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Abstract: This study proposes an optimal control method for connected autonomous vehicles (CAVs)
through signalized intersections to reduce the energy consumption of mixed human-driven vehicles
(HDVs) and CAV traffic. A real-time optimal control model was developed to optimize the trajectory
of each CAV by minimizing energy consumption during the control period while ensuring traffic
efficiency and safety. The control conditions of the CAVs were analyzed under different driving
scenarios considering the impact of signal phase timing and preceding vehicles. Additionally,
a method is proposed for CAVs to guide other vehicles directly and reduce the energy consumption
of the entire signalized intersection. Simulation experiments using MATLAB and SUMO were
conducted to evaluate the performance of the proposed method under various traffic conditions,
such as different levels of saturation, market penetration rates (MPRs), and the green ratio. The
performance was measured using average energy consumption and an average time delay. The
results show that the proposed method can effectively reduce vehicle energy consumption without
compromising traffic efficiency under various conditions. Moreover, under traffic saturation, the
proposed method performs better at a high MPR and green ratio, especially at 40-60% MPR.

Keywords: connected autonomous vehicles; eco-driving method; optimal control; signalized
intersections; consumption performance

1. Introduction

Eco-driving is an emerging practice aimed at enhancing energy efficiency and curbing
transport emissions. It involves optimizing vehicle operation by minimizing unnecessary
stops, acceleration, and deceleration and maintaining a steady speed to reduce energy con-
sumption, improve traffic mobility, and decrease emissions [1-3]. The advent of connected
autonomous vehicles (CAV) is also seen as a promising development that will further
facilitate eco-driving by providing more space and opportunities for its implementation.

In the future, the adoption of CAVs is expected to trigger significant transformations
in the safety, accessibility, and traffic flow dynamics of road transportation. By harnessing
the power of traffic sensing, data collection, analysis, and processing, CAVs can employ
eco-driving strategies to minimize vehicle energy consumption, conserve resources, and
enhance economic efficiency [4]. However, the development of effective traffic management
and control mechanisms for CAVs on the road still presents a pressing challenge in the
transportation sector.
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Signalized intersections serve as critical nodes within the urban road network where
the smooth transition of traffic between interrupted and uninterrupted flow is crucial.
However, these intersections often cause traffic interruptions and delays. Implementing
eco-driving control for CAVs at signalized intersections is, therefore, essential to mitigate
the negative impact on vehicles and traffic flow.

Current research on eco-driving methods for connected autonomous vehicles (CAVs)
at traffic signal intersections has primarily relied on rule-based control methods. These
methods adjust the vehicle’s longitudinal speed based on signal state information to enable
it to pass through the intersection without unnecessary stops. For example, Jin et al. [5] de-
veloped a mathematical model that categorized intersection signal states into six situations
and optimized the movement of a single vehicle upstream and downstream of the inter-
section. Similarly, Lu et al. [6] computed appropriate constant velocities for continuous
signalized intersections and employed smooth trigonometric curves to represent velocity
changes during acceleration and deceleration, ensuring seamless passage through the
intersection. However, as traffic environments become more complex, rule-based control
methods have limitations, and optimizing control methods are computationally intensive.
Hence, research on eco-driving for connected autonomous vehicles at signalized intersec-
tions now focuses on establishing a comprehensive optimization model that considers
multiple objectives, including safety and efficiency.

Dynamic eco-driving modeling is an integrated framework that includes input space
models, fuel consumption models, vehicle dynamics models, optimization objectives,
and impact analyses of the eco-driving system on road areas and traffic signal control
strategies [7]. Optimal control methods are preferred due to their low computational
complexity. Zhang et al. [8] proposed a constrained optimization model that approximates
optimal results similar to the pseudo-spectral method. Cheng et al. [9] introduced a model-
free control method based on the Monte Carlo search tree algorithm. Decentralized control
strategies have been effective in improving road traffic efficiency while considering CAV
eco-driving, such as the model proposed by Yao and Li [10], which minimizes vehicle travel
time, fuel consumption, and safety risks.

The behavior of multiple CAVs at signalized intersections has a significant impact
on the application of eco-driving. Hence, studying connected vehicle queues is critical to
reducing traffic congestion, improving road capacity, and decreasing energy consumption.
Jiang et al. [11] and Chen et al. [12] developed a system for multi-vehicle driving at sig-
nalized intersections by combining a microscopic vehicle-following model with optimal
control methods. Zhang et al. [13] and Chen et al. [14] proposed vehicle emission row
schemes and the concept of “1 + n” mixed platoon to enhance overall traffic efficiency and
fuel consumption at intersections. Wang et al. [15] suggested that the front CAV’s speed
trajectory provides a reference for the rear vehicle, leading to effective energy savings. Xu
and Deng [16] divided vehicles into fleets and calculated four speed guidance models to
achieve optimal acceleration and deceleration and pass the signalized intersection at the
same target speed as the lead vehicle. Various optimization control methods are employed
in eco-driving research, including Pulse-and-Glide (PnG) cycle control [17], model predic-
tive control (MPC) [18-20], deep learning algorithms [21-23], and optimal control [24,25].
However, most of these approaches are computationally intensive and challenging to apply
to the centralized control of traffic flow at signalized intersections. It is worth noting that,
although Rad S R et al. [26] proposed a conceptual framework for designing dedicated
lanes for connected autonomous vehicles, it requires intelligent infrastructure, which may
be challenging to implement. This paper proposes an optimal control method for CAVs
at signalized intersections and a decentralized control strategy to mix traffic at existing
signalized intersections, enabling CAVs to promote other environmentally friendly driving
vehicles safely, smoothly, and indirectly, thus reducing total road energy consumption. The
main contribution of our paper is to extend the optimal control method for intersections by
considering mixed traffic flows and integrated energy consumption models. This method
can be applied to mixed traffic flow and meet actual traffic conditions, and it can effectively
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reduce the energy consumption of human-driven vehicle (HDV) and CAV mixed traffic
while balancing traffic efficiency. Moreover, we comprehensively analyze the energy-saving
potential of connected autonomous vehicles at signalized intersections.

The paper is divided into four main sections. The first section describes the scenario
and motivation for the study. The second section proposes an optimal control method
using optimal control theory. In the third section, simulations and analyses of the proposed
method are presented. Finally, the last section concludes the research and summarizes the
main findings.

2. Scenario Description

We consider a mixed traffic scenario at a typical signal-controlled intersection, as
shown in Figure 1, where both HDVs and CAVs travel through the intersection in sequence.
The intersection has fixed signal phase and timing (SPaT) information, and the signal is
located at the center. To facilitate eco-driving, the intersection is divided into two areas
based on previous research: the control zone and the merging zone. The control zone is
where CAVs obtain SPaT and vehicle information, while the merging zone is the area within
the green box line in the figure where the signals guide vehicles through the intersection.

Merging Zone “~

Control Zone

(on DI )
HDV CAV

Figure 1. Illustration for the mixed traffic-signal-controlled junction.

Our study focused on optimizing the eco-driving of individual CAVs in a single-lane
control zone at a signal-controlled intersection. We developed an optimal control method
based on the vehicle’s dynamics, initial and final states, and constraints to minimize energy
consumption by optimizing the acceleration of the vehicle phase. Each CAV obtains relevant
information for optimal control upon entering the control zone and controls its acceleration
through the intersection accordingly. We also used the Intelligent Driver Model (IDM) [27]
to model the trajectory of HDVs and follow them specifically. To facilitate information
processing and calculations, we set the control zone distance as ! and used the stop line as
the origin.

Our control design and analysis for the signal-controlled junction are based on the
following assumptions.

1.  All CAVs are connected, meaning they can transmit their own and surrounding
vehicle information through wireless communication with real-time communication
between vehicles and infrastructure. Communication delays or packet loss are
not considered.

2. All CAVs can drive independently and follow the speed trajectory specified by the
intelligent decision and algorithm system upon entering the control zone. HDVs are
assumed to behave ideally.

3. To optimize vehicle efficiency in the control zone, overtaking or lane changing is not
allowed. Furthermore, the impact of other roads on vehicle travel is not considered.

4. All vehicles passing through the signalized intersection are fueled vehicles, and other
traffic disturbances, such as pedestrians or non-motorized vehicles, are not taken
into account.
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3. Methodology

Our study proposes an eco-driving method for CAVs that considers various practical
driving situations in the control zone. We first define the vehicle state upon entering the
control zone and then discuss the specific conditions that CAVs may encounter in this
area. Finally, we develop an optimal control model for CAVs based on defined objectives
and constraints.

3.1. Dynamical Modeling

Acquiring vehicle state information is vital for dynamic modeling; however, these
states are not easily obtained directly. Numerous studies have been conducted to describe
vehicle dynamics and design estimators by integrating the Global Navigation Satellite
System (GNSS) [28], Inertial Measurement Unit (IMU) [29,30], and cameras [31] for state
estimation. To provide an overview of the state descriptions commonly used in these
studies, we assume that there are N vehicles entering and leaving the control zone at
a specific time, numbered in chronological order. The position of CAV i (i € N) at time
t is represented as x;(t); the velocity at time t is denoted by v;(t); and the acceleration
at time t is expressed as v;(t) = u;(t). The system state vector of CAV i is given by
X(t) = [xi(t),v;(#)]", and the longitudinal dynamics can be represented in a second-order
form, as follows:

xi(t) = vi(t)

0;(t) = u;(t)

Then, the system equation of state for CAV i is modeled as X (t) = [v;(t), u; (5]

)

3.2. Cost Function

Eco-driving for CAVs at signalized intersections should prioritize driving safety and
not hinder traffic maneuverability, as established in previous research and practical consid-
erations. With these factors in mind, the primary control objective of vehicle eco-driving
at signal intersections is to minimize total energy consumption. The optimal control cost
function for CAV i is defined as

t
F=p(X(t7) + [ " LX), u(t)t @
where ty is the time when CAV i enters the control zone, i.e., reaches the boundary of
control zone as shown in Figure 1, and the time for CAV i to reach the stop line is the final
time, ty, which will be discussed later in Section 3.4.

As the terminal cost function in Equation (2), ¢(X(t5)) represents the error between
the vehicle and the desired state at the final time, which is expressed by Equation (3). The
terminal cost ensures the CAV can enter the intersection on time at a preferred speed. Note
that the stop line is set as the x = 0 position, and the first term of Equation (3) is expressed
as the deviation of CAV i from x = 0 at the final time, #; the second term of Equation (3) is
expressed as the deviation of CAV i from the desired velocity, 07, at the final time, ¢ £ In
Equation (3), wy, w; are the penalty weighting coefficients for the position deviation and
speed deviation, respectively, which ensure a constraint on the vehicle’s final state. The
discussion on the desired velocity at the final time is in Section 3.4.

P(X(tr)) = wi(xi(tf) — 0)2 + wn(vi(ty) — of)’ ®)

In Equation (2), L(X(t),u(t)) is the operating cost, and the first term in Equation (4)
indicates the immediate energy consumption of CAV i at time t. The second term is
a term created considering the driving comfort of CAV i. The sharpness and duration of
acceleration and deceleration of the vehicle have a significant effect on the fuel consumption
of the vehicle. We chose to utilize the instantaneous fuel consumption model proposed
by M.A.S. Kamal et al. [32] based on vehicle dynamics, which is suitable for conventional
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vehicles. At the same time, we assume that all vehicles on the road are fuel-powered
vehicles with the same construction and assembly. The energy consumption model is

shown below: ,
L(X(t),u(t)) = fi(t) + iui(t)z 4)

and
fit) = ferise  faeet
1 1
e = a+ by - vi(t) + by - 03(t) + by - 03(£) ©®)
fieeet = u(t) - (e1 + ez - vi(t) + 3 - 02(1)),

The model uses standard vehicle engine characteristics and records velocity and accel-
eration to gather fuel consumption data, which are then used to create fuel consumption
estimation equations through curve fitting. In Equation (5), ff"*¢ is the energy consump-
tion caused by CAV i when the speed is v;(t) at moment ¢, and flﬂml is the additional energy
consumption caused by CAV i when the acceleration is u;(t) at moment . It is necessary to
note that fuel consumption does not occur when a vehicle is decelerating. Additionally,
fuel consumption is a constant value, 4, when the vehicle is idle. The coefficients in the
equation are determined through curve fitting, and their values can be found in Table 1.

Table 1. Values for the coefficients of the energy consumption model equation.

Coefficient Value
a 0.1569
by 0.0245
by —7.415 x 10~*
b3 5.975 x 10~
c1 0.07224
¢ 0.09681
c3 1.075 x 1073

3.3. Constraint Conditions

Previous studies have highlighted various constraints present in traffic conditions at
signal-controlled junctions. These constraints include vehicle safety, kinematic, and control
state constraints.

Vehicle safety constraints are a critical aspect of road traffic and typically involve
maintaining a minimum safe spacing between vehicles to ensure stability and safety. In our
study, the safety constraint is defined as the requirement for all CAVs to maintain a safe
distance from the vehicle in front of them, and the distance between CAV i and preceding
vehicle i — 1 is Ax;(t). The safety constraint is described as

Axi(t) = Logn > A1), t € [to, tf], i=1---n 6)

where L, is the length of the vehicle, and Axfaf e(t) is the safe vehicle distance for CAV i
at moment . The safe vehicle distance can be obtained from Axf”f ¢
tsafe is the safe headway.

Next, we take into account vehicle kinematics and constrain vehicle control based on

speed, acceleration, and comfort requirements at the signalized intersection.

(t) =vi(t) - tsafes where

1.  The speed limit sets a maximum allowable speed for vehicles on the road, while the
minimum speed is constrained by road conditions and the movement of vehicles.

Umax 2 vl(t) Z vmin/ t S I:tOItf:|/ l: 1/' e, n (7)
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2. We specify the safe maximum acceleration and maximum deceleration of the vehicle.
umaxzui(t)zumin/ te |:t0/tf:|/ 1:1,,7’1 (8)

3. We consider maintaining the comfort of driving the vehicle and describe it as the rate

of change in acceleration, k;(t) = a”ait(t) , which represents the rate of change in the

acceleration of CAV i at moment ¢.

kmax 2 kl(t) 2 kminr te |:t0/tf:|/ l: 1/ N (9)

Last, regarding the vehicle control state constraint, the terminal state constraint has
been bounded by the terminal cost, ¢(X(#5)), of Equation (2), and the initial state constraint,
v?, is the speed of CAV i at t, the initial moment; then, the initial state constraint is

xi(to) = _lvi(to) = viol i= 1/ e, n (10)

3.4. Final Time and Desired Velocity

Upon entering the control zone for optimal control, the CAV must gather SPaT
information and information on preceding vehicles to determine its desired velocity
and the final time to reach the stop line. Previous studies [33] often set the desired
velocity as the restricted velocity to ensure maximum traffic volume at intersections.
However, this approach may not balance vehicle fuel consumption and traffic efficiency in
practical situations.

Therefore, we analyzed the optimal final time, ¢ s and desired velocity, U?, of CAV i
for various scenarios. The signal phase starts from the red phase at time ¢t = 0, and the
signal period is T;yce- The red phase time is Ty, and the green phase time is T,. We started
by discussing the final time, as it is directly linked to the desired velocity. Assuming that
CAV i arrives at the stop line at the maximum velocity, the earliest possible time to exit the
control zone is t?.

xi(to) + [(Uﬁm - U?(tO)Vz”maX] I Vlim — i (to)

Olim Umax

tff =ty — (11)
(1) Assuming that there are no vehicles in front of CAV i, the final time and desired speed
of the CAV can be determined based on the signal state.

If the t; is at the redlight phase with 0 < mod (t;, Tcyde) < T,, CAV i must wait until

the next greenlight phase to proceed, and the final time is the start time of that green phase,
provided by

tE
tf = \‘TJ[J Tcycle +Tr (12)
cycle
If the tj[ is at the green phase with T, < mod( t;, Tcycle) < Teyere, CAV i can pass through
in the current phase, and the final time is the earliest possible time, provided by 7 = t;.

(2) If there are other vehicles ahead of CAV i, its final time and desired speed will be ad-
justed based on the preceding vehicles. Assuming that there are n preceding vehicles,
CAV i can only exit the intersection once all of the preceding vehicles have left.

If the initial time is at the redlight phase with 0 < mod(t, Tcyde) < T, the final time
depends on whether all preceding vehicles can leave at the same greenlight phase. If all
preceding vehicles can leave at the same greenlight phase, the final time is provided by
ntsape < Tg. 10 < mod(tj‘i, Teyete) < Tr + nitsape, the final time is provided by

to
tf = \‘TJ Tcycle +T + ”tsufe (13)

cycle
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However, if the final time is not affected by the preceding vehicles with T, + nts,r, <
mod(t?, Teyete) < Teyele, the final time is tp = tj[. If preceding vehicles fail to cross the
intersection all at once with nfy, s, > T, CAV i must wait until the next green phase to
cross, and the final time is provided by

t Ntgare — T,
tr = ’VT ° —‘ Tcycle + T+ \‘sutfe gJ tsafe (14)
cycle safe

If the initial time is at the green light phase with T, < mod(to, Teycre) < Teycte, the final
time must also be determined based on the preceding vehicles. All preceding vehicles
can leave at once with mod(to, Teycre) + ntsafe < Teycle- 10 < mod(t;, Teycte) < Ty, the final
time is provided by Equation (12). If T, < mod (t;, Teyete) < Teyeles the final time can be
expressed as Equation (13). However, if the preceding vehicles cannot cross the intersection
all at once with mod(to, Teycre) + ntsafe > Teyete, the final time is provided by

t mod(tg + ntgy,, T,
tf = 0 Tcycle + T + ( ° e cycle) tsafe (15)
Tcycle tsafe

Based on the final time, the desired velocity through the junction is determined. If the
final time is the earliest time, tj(, then the desired velocity is set to the limit velocity, and we

have vf = vm- However, if the final time is later than the earliest time, the desired velocity
should be lower than the limit velocity to better reflect the actual situation of CAV i passing

through the junction:
v? = max{ _xi(to),vmm} (16)
tf —tp

3.5. Optimal Control Model

The optimal control model for CAV i in the control zone of a signal-controlled junction
can be expressed as a nonlinear optimization problem:
t
F = g(X(ty) + tof L(X(8),u(t))dt (17)
subject to constraints (6)—(10).

To solve this problem, the CAV must first collect SPaT and traffic information and
determine the initial and final states, including the final time and desired velocity. The
optimal control problem can then be solved using the Gaussian pseudospectra method in
GPOPS-II [34]. GPOPS-II transforms the continuous-time optimal control problem into
a nonlinear programming problem (NLP) and uses an NLP solver to obtain the optimal
control solution.

3.6. Control Method for Connected Automated Vehicle

We made the assumption that the CAV performs optimal control planning as soon
as it enters the control zone and this planning process only occurs once. In fact, due to
the low traffic flow and the low influence between vehicles, the eco-driving of the CAV is
almost undisturbed. However, the traffic flow is constantly changing, and higher traffic
flow can affect the normal driving of adjacent vehicles, thereby disturbing the eco-driving
of the CAV.

When the CAV enters the control zone, we considered two scenarios. In the first
scenario, if there is no vehicle in front of the CAV or if the CAV and the preceding vehicle
meet the conditions stated in Equation (6), the CAV can perform optimal control and drive
through the control zone according to the optimized trajectory. In the second scenario, if the
CAV and the preceding vehicle do not meet the conditions in Equation (6), the CAV cannot



Sustainability 2023, 15, 5672

8 of 18

perform eco-driving and must follow the preceding vehicