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Abstract: Intelligent connected vehicles (ICVs) technologies will bring significant changes to fu-
ture transportation, and urban intersections will be an important scenario for the application of
ICVs. There exists one significant challenge to address for the control of ICVs in unsignalized,
multi-intersection road networks, that is, how to realize the comprehensive optimization of traffic
efficiency and energy saving. To solve this problem, the distributed and hierarchical optimal control
architecture is first established in this paper, consisting of a cloud decision layer and a vehicle control
layer. For the cloud decision layer, the distributed model predictive control (DMPC) method is
utilized for distributed optimization control of multi-intersection road network systems, to achieve
optimization in terms of traffic efficiency. For the vehicle control layer, based on the reference speed
optimized from the cloud decision layer, the DMPC method is further utilized for distributed op-
timal control of each vehicle platoon, to achieve optimization in terms of energy saving. Finally,
the comparative simulation tests are carried out based on MATLAB and SUMO. The feasibility and
effectiveness of the proposed method were verified, and the improvement of traffic efficiency and
energy saving was achieved.

Keywords: distributed and hierarchical optimal control method; optimization control; unsignalized
multi-intersection road network; intelligent connected vehicles

1. Introduction

ICVs integrate the advantages of information sharing, advanced sensor technology,
and intelligent decision-making technology, which can efficiently exchange information
with other ICVs and infrastructure through highly effective communication networks,
to realize safe driving for ICVs and improve traffic efficiency at intersections. Compared
with one isolated intersection, an unsignalized multi-intersection road network is more
complex due to a higher number of intersections and stronger coupling relationship of
ICVs’ spatial trajectories in the road segments and intersections [1,2], and in such scenarios,
what occurs in an isolated intersection will influence the states of the adjacent intersections
and the overall road network. Thus, for urban multi-intersections, the problems of traffic
efficiency and fuel consumption are more serious. Therefore, it is of great significance to
investigate an optimal control method for ICVs to improve traffic efficiency and energy
saving at multi-intersections.

Most studies focus on the cooperative control method of ICVs at one isolated intersec-
tion. It mainly uses an intersection management (IM) controller to collect information on
the status of all ICVs entering an intersection’s subregions in real time through vehicle-to-
infrastructure (V2I) communication and achieve global, multi-objective optimization of the
system [2]. Then, the vehicle passing order [3,4], arrival time [5–7] or traffic trajectory [8–10]
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can be assigned to each vehicle through V2I communication in real time to realize the coop-
erative scheduling of ICVs.

However, an urban scenario generally consists of multiple intersections interconnected
with each other. In such scenarios, some researchers designed optimization approaches to fur-
ther improve traffic efficiency at multi-intersections. For example, Wuthishuwong et al. [11–14]
proposed a discrete-time consensus algorithm to balance the traffic flow density of adjacent
intersections to improve traffic efficiency. Zhang et al. [15] and Du et al. [16] proposed an
optimal control strategy with maximized traffic flow. Pei et al. [17] proposed a distributed
strategy to minimize traffic delay for vehicles passing through multi-intersection areas.
Doctor et al. [18] presented a sliding mode control with a dynamic boundary method to
track congested boundaries and adjust boundary flows according to the state of traffic,
to decrease the network’s travel delay. In general, they mainly focused on adjusting the
traffic volume from upstream and downstream adjacent intersections to speed up the traffic
volume balance, to improve traffic efficiency, but the optimization of ICVs control perfor-
mances has not yet been considered. To improve the control performance of each ICV, some
researchers focused on multi-objective optimization by jointly considering vehicle safety
and energy conservation at unsignalized multi-intersections. Zhang et al. [19] presented a
decentralized optimal control framework, in which the optimal acceleration/deceleration
at any time for each vehicle is obtained, to minimize fuel consumption and ensure driv-
ing safety. Wang et al. [20] further proposed a composite strategy for route planning by
coordinating the driving speed of ICVs in road networks, to improve vehicle safety and
save energy at multi-intersection road networks. Mahbub et al. [21,22] and Zhao et al. [23]
formulated a decentralized optimization problem to derive a closed-form analytical solu-
tion that yields the optimal control input for each ICV, to decrease fuel consumption. In
general, most of the current cooperative control approaches focused on optimizing the ICV
control performance by speed harmonization, but the coordination of traffic flow among
multi-intersections has not yet been considered.

