: To be executed by the
computing modules in Fig. 1. within the context of IoT, the
consensus problem (33) is decomposed into multi-
subproblems, including each CAV’s trajectory planning ]iW b
signal timing planning JS, roadside collision avoiding ]f €. The
subproblems J;': The
subproblem JS is optimized on the signal controller S. The

are solved by CAV planner V; .

subproblem J, ER ¢ is optimized on the roadside adapter R,.
The scaled augmented Lagrangian function (43) of the
consensus problem (33) is:

p
Vi, Vi Vi
Z]i (ui » U

iEVA

# 3 Pl =z A+ Y Sl - 2+ 2

i€EVA iEVA

Lagrangian function of CAV planner

+° ({us}v ev’ 5)

+ Z—”u —z+ 2 + —||u§ — 7+ 25|12

iev

(43)

Lagrangian function of signal controller

St

eEEIEV A

p 2
+ 0 Pl -2+ 27|

eEE IEV A

Lagrangian function of roadside adapter

Vi 28 qRe Vi ;s T. . :
[A VAT A A AS] is the scaled dual variable in
the augmented Lagrangian function, and p is the penalty
parameter.

The augmented Lagrangian function (43) is minimized via
the following five steps iteratively:

Step 1: At iteration m, computing modules collect the
consensus variables z™~! and dual variables A™! from the
last iteration m — 1.

Step 2: CAV planner V;(Vi € V,) solves the following

where 4 =

subproblem to update ul%mﬂ and uy "™
w ™ u /"™ = argmin {]. (], ut)
Vi
ol =z 2 (44)

—||u — a4 AV vi e,

The signal controller S solves the following subproblem and

Sm+1 §m+1

update u; and ug

Sm+1 Sm+1 __ i S N S
{w; }viev’us = argmmn {] ({ui }viev’us)

3 2 g = 2+ 257

iev

2 g - 2 +a§'m||2}

(45)

The roadside adapter R,(Ve € €) solves the following

subproblem to update u]Re L,
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= argmin {7 () + 5 ™ — 27"+ 47

Ve EEVIiEV,,
The convex quadratic programming problem in (44)-(46)
could be solved with existing optimization algorithms, e.g.,
interior point method.
Step 3: Update the consensus variable z on the coordinator
(G; and Gy):

(/4 A (25 6 e A

Rem+1

u;

"I e

z

m+1l _
f =

T+1+ 51 (47)
e€g;
Vi€V,
iezl:/ (uzli,mﬂ +/12/i'm) + (uf,m+1 +A§,m)
zm+l = A (48)
T 141
i€V

where €; is the set of all adjacent vehicle pairs that contain
CAV .

Step 4: The scaled dual variable 4 is updated in each
computing module:

Vim+1 Vi, Vim+1 .
A.lm =Ai1m+(uilm _Zlin+1)'vlevA

l (49)

Ais,m+1 — lis,m + (uis,m+1 _ z?‘“),Vi eV, (50)

AT = AT (w2, (51)
Ve € E,Vi €V,

A= A0 4 (T - ) ViE Y, (52)

AT = AT (™ — 2 (53)

Step 5: Return to Step 1 until the following stopping
criterion is satisfied:

".um+1 _ Zm+1” <e (54)
where € is the tolerance of the primal residual error.
S R. \7 S
Signal Roadside Trajectory CAV planner Signal Signal

controller adapter Coordinator Coordinator  controller
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TR TR
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convergence

0

Fig. 4. The iteration process of the traditional ADMM
algorithm for MVSC system.

Iteration

> Information broadcasting Model computation procedure

The iteration process of the ADMM algorithm is illustrated
in Fig. 4. . In each update, optimized solutions of signal
controller S, roadside adapter R,, and CAV planner V; are
given to their belonging coordinators (Gg or G;). In the
coordinator, consensus variables are generated for the
computation of the next iteration. In each rolling step, HV
trajectories are predicted based on the most recent CAV
trajectories and signal plans from the previous iteration. As the
ADMM iterations proceed, the discrepancy between
successive solutions becomes smaller, making the predicted
HV trajectories increasingly consistent with the current

optimization results. This design ensures efficient cooperative
decision-making in the mixed traffic environment.

2) Iteration schemes: Although the ADMM algorithm has
guaranteed convergence ability to the global optimal for the
convex problem, it still may require many iterations,
especially in the multi-CAVs scenario [40]. In this paper, we
propose two types of iteration schemes: complete iteration
scheme and concomitant iteration scheme.

As shown in Fig. 5. (a), the complete iteration scheme is a
generally adopted method which accomplishes the iteration
and its convergence within each rolling [26], [41], [42]. For
example, during rolling r, all subproblems need to be
computed for M times to reach convergence. The complete
iteration reboots in the next rolling or once the traffic
environment is changed, such as when a new CAV drives into
the scope. This kind of iteration scheme may be time-
consuming and not ready for real-time computation.
Furthermore, computation rebooting loses a lot of previous
knowledge from the last iteration. It violates the reality that a
light disturbance would not greatly change original strategies.

Therefore, we further propose a concomitant iteration
scheme to enhance computation and convergence efficiency.
The concomitant iteration scheme conducts iterations along
with the rolling horizon execution. In this way, during each
rolling, only one iteration is needed. Convergence is achieved
with the increase of rolling execution in global time.
Furthermore, the last iteration’s knowledge is fully utilized as
the input for the current iteration, in order to accelerate
convergence and ensure resilience in the actual dynamic
traffic environment.

The concomitant iteration scheme is illustrated Fig. 5. (b).
During rolling r, the concomitant iteration scheme solves all
subproblems based on consensus variables z and dual
variables 4 from last rolling r — 1. It outputs control variables
u?’i and uS for CAVs and signal to execute. Consensus
variables and dual variables are outputted for optimization in
the next rolling.

In the proposed concomitant iteration scheme, the solutions
executed at each rolling step may not have fully converged.
There are two mechanisms that can ensure the executed
decisions remain practically feasible. First, each CAV and the
traffic signal execute the local optimization results (i.e., uyi
and ud) rather than the consensus variable optimization results
z. Even without full convergence, CAV controllers and the
signal controller each solve their own subproblem subject to
their respective feasibility constraints. As a result, the
executed signal plan and CAV trajectories inherently comply
with their individual operational and safety requirements.
Second, each CAV is equipped with a lower-level trajectory
tracking module (e.g., MPC) as shown in Fig. 5. , which takes
the optimized trajectory from the proposed MVSC planner as
a reference. The trajectory tracking module re-generates a
feasible trajectory that strictly satisfies vehicle dynamics and
safety constraints for execution [43]. This allows each CAV to
adapt to its real-time state and maintain safety. Moreover, the
proposed concomitant iteration operates in short rolling
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horizons, enabling rapid correction in subsequent steps. By
fully leveraging the previous iteration’s knowledge,
convergence is achieved as the number of rolling executions
increases over global time.

V. EVALUATIONS

The proposed MVSC controller is evaluated from the
following aspects: i) function validation; ii) mobility; iii)
ecology; and iv) computational efficiency.

A. Experiment Design

The simulation is implemented in SUMO (Simulation of
Urban MObility) [44]. CAVs and traffic signal in SUMO are
controlled through the interface 7raCIl in Python 3.11 with
Gurobi as a solver. The simulation experiment runs on a
laptop with an Intel 19-13900H processor at 3.4 GHz and 32
GB of RAM. The delay in communications is assumed to be
negligible. Each simulation lasted 1800s with a warm-up
period of 150s.

The proposed method is implemented in a typical four-arm
intersection scenario, as shown in Fig. 1. (a). Each arm
includes three lanes, assigned to left-turn, through, and right-
turn movements, respectively. Although each movement is
assigned to a dedicated lane in this study, the proposed model
is still applicable in cases with shared lanes. Under the lane-
based signal optimization framework, movements sharing the
same lane are typically grouped into the same signal phase

Rolling v
A

-

Iteration 1 Iteration 2

~

Iteration M

[45]. Therefore, the proposed model and algorithm are
applicable to other intersection configurations with shared
lanes. In the experiment intersection, right-turn vehicles have
no conflicts with through and left-turning vehicles from other
arms. Therefore, they will not be controlled by the signal in
this study. The right-turning movements are continuously
granted green time in this study. Note that our proposed model
is still applicable in the case that the traffic light should
control the right-turning movement, in which case the decision
variables of right-turn phases and CAVs can be included.

The ideal communication environment assumption is
adopted in this study. In practical deployments, however,
communication delays and packet losses may occur. Under
such conditions, our framework can be extended by
incorporating delay-tolerant prediction and state estimation
modules to replace missing or outdated variables [46].

TABLE 1 shows the benchmark traffic demand. The
volume/capacity (V/C) ratio is 0.5. The capacity is calculated
as reference [27]. This study evaluates the proposed planner
under four traffic demand levels, with V/C ratios set as 0.5,
0.75, 1.0, and 1.25. Four CAV penetration rates (i.e., 20%,
40%, 60%, and 80%) are considered to evaluate the
effectiveness of the cooperative decision-making model and
parallel algorithm. The V/C ratio and CAV penetration rate
are initially set as 0.5 and 40% respectively, except in the
sensitivity analysis.

Execution

Control Input
I\ | Foveraa = Trajectory
1/ @) CAV trajectory -“
Input ‘Zl’)‘l J @y | Converged zM : Tracking
@ Gy Signal timing plan | g m— Signal Plan
M — .
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(a) Complete iteration scheme (within a rolling)
Rolling v Execution
Control Input
Iteration1l [ .
CAV pl Trajectory
Vit Tracking
,,,,,,,,,,,,,,, L

m— Signal Plan

—_— = .
— Execution

Input |/
—
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Rollingr +1

(b) Concomitant iteration scheme (with rollings)

Fig. 5. The diagram of complete iteration and concomitant iteration schemes.
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TABLEI
BENCHMARK TRAFFIC DEMAND OF EVALUATION

Traffic demand

(V/C) To arm
From arm E N W S
E _ 1200 pcw/h 270 pcu/h 270 pcu/h
(0.5) (0.5) (0.5)
N 270 pcu/h _ 1200 pcu/h 270 pcu/h
(0.5) (0.5) (0.5)
W 270 pcu/h 270 pcu/h _ 1200 pcu/h
(0.5) (0.5) (0.5)
S 1200 pcu/h 270 pcu/h 270 pcu/h _
(0.5) (0.5) (0.5)

B. Control Methods

In our experiment, the performance and effectiveness of the
proposed controller are evaluated in comparison with current-
widely used actuated signal controller:

® The proposed MVSC controller: The proposed MVSC
controller plans all CAVs’ trajectories and optimizes signal
timing at the same time.

® Baseline (Actuated signal controller): It is a widely
used signal control method. It decides whether to extend or
terminate the current green duration in response to the real-
time traffic state. The minimum green time and maximum
green time for each phase are 10s and 50s, respectively. The
max gap, detector gap, and passing time are set as 3s, 2s, and
2s, respectively.

Moreover, the proposed two iteration schemes, complete
iteration and concomitant iteration, are tested to verify their
computational efficiency.

C. Parameter Setting

The following settings are adopted.

® Free flow speed: 13.89m/s (i.e., 50 km/h)

® The maximum speed U,y 16.67m/s (i.e., 60 km/h)

® The minimum acceleration ap,,: -3m/s2

® The maximum acceleration ap,,: 3m/s2

® Safety headway tg,fe: 25

® The minimum and maximum green time gpmin and gmax:
10s and 50s [47]

® The minimum and maximum cycle length C,;, and
Cmax: 60s and 150s

® The loss time and inter-green time : 3s

® Weight factors aq, a5, By, B2, and B5: 0.5, 0.5, 1, 1, and
10

® Penalty parameter p: 200

® Tolerance of stopping criterion €: 0.1

® Maximum iteration in complete iteration scheme: 200

® Rolling step interval: 0.02s

® [DM parameters are set as reference [38]

D. Measure of Effectiveness

Measures of Effectiveness (MOEs) are as follows.

® Function validation: To verify the function of jointly
optimizing signal timing and CAVs’ trajectories, the
trajectories of both CAVs and HVs are analyzed.

® Mobility: This MOE is quantified from the following
aspects: 1) average delay; 2) average number of stops.

® Ecology: This MOE is quantified by the average fuel

10

consumption and CO2 emission. The emission model in the
report of the US Environmental Protection Agency (EPA) is
applied for the estimation of consumption and emission [48].

® Computational efficiency: It is quantified by the iteration
times before convergence and solution time.

E. Experiment Results

Results demonstrate that compared to the conventional
actuated signal controller, the proposed MVSC method is
capable of: i) joint planning multi-CAVs’ trajectories and
signal timing; ii) enhancing CAVs’ mobility by 8.48% and
ecology by 3.78% compared to HVs; iii) enhancing global
traffic mobility by 23.60% and ecology by 15.63%.
Furthermore, the computational efficiency of the proposed two
iteration schemes is evaluated. Results show that concomitant
iteration enables: i) average solution time within 10
milliseconds, which is 1/157 of complete iteration; ii) 42.86%
of convergence efficiency in the dynamic traffic environment.

1) Function validation:

300 p=
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(m)
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o
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0
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Simulation Time (s)

Fig. 6. Trajectories of CAVs and HVs and signal plan.

The function of jointly optimizing signal timing plan and
multi-CAVs’ trajectories is validated in Fig. 6. It shows that
the proposed planner can adjust signal timing according to
traffic conditions to minimize global delay. As shown in Fig.
6, the phase duration is unfixed and can adapt to the time-
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varying traffic. At the same time, CAVs can dynamically
adjust trajectory (decelerate or accelerate) to catch up with the
green duration. The proposed planner is verified to be capable
of cooperative decision-making among multiple CAVs. As
shown in Fig. 6, seventy-eight CAVs in an intersection are
tested within 400 seconds. The proposed planner computes
each CAV’s trajectory. The planned trajectory enables CAV to
pass the intersection without stops and collisions. Moreover,
CAVs can affect following HVs and lead them to also pass the
intersection smoothly. If the HV is not led by a CAV, it may
have to stop and wait at the stop line, which brings additional
fuel consumption and emission. Hence, the proposed MVSC
planner is demonstrated to improve global traffic efficiency
and ecology at the intersection.

The observed differences in CAV deceleration patterns in
Fig. 6 stem from the flexibility of the joint optimization
framework. CAVs that are farther from the stop line may start
decelerating earlier and more gradually if the controller
determines they are unlikely to pass during the current green
phase. Conversely, CAVs closer to the intersection may
decelerate more sharply when the signal phase is no longer
reachable. In addition, the MVSC planner considers system-
level objectives such as reducing overall delay or leading HVs
through the intersection. As a result, CAVs may adjust their
trajectories not solely for their own mobility but to improve
overall efficiency, leading to diverse deceleration behaviors.

2) CAVs’ mobility and ecology: TABLE II shows the
comparison of the mobility and ecology performance for both
CAVs and HVs in the four-arm intersection scenario.
Compared to HVs, the proposed MVSC controller is capable
of enhancing CAVs’ mobility by 8.48%, via reducing the
number of stops and further reducing loss time from start-up.
The CAVs’ ecology could also be enhanced by 3.78%, due to
a more ecological trajectory.

TABLE 11
CAVS’ PERFORMANCE COMPARED TO HVS.
Average  Average Average Fuel Average
. Cco2
delay number Consumption emissions
(s/veh) of stops (g/veh) (g/veh)
CAVs 30.44 0.00 58.11 182.20
HVs 33.26 0.39 60.40 189.36
100 20
= cAV _ cav .
[ - HV g e HV
i [ improved 9 g’ [ improved 15 =

0.5 0.75 1.0 1.25 0.5 0.75 1.0 1.25
VIC vIC

(a) Mobility performance (b) Ecology performance

Fig. 7. Sensitivity analysis under different V/C ratios for
CAVs and HVs.

To further analyze the benefits of CAVs in our MVSC
controller, we conduct a sensitivity analysis for CAVs and
HVs under different V/C ratios in the four-arm intersection
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scenario. As shown in Fig. 7. (a) and (b), CAVs’ and HVs’
delay and fuel consumption would increase with the increase
of traffic density, since more congested traffic always leads to
queuing before the stop line. No matter the traffic density, the
proposed MVSC controller could always reduce drive delay
and fuel consumption. However, the performance
enhancement reaches the highest value at V/C of 0.75. It
makes sense that the proposed MVSC controller could ensure
driving mobility and ecology which is insensitive to traffic
density. Compared to the great increase in conventional HVs’
delay and fuel consumption from V/C=0.5 to V/C=0.75, the
mobility and ecology of the proposed MVSC controller would
not deteriorate a lot. Hence, performance enhancement would
increase from V/C=0.5 to V/C=0.75. However, in congested
traffic, like V/C greater than 1.0, the proposed MVSC
controller cannot make a great difference either. Its
performance enhancement would reduce when V/C is greater
than 0.75.

3) Global traffic mobility and ecology: TABLE III shows
the comparison of the global mobility and ecology
performance between the proposed MVSC controller and the
baseline actuated signal controller in the four-arm intersection
scenario. Results show that the proposed MVSC controller can
significantly reduce travel delay by 23.60% and reduce the
number of stops by 77.42%. Due to remarkably eliminated
stop-and-go maneuvers, the proposed MVSC controller
reduces fuel consumption and CO, emission by 15.63%.
Hence, the proposed MVSC controller is demonstrated with
enhancing global traffic mobility and ecology.

TABLE III
GLOBAL TRAFFIC PERFORMANCE COMPARISON.
A
Average  Average  Average Fuel verage
. CO2
delay number Consumption .
(s/veh) of stops (g/veh) CIISSIONS
(g/veh)
Baseline 38.98 0.93 70.58 221.28
Proposed 29.78 0.21 59.55 186.70
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Fig. 8. Sensitivity analysis under different CAV penetration
rates for the proposed MVSC controller.

A sensitivity analysis is conducted for global traffic
mobility and ecology in regard to CAV penetration rate, as
shown in Fig. 8. As shown in Fig. 8. (a), the proposed MVSC
controller enhances global traffic mobility with the increase in
CAV penetration rate. As shown in Fig. 8. (b), the proposed
MVSC controller also enhances global traffic ecology with the
increase of CAV penetration rates. It makes sense since more
CAVs can better lead HVs to pass the intersection smoothly.
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This impact has been verified by Fig. 9. It shows that the
distribution of the HVs’ delay and fuel consumption shows a
greater skewness towards the lower value with the increase of
CAV’s penetration rate. Furthermore, an interesting finding is
that the marginal reductions are largest when the penetration
rate increases from 20% to 40% for both mobility and
ecology, as shown in Fig. 8. The marginal benefit becomes
less significant for further penetration rate increasement. It
reveals that in the implementation of CAV technology, we do
not need to pursue a high penetration rate. With the hand of
the proposed MVSC method, we can receive a significant
reward for traffic mobility and ecology at a CAV penetration
rate of 40%.
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Fig. 9. Impacts on HVs’ mobility and ecology at different
CAYV penetration rates.

We further conduct a sensitivity analysis across various
traffic densities, ranging from under-saturated (V/C=0.5) to
over-saturated (V/C=1.25). As shown in Fig. 10. (a) and (b),
global traffic mobility and ecology deteriorate with the
increase in traffic density. However, our proposed MVSC
controller enhances global traffic mobility and ecology,
regardless of the traffic density. The performance
enhancement of our proposed method varies with traffic
density. Notably, at V/C=0.75, our method demonstrates the
most substantial improvements in both traffic mobility and
sustainability, indicating a 28.58% reduction in average delay
and a 20.35% reduction in average fuel consumption. It is
because the proposed controller can maneuver CAVs to lead
more HVs, to fully utilize temporal and spatial road resources
by ecologically catching up green light, when V/C increases
from 0.5 to 0.75. Nevertheless, when the V/C ratio is greater
than 0.75, traffic is too congested and CAVs also have to wait
for passing opportunities. In this case, CAVs still show their
guidance effect on HVs, while not as impressive as the
scenario of non-congested traffic.
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Fig. 10. Sensitivity analysis under different V/C ratios for the
proposed MVSC controller.

12

4) Computational efficiency:

a) Convergence performance: We firstly test the
convergence of both complete and concomitant iteration
schemes in a sampled scenario with 8 CAVs for clarity. The
comprehensive evaluation in solution time in real traffic
scenario will be detailed in the next section.

Fig. 11 shows the primal errors of these 8 CAVs’ control
variables. The decrease in primal residuals indicates that the
consensus variables and control variables become closer to
each other. In this situation, the complete iteration scheme
needs 30 times of iterations within one rolling to converge. As
shown in Fig. 11. (b), the concomitant iteration scheme
converges within 37 times of iterations. It makes sense since
the execution error exists when iterating along with rolling
updating.
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Fig. 11. Convergence performance of and

concomitant iteration scheme.
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Fig. 12. Convergence performance under different V/C ratios.

We further conduct a sensitivity analysis of convergence
performance under different V/C ratios. As shown in Fig. 12.,
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both complete and concomitant iteration schemes need more
iterations with the increase of traffic density. When there are
more vehicles in the intersection scope, more variables need to
be coordinated in the MVSC planner. As a result, it needs
more iterations to find the optimal result. The concomitant
iteration scheme sacrifices 13.61% convergence performance
compared to the complete iteration scheme on average in Fig.
12. . However, this sacrifice is acceptable, considering only
one iteration within each rolling would greatly enhance
computational efficiency, which would be discussed in the
next section.

Furthermore, we have verified the convergence resilience of
the concomitant iteration scheme in the dynamic traffic
environment in this sampled scenario. As shown in Fig. 13.,
two new vehicles (CAV 9 and CAV 10) drive into the
cooperation region at simulation time 2. In this case, the
concomitant iteration scheme does not have to reboot for a
new calculation. Consensus variables from the last planning
could be inputted as the prior knowledge, which greatly
conforms to the reality that a light disturbance would not
greatly change the original strategy. Hence, in the new
calculation, the concomitant iteration scheme only needs 40
iterations (i.e., 0.8 seconds), as shown in Fig. 13 (a). The
convergence efficiency shows an enhancement of 42.86%
compared to the complete iteration scheme in this sampled
scenario, as shown in Fig. 13 (b) (70 iterations in the complete
iteration scheme). Therefore, in real-world dynamic
environment, the proposed MVSC planner would swiftly
recover to the convergence level, highlighting the concomitant
iteration algorithm's resilience in implementations.

Moreover, as shown in both Fig. 11 and Fig. 13,
concomitant iteration scheme exhibits stronger oscillations
compared to the complete iteration scheme. It is because the
concomitant iteration scheme performs only one ADMM
update per rolling step, while the traffic state changes between
steps. Each step is warm-started by the previous solution, but
after execution the realized system state deviates slightly from
the prediction, introducing larger execution error. However,
by limiting each rolling window to a single update, the
computation time per step is significantly reduced, enabling
real-time implementation. These oscillations tend to diminish
over successive steps as the algorithm tracks the moving
optimum, ensuring stable system performance in practice.
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Fig. 13. Convergence resilience when new CAVs drive into
the intersection scope.

b) Solution time: Based on the convergence performance
evaluation in the sampled scenario, we further conduct a
comprehensive assessment of solution times in real traffic
conditions. The evaluation results highlight the benefits of
concomitant iteration scheme from conducting one iteration
within each rolling.

The sensitivity analysis on solution time under varying
V/C ratios is conducted in regard to traffic density for the
concomitant iteration scheme and complete iteration scheme.
Fig. 14 shows that the concomitant iteration scheme
significantly enhances computational efficiency. Compared to
the complete iteration scheme, the concomitant iteration
scheme only calls for 1/157 of solution time on average.
Specifically, as shown in Fig. 14, the complete iteration
scheme shows an increasing solution time with the increase of
traffic density. In congested traffic (i.e., V/C ratio is greater
than 1), the average solution time of complete iteration is
greater than one second. It is because when more CAVs are
included in the planning, more variables are introduced into
coordinators, which calls for a significantly increasing number
of iterations. Real-time implementation may be infeasible.
Comparably, the concomitant iteration scheme shows a robust
computational efficiency against various V/C ratios, since it
only has to conduct one iteration within a rolling. The average
solution time is always under 10 milliseconds. It indicates that
the proposed MVSC planner is enabled to be implemented in
real time. Considering the 1/157 of solution time in each
rolling, the concomitant iteration scheme’s 13.61%
convergence performance sacrifice is acceptable.
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Fig. 14. Average solution time of complete and concomitant
iteration schemes within a rolling.
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Experimental results show that the concomitant iteration
requires significantly less computation time per rolling step
compared to the complete iteration, enabling real-time
execution. Although only the one-rolling optimization results
are executed, the warm-start mechanism in the concomitant
iteration scheme allows the algorithm to rapidly reduce the
optimality gap in subsequent iterations. As a result, the overall
solution trajectory converges toward the optimum over global
time, achieving long-term performance close to that of the
complete iteration while maintaining substantially lower
computational cost.

VI. CONCLUSION AND FUTURE RESEARCH

This research proposes a Multi-Vehicles and Signal
Coordination (MVSC) controller within the context of IoT. It
enables joint optimization of all CAVs’ trajectories and signal
plan via formulating in the spatial domain. The centralized
problem is decomposed into several subproblems and solved
by a parallel computing approach. We perform simulation
experiments to evaluate the performance of the MVSC
controller. Results show that:

® The proposed MVSC functions as expected and is
capable of coordinating multi-CAVs’ trajectories and traffic
signal timing.

® The proposed controller can reduce the CAVs’ delay by
8.48% and fuel consumption by 3.78% compared to HVs.

® The proposed MVSC controller is verified to utilize
CAVs to lead HVs to pass the intersection smoothly. It
enhances global traffic mobility by 23.60% and ecology by
15.63%.

® The proposed MVSC controller has better performance at
different CAV penetration rates and V/C ratios. CAV’s
penetration rate of 40% has the largest reward for traffic
mobility and ecology. The V/C ratio of 0.75 shows the
greatest performance enhancement.

® The proposed concomitant iteration scheme only needs
less than 10 milliseconds of computation time, which is 1/157
of the solution time of the complete iteration scheme. This
significant enhancement in computational efficiency stands on
only 13.61% of sacrifice on convergence.

® The concomitant iteration scheme has better convergence
resilience in the dynamic traffic environment. It enhances
convergence efficiency by 42.86% compared to the complete
iteration scheme.

This research opens several interesting directions for future
work. First, future research efforts could focus on extending
the planner to consider lane-changing behaviors. Extending
the framework to account for lane-changing behaviors requires
two-dimensional spatial modeling. It substantially increases
the complexity of vehicle dynamics and collision constraints.
Second, we will generalize the proposed cooperative decision-
making problem at the isolated intersection to multiple
coordinated intersections for urban arterial or urban networks
in our future works. Third, future research should explicitly
consider communication delays and even packet losses in the
information exchange, thereby enhancing its applicability and
reliability in real-world IoT environments.
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APPENDIX
The main variables are listed below:
Variable
Qi k Acceleration of vehicle i at space step k
tik Arrival time of vehicle i at space step k
- Reciprocal of the speed of vehicle i at
Lk space step k
tb pe Beginning and ending time of green
prp duration of phase p
C Signal cycle length
u; Vehicle control variable vector
Uug Signal control variable vector
Z,Zg Consensus variable of vehicle i and signal
A Scaled dual variable
Sets
%4 Set of all vehicles
Va Set of all CAVs
Vu Set of all HVs
€ Set of all pairwise adjacent vehicles
Set of CAVs corresponding to the adjacent
Vae . .
vehicles paire € €
P Set of all phases of the signal plan
Parameters
Vimax Maximum speed

Minimum and maximum acceleration

Safety headway

Minimum and maximum green time

Ciin» Cmax ~ Minimum and maximum cycle length
p Penalty parameter in the ADMM

Amin» Amax
Lsafe

Imin» Ymax
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