In summary, the existing research on overall optimization has not yet considered
the harmonization of macro-traffic flow density for unsignalized multi-intersection road
networks with micro-velocity coordinated control for ICVs. In this paper, we aim to solve
the above problems, and the main contributions of this paper are as follows:

(1) A distributed and hierarchical optimal control architecture is developed by consid-
ering two layers of optimization objectives: a cloud decision layer and a vehicle control
layer. With this architecture, the traffic flow density control (cloud decision layer) and
optimal speed control (vehicle control layer) can be organically combined, which makes it
possible to achieve a global comprehensive optimization model for traffic efficiency and
vehicle control performances at unsignalized multi-intersection road networks.

(2) Different from the existing strategy that only adjusts the traffic flow from adjacent
intersections to improve traffic efficiency or only considers multi-objective optimization
control for ICVs to improve vehicle control performance, we further extend the results
in [16] to propose a multi-objective collaborative optimization control method based on a
DMPC algorithm. With this method, the large-scale system with multi-intersection road
networks and multi-vehicle groups are decoupled into several intersection subsystems and
vehicle subsystems that can interact with each other. On this basis, traffic efficiency and
energy consumption are comprehensively considered.

The rest of this paper is organized as follows: Section 2 presents the system architec-
ture. Section 3 presents the DMPC method to realize the comprehensive optimization of
traffic efficiency and vehicle consumption at multi-intersection road networks. Numerical
experiments are given in Section 4, and we conclude the paper in Section 5.

2. Distributed and Hierarchical Optimal Control Architecture

Benefited from the vehicle-to-vehicle (V2V), V2I, and infrastructure-to-infrastructure
(I2I) communications, ICVs can perceive the state of traffic in multi-intersection networks.
On this basis, the distributed and hierarchical optimal control architecture is introduced in
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this paper. By using this architecture, the traffic flow density control (cloud decision layer)
and optimal speed control (vehicle control layer) can be organically combined, which makes
it possible to realize the global comprehensive optimization of traffic efficiency and energy
saving for the ICVs. Moreover, the computational dimension of the optimization problem is
also reduced based on the DMPC method for multi-intersection and multi-vehicle systems,
which guarantees that a simpler control problem with a lower dimension can be addressed
at a time. Figure 1 illustrates the control architecture of this approach consisting of two
layers—a cloud decision layer and a vehicle control layer.
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For the cloud decision layer, an IM controller is placed at each intersection, to integrate
ICVs’ dynamic information entering the current intersection and send the optimized
variables and trajectories of conflicts with approaching ICVs, to target ICVs through data
mapping upload and control command issuance module. On this basis, we constructed a
series of optimization controllers (IM controllers), to improve traffic efficiency based on
the DMPC method for multi-intersection road networks. The aim of each optimization
controller is to provide optimal reference velocity for ICV controllers and optimal reference
traffic flow density for the adjacent IM controllers.

For the vehicle control layer, we designed a distributed controller that focuses on
multi-objective control based on the DMPC method according to the optimal reference
speed information obtained from upper levels. For each vehicle platoon controller, vehicle
safety, energy saving, and passenger comfort were comprehensively considered.

Additionally, since multi-intersection scenario generally consists of multiple intersec-
tions interconnected with each other, we divided such scenarios into several intersection
subregions. As shown in Figure 2, we took two intersections as an example, and each
intersection subregion was divided into two zones, i.e., road segment and intersection
zone. In the road segment zone, ICVs were grouped according to driving direction and
car-following distance, and then, ICVs had to realize the driving formation of each vehicle
platoon according to the optimal reference velocity from the cloud decision layer. In the
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intersection zone, ICVs adjusted the movement to achieve no-conflict passing at the inter-
section zone through V2I communication [24]. As the process of dynamic formation is not
the focus of this paper, we do not provide a detailed introduction here.
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Figure 2. Studied scenarios of two intersections.

3. Methodology
3.1. Controller Design for Multi-Intersection Road Networks at the Cloud Decision Layer

The DMPC method fully considers the complexity of the whole system with dis-
tributed structure, decomposes the large-scale system into several subsystems that can
interact with each other, and then transforms the optimization problem into a model solu-
tion for each subsystem, which reduces the complexity of the problem and improves the
control performance of the system [25]. Additionally, this method was also employed to
tackle the uncertainties in the system model [26]. Therefore, an optimal scheduling scheme
based on the DMPC method for multi-intersection systems is proposed in this section. This
method can improve traffic efficiency through the flexible scheduling of traffic flow and
coordination of each adjacent intersection subsystem at multi-intersection road networks.

As shown in Figure 3, we defined a suboptimization predictive problem on each cur-
rent IM controller (DMPC controller) according to the states of ICVs at current intersections
and the traffic states at adjacent intersections. The first optimal control input variable
u∗1(t) obtained by repeated online optimization is applied to the corresponding ICVs, and
the other sequence u∗1(2 : Np|t) is transmitted to the adjacent IM controllers through I2I
information communications.
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Further, it is necessary to solve each single-point model’s predictive optimization
problem for all IM controllers at each optimization moment. In the process of distributed
model predictive control, the optimal input variables of each IM controller obtained at the
last optimization moment was used as the forecasting input at the current moment, and the
transfer process of rolling horizon optimization for all IM controllers based on the DMPC
algorithm is shown in Figure 4.
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The control goal of the IM controller is to provide optimal speed guidance for ICVs
entering the current intersection subregion and to provide predicted information on road
traffic flow density for the adjacent IM controllers. We defined the predicted output
of the IM controller as yp = [ρp Vp]T , and the expected states of the IM controller as
y∗ = [ρ∗ V∗]T . Additionally, the Greenshield model [16] was used as the prediction model,
which provides a simple, linear, functional relationship between average velocity and traffic
density. It can be expressed as follows:

V = fv(ρ) =

{
Vf + ks(ρ− ρ f ) ρ > ρ f
Vf ρ ≤ ρ f

, (1)

where V is the road velocity, fv(ρ) is the mapping from road density ρ to the road velocity,
ρ f is the free-flow density, Vf is the free-flow velocity, and ks is the slope.

In this paper, the cost function can be defined as having two parts: the first is the cost
function for traffic efficiency at each intersection, and the second is the cost function of
traffic efficiency in the entire road network.

The cost function of traffic efficiency for each intersection is defined as follows:
The first part is to make the predicted states consistent between each road under the

control of the IM controller i—namely, the states tracking error tend to zero. The second
part is to make the predicted states tend toward the desired value, that is, the difference
between the current states and the desired states of each road under the control of the IM
controller i will become smaller and even closer to zero as the control action is applied. It
can be expressed as follows:

J1,i(k|t) = ||W1(y
p
i,j(k|t)− yp

i,j−1(k|t))||2, (2)

J2,i(k|t) = ||W2(y∗i,j(k|t)− yp
i,j(k|t))||2, (3)

where W1 is the weighting coefficient of the tracking error between the adjacent IM con-
trollers, and W2 is the weighting coefficient of the tracking error with the desired state. In
this paper, the desired road average velocity y∗i,j is calculated to speed up density balancing
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between road segments, which is similar to [11–14], and it can be calculated with the
following equation:

y∗i,j(k|t) = fv(ρi,j(k|t)) + λi fv(ρi,j(k|t)− ρi,j−1(k|t)). (4)

The cost function of traffic efficiency for the entire road network is defined as follows:
The first part is to make the predicted states between the intersection region i and

the adjacent region j consistent, and the second part is to make the predicted states tend
toward the desired value. It can be expressed as follows:

J3,i(k|t) = ||W3(
n

∑
j = 1

(yp
i,j(k|t))−

n

∑
j = 1

(yp
i−1,j(k|t)))||2, (5)

J4,i(k|t) = ||W4(
n

∑
j = 1

(y∗i,j(k|t))−
n

∑
j = 1

(yp
i,j(k|t)))||2, (6)

where W3 and W4, respectively, represent the weighting coefficient.
The optimization problem is described as follows:

minJi(t) =
Np−1

∑
k = 0

(J1,i(k|t) + J2,i(k|t) + J3,i(k|t) + J4,i(k|t)), (7)

Moreover, considering that the traffic system is a real physical system, and in order to
ensure the stability of the system, we defined two constraints as follows:

Speed constraints: 0 ≤ Vi
p(k|t) ≤ Vmax

Traffic flow density constraints: 0 ≤ pi
p(k|t) ≤ Pmax

where k = 0, 1, 2, . . . , Np,Np is the prediction step, Vmax represents the maximum road
speed, and Pmax represents the maximum road density.

3.2. Controller Design for ICVs at the Vehicle Control Layer

The vehicles on the road in a platoon are dynamically decoupled through V2V/V2I
communication. Each vehicle node is assigned a local open-loop optimal control problem
based on the DMPC algorithm for distributed multi-objective optimization relying on the
information from the neighboring nodes and the cloud decision layer.

In this study, we considered the influence of nonlinear characteristics of vehicle dy-
namics for the approaching ICVs. Additionally, we used nonlinear vehicle longitudinal
dynamics models [27] as the prediction models, which are composed of driveline, brake sys-
tem, aerodynamic drag, tire friction, rolling resistance, and gravitational force, to represent
the dynamics of the ICVs. The nonlinear dynamic equation is discretized as follows:

si(t + 1) = si(t) + vi(t)∆T

vi(t + 1) = vi(t) + (
4Tq,i(t)i0η

mr − CD Aρ
2m vi(t)

2 − g sin α− f g cos α)∆T
Tq,i(t + 1) = Tq,i(t) + 1

τ ui(t)∆T − 1
τ Tq,i(t)∆T

, (8)

where si(t) and vi(t) are the displacement and velocity of the vehicle i, respectively; Tq,i(t)
is the actual driving torque of the vehicle; ui(t) is the expected driving torque; η is the me-
chanical efficiency of the transmission system; τ is the delay coefficient of the longitudinal
dynamic system; i0 is the mechanical transmission ratio; rw is the wheel rolling radius;
CD is the air drag coefficient of the vehicle; A is the frontal area of the vehicle; ρ is the air
density; f is the rolling resistance coefficient of the vehicle; g is the acceleration of gravity;
α is the road slope.

In addition, we adopted the fuel consumption model in [28] to calculate the energy
consumption of all ICVs; the model is discretized as follows:
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F(t + 1) = F(t) + (α + (β1v(t)(b1 + b2v(t) + b3v(t)2 + αmv(t)) + (b2ma(t)2v(t))a>0))∆T, (9)

where v represents the ICVs’ current velocity; b1, b2, and b3 are the rolling resistance
term and the wind resistance coefficient of the tire; m is the mass of the vehicle; a is the
acceleration of the vehicle; α is the engine idle fuel consumption rate; β1 and β2 are the fuel
consumption model coefficients.

In this paper, we aimed to design vehicle controllers for a pilot vehicle and the following ve-
hicle, respectively. We assumed that the ego vehicle system output is yp

s = [ Sp
s vp

s Tp
q,s ]

T
,

s ∈ {1, 2 . . . , n}. The optimal velocity of the IM controller is v∗i , and the correspond-
ing desired location for the vehicle is S∗i , so the expected state of the pilot vehicle is

y∗i = [ S∗i v∗i ]
T . The expected state with regard to the ego vehicle and the pilot vehicle

is ysdes = [ Sa
1 − (s− 1)ddes va

1 Ta
q,1 ]

T
, where ddes = dmin + τh · v1

a,τh is the time
headway, and dmin is the minimum car-following distance. The expected state of the ego

vehicle and the preceding vehicle is yjs = [ Sa
js − d va

js Ta
q,js ]

T
, js ∈ {1, 2 . . . , n}, where

d = dmin + τh · vjs
a.

(1) Objective function and constraints of the pilot vehicle.
The design goal of the pilot vehicle controller is to receive IM controller messages in

real time and consider the influence of the upstream and downstream traffic density in
multi-intersection road networks on its own torque and driving speed. According to the
expected road traffic speed sent by the IM controller, the most economical vehicle torque is
calculated and transmitted to the following vehicles. The cost function can be defined in
three parts—the first is the tracking error function, the second is the energy-saving function,
and the third is the passenger comfort function.

In order to maintain the tracking performance between the cloud control layer and
the pilot vehicle, we defined a function that minimizes the tracking error between the
desired state of the optimal reference velocity from the IM controller and the actual velocity
of the pilot vehicle. Additionally, the tracking error between the expected conflict-free
position and actual position also needs to be minimized. The expected conflict-free position
can be easily calculated by the minimum safe time headway with the conflict preceding
ICVs [19] through the IM controller. ICVs with conflict trajectories can further coordinate the
movements of themselves to maintain a safe headway as a result of conflict-free movements,
and then, vehicles can pass through the intersection in an orderly manner.

The tracking error cost functions define as follows:

J1,s(k|t) = ||wl1(y∗i (k|t)− yp
s (k|t))||2, (10)

where wl1 is the weighting coefficient of the tracking error with the pilot vehicle.
In order to guarantee comfortable ride experiences, we also defined a function to

minimize the input torque variation between the predictive control variable and expected
control variable, where the desired control variable is obtained from the optimal reference
speed of the corresponding IM controller. Therefore, the passenger comfort function is

J2,s(k|t) = ||wl2(us
p(k|t)− u0(v∗i (k|t)))||2, (11)

where wl2 is the weighting coefficient of passenger comfort, u0(vi
∗(k|t)) is the expected

torque while the vehicle is driving at the reference speed, and it can be calculated by the
following formula: u0(vi

∗(Np|t)) = r
4i0η (

1
2 CD Aρvi

∗(Np|t)2 + mg f cos α + mg sin α).
The minimum vehicle energy consumption during the predicted time domain is

obtained by calculating the minimum vehicle energy consumption accumulated in Np
steps. Therefore, the energy-saving function is

J3,s(k|t) = ||wl3( fs(k|t))||2, (12)
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where wl3 is the weighting coefficient of energy saving, fs(k|t) is the energy consumption
function of the pilot vehicle.

The control problem is described as follows:

minJ1(t) =
Np−1

∑
k = 0

(J1,s(k|t) + J2,s(k|t) + J3,s(k|t)). (13)

Additionally, we also designed some constraints as follows:

Speed constraints: vmin ≤ vs
p(k|t) ≤ vmax,

Acceleration constraints: amin ≤ ∆vs
p(k|t) ≤ amax,

Torque constraints: Tmin ≤ ui(k|t) ≤ Tmax,
Speed terminal constraint: v1

p(Np|t) = vi
∗(Np|t),

Position terminal constraint: S1
p(Np|t) = si

∗(Np|t),
Torque terminal constraint: Tq,1

p(Np|t) = h1(vi
∗(Np|t)),

where vmin and vmax, respectively, represent the minimum and maximum speed of the
vehicles; amin and amax respectively, represent the minimum and maximum acceleration of
the vehicles; Tmin and Tmax, respectively, represent the minimum and maximum torque of
the vehicles.

In addition, we designed terminal constraints; for example, the speed of the vehicle at
each predicted terminal should be the same as the expected speed; the predicted position
should be consistent with the expected position; the vehicle torque needs to be the same as
that at the optimum reference speed, to keep the terminal system stable.

(2) Objective function and constraints of the following vehicle.
The design goal of the following vehicle controller is to ensure that its own vehicle

runs at the most economical speed while ensuring the safe states of both the car following
the pilot vehicle and the preceding vehicle, and establish constraints to ensure the stability
of the entire vehicle platoon.

The cost function can also be defined as having three parts—the first is the tracking er-
ror function, the second is the comfort function, and the third is the energy-saving function.

The first part is the tracking error between the ego vehicle and the pilot vehicle, while
the second part is the tracking error between the ego vehicle and the adjacent vehicles. It is
calculated by

J1,s(k|t) = ||w1(ysdes(k|t)− yp
s (k|t))||2, (14)

J2,s(k|t) = ||w2(yjs(k|t)− yp
s (k|t))||2, (15)

where w1 and w2 are the weighting coefficient of the tracking error with the leading
vehicle and the adjacent vehicles. Sa

js(k|t) and va
js(k|t) are the position and velocity of the

adjacent vehicles.
Passenger comfort and energy-saving functions, respectively, are expressed as follows:

J3,s(k|t) = ||w3(us
p(k|t)− u0(va

1(k|t)))||2, (16)

J4,s(k|t) = ||w4( fs(k|t))||2, (17)

where w3 is the weighting coefficient of comfort, w4 is the weighting coefficient of
energy saving, fs(k|t) is the energy consumption of each ICV, and u0(va

1(k|t)) is the
vehicle torque of the leading vehicle; it can be calculated by the following equation:
u0(v1(Np|t)) = r

4i0η (
1
2 CD Aρv1(Np|t)2 + mg f cos α + mg sin α).

The control problem is described as follows:

minJ2(t) =
Np−1

∑
k = 0

(J1,s(k|t) + J2,s(k|t) + J3,s(k|t) + J4,s(k|t)). (18)

There are also some constraints designed as follows:
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Speed constraints: vmin ≤ vs
p(k|t) ≤ vmax

Acceleration constraints: amin ≤ ∆vs
p(k|t) ≤ amax

Torque constraints: Tmin ≤ ui(k|t) ≤ Tmax
Speed terminal constraint: vs

p(Np|t) = vjs
a(Np|t)

Position terminal constraint with the preceding vehicle: Ss
p(Np|t) = S1

a(v1
a(Np|t))− d

Position terminal constraint with the pilot vehicle: Ss
p(Np|t) = Sjs

a(Np|t)− (s− 1)ddes
Torque terminal constraint: Tq,s

p(Np|t) = hs(va
js(Np|t))

In the equation, in order to ensure the stability of the vehicle platoon controller, four
terminal constraints were also designed. The prediction speed of each prediction terminal
needs to be the same as that of the previous vehicle. The predicted position of the ego
driving vehicle should be consistent with the expected position of the pilot vehicle and the
preceding vehicle. In order to make the terminal system in a stable state, the vehicle torque
needs to be consistent with that of the preceding vehicle’s state.

In general, the process of optimization control at the vehicle control layer is similar
to the algorithm in the cloud decision layer. We should note that for such a nonlinear
constrained optimization-control problem, it is usually necessary to solve the Hamilton–
Jacobi–Bellman equation. Since we cannot obtain the analytical solution of the equation,
a numerical method is needed for the calculation. The fmincon function in the MATLAB
toolbox can calculate iteratively along the descending direction of cost function under the
condition of giving initial point and can converge to a locally optimal solution through con-
tinuous iterative optimization, so we used this method to solve the constrained nonlinear
programming problem.

4. Numerical Experiments
4.1. Scenario Settings and Parameters

In order to verify the feasibility of the algorithm, in this paper, the joint simulation
platform was created by MATLAB and SUMO. Traffic simulation was conducted in SUMO,
which is widely used in traffic research [29]. The multi-intersection road networks com-
prised eight entrances and four intersections (N5–N8), as shown in Figure 5. The distance
of adjacent intersections within the control area is 200 m, and the intersection zone is 80 m.
In particular, to resolve the trajectories of conflicts with approaching vehicles, such as cross-
conflict and confluence conflict at each intersection, as shown in Figure 6, we projected the
approaching vehicle platoons from different entrance lanes into virtual lanes according to
their location in relation to the intersection origin and constructed a virtual platoon. Further,
the conflicting vehicles can coordinate the movements of themselves to pass through the
intersection in an orderly manner, while vehicles can realize conflict-free movements.
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In this paper, the ICVs’ driving direction at each typical intersection was set as follows:
15% of the ICVs go straight, while 10% of the ICVs turn left. In this study, we set the time
step as ∆T = 0.1, and the prediction time domain as Np = 5. The weighting coefficients
of the IM controller were, respectively, set as follows: W1 = I2, W2 = I2, W3 = I2,
W4 = 0.7I2, W5 = 1.5I2, and the weighting coefficients of the pilot vehicle controller were,
respectively set as follows: wl1 = 5.81I2, wl2 = 10I2, wl3 = 1.71I2, and the weighting
coefficients of the following vehicle controller in the formation were, respectively, set as
follows:w1 = 0.47I2, w2 = 5.81I2, w3 = 10I2, w4 = 1.71I2. Other key characteristics of
the system model are shown in Table 1.

Table 1. System model characteristics.

Physical Meaning/Variables Numerical Value/Unit

Vehicle mass/m 1700/kg
Maximum road density/Pmax 110/veh/lane/km
Maximum road velocity/Vmax 70/km/h

Free-flow velocity/Vf ree 50/km/h
Maximum speed/vmax 70/km/h
Minimum speed/vmin 20/km/h

Maximum acceleration/amax 2/m/s2

Minimum acceleration/amin −2/m/s2

Maximum Torque/Tmax 600/N·m
Minimum Torque/Tmin −600/N·m

Time headway/τh 0.65
minimum car-following distance/dmin 1/m

4.2. Results
4.2.1. Comparison Tests of Traffic Efficiency and Energy-Saving under Different Traffic Flows

In this scenario, we analyzed the impact of different traffic flows on the performance
of the proposed method. The random traffic flow was set from 500 veh/h to 3500 veh/h.
Each working condition was simulated 5 times, and simulations ran for 500 steps under
different traffic flow conditions. We compared three methods—the proposed method, the
cooperative method, and the fixed-signal time assignment (STA) method. In the cooperative
method [23], the local IM controller coordinates each vehicle to pass through with a first-in,
first-out strategy at each intersection. In addition, there is no coordinated optimization
strategy between the adjacent intersection regions as well as no optimization strategy for
ICVs. The cycle time of the fixed STA with four phases is 40 s. To verify the effectiveness
of the proposed method, the test results of the multi-intersection road networks were
calculated. As shown in Figure 7, the comparison results of the delay and consumption
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with three strategies were calculated using Equations (19) and (20). The improvement effect
of the traffic delay and vehicle consumption was calculated with Equation (21).

Dnetwork =
n

∑
i = 1

m

∑
j = 1

(
Li
vi,j
− Li

vi, f ree
), (19)

Cnetwork =
n

∑
i = 1

m

∑
j = 1

Fi,j , (20)

where i = 1, . . . , n represents the intersection regions, and j = 1, . . . , m represents the
road number in the intersections.

k
∑

d = 1
((P(d)− C(d))/C(d))× 100%)

k
, (21)

where d = 1, . . . , k represents the various flows; P represents the delay/consumption of
the proposed method under a certain flow; C represents the delay/consumption of the
benchmark method under a certain flow.
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Figure 7. Comparison results of three methods under different flows: (a) comparison results of delay;
(b) comparison results of consumption.

In Figure 7a, compared with the cooperative method, the proposed strategy reduces
average delays by about 52.98% on average under different traffic conditions. Compared
with fixed STA, the proposed strategy reduces average delays by about 63.13% on average
under different traffic conditions. In Figure 7b, compared with the cooperative method, the
proposed strategy can reduce fuel consumption by around 37.92% on average in different
flows. Compared with the fixed STA method, the proposed strategy can reduce the fuel
consumption by about 46.02% on average in different flows. The simulation results illustrate
that the proposed method can reduce both traffic delay and fuel consumption of ICVs in
multi-intersection road networks.

For the intersection subregions (N5–N8), as can be seen from Figure 8, compared
with the benchmark algorithm, the proposed method can also decrease traffic delays and
fuel consumption of ICVs under different traffic flow conditions. It may be noted that
traffic delay and consumption depend on the traffic flow density of the current intersection
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subregion as well as the adjacent subregions. Thus, if one subregion has a high traffic
delay, and its adjacent subregions have relatively lower delays, the desired velocity for
ICVs would be increased according to Equation (7) for the denser subregions, to achieve
improvement in road traffic conditions and fuel consumption.
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Figure 8. Comparison results of three methods at intersection subregions under different flows:
(a) test results in the intersection subregion N5; (b) test results in the intersection subregion N6;
(c) test results in the intersection subregion N7; (d) test results in the intersection subregion N8.

4.2.2. Comparison Tests of Traffic Efficiency and Energy Saving under Sensitivity Analysis

As can be seen from Figure 1, the IM controller can integrate the dynamic position
information of ICVs entering the current intersection and regulate the movement of ap-
proaching ICVs accurately through V2I communication. However, during this process,
the data transmission delay and packet losses between the uplink (status information of
ICVs uploaded to the IM controller) and downlink (the control variables from the IM
controller downloaded to target ICVs) through V2I communication within a non-ideal
communication environment are inevitable. In this scenario, we focused on sensitivity
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analysis of traffic flow with a time-varying communication time-delay on the control strat-
egy in view of road traffic efficiency and consumption. The random traffic flow was set
from 500 veh/h to 3500 veh/h. The tests of traffic delay and fuel consumption under
different traffic conditions were uniformly simulated 5 times, and the simulations ran for
500 steps. The bounded time-varying propagation delay of each vehicle satisfied the Rician
distribution, as shown in Formula (22), which can reflect the amplitude changes of the
transmission signal. To verify the effectiveness of the proposed method, the test results of
the multi-intersection road networks were calculated with Equations (19) and (20).

p(r|υ, σ) =
r

σ2 exp(− r2 + υ2

2σ2 )I0(
υr
σ2 ), (22)

where r represents the envelope of sinusoidal (cosine) signal plus narrowband Gaussian
random signal, υ represents the peak value of the main signal amplitude, σ2 is the power of
the multipath signal component, and σ2 = 1, I0(·) represents a modified Bessel function
of order 0 of the first kind, and υ = 7.

In Figure 9, compared with the cooperative method, the proposed strategy can reduce
traffic delays by around 65.56% and can reduce fuel consumption by around 36.02% on
average under different traffic flow conditions. The simulation results illustrate that the
proposed method can improve the traffic efficiency and fuel consumption of ICVs under
different traffic flow conditions with time-varying communication time-delay in multi-
intersection road networks.
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Figure 9. Test results with two methods under different traffic flow conditions in multi-intersection
road networks: (a) comparison results of traffic delay; (b) comparison results of fuel consumption.

For the average delay and consumption in the intersection subregions (N5–N8), as
can be seen from Figure 10, compared with the benchmark algorithm in the intersection
subregions, the proposed method can decrease the traffic delays and consumption of
ICVs under different traffic flow conditions. For benchmark algorithm, due to the time-
varying communication time delay, the ICVs cannot track the reference speed sent by
the IM controller in time and, thus, cannot realize efficient coordination of the vehicle
groups, which causes traffic congestion in the intersection regions, and traffic efficiency
and consumption increase rapidly.
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Figure 10. Test results with two methods under different traffic flow conditions in the intersection
subregions: (a) test results in the intersection subregion N5; (b) test results in the intersection
subregion N6, (c) Test results in the intersection subregion N7, (d) Test results in the intersection
subregion N8.

5. Conclusions

In this paper, a distributed and hierarchical optimal control method was presented
to realize the global comprehensive optimization of traffic efficiency and energy saving at
unsignalized multi-intersection road networks. With this method, the large-scale system
with the multi-intersection road networks and multi-vehicle groups were decoupled into
several intersection subsystems and vehicle subsystems that can interact with each other,
and thus, a simpler control problem with a lower dimension could be further addressed
based on the DMPC method at a time. For the vehicle control layer, the DMPC method
was further utilized for a distributed optimal control of each vehicle platoon to achieve
the optimization of energy saving based on the reference speed optimized from the cloud
decision layer. Simulation results show that, compared with the fixed STA method and
the cooperative method, the proposed strategy can, respectively, reduce traffic delays by
about 63.13% and 52.98%, and reduce fuel consumption by about 46.02% and 37.92%,
respectively, on average, under the different flow conditions, which outperformed the
above two baseline methods both in delays and energy consumption. Under the conditions
of time-varying communication time delay, compared with the cooperative method, the
proposed strategy can reduce delays by around 65.56% and reduce fuel consumption by
around 36.02% on average under the different flow conditions, which also outperformed
the baseline method in both in delay and energy consumption.

The proposed strategy paves the way for traffic organizers to schedule the movements
of large-scale ICVs on a network in real time, to reduce congestion and improve network-
wide traffic efficiency, and ICVs can eventually reduce fuel consumption by tracking speed
advisory strategies, as well as improving network performance. However, this study did
not address traffic problems involving mixed traffic flows in which human-driven vehicles
and ICVs share road networks. Our future research extends this approach to mixed traffic
scenarios, to provide optimal driving speed reference for human-driven vehicles and ICVs.
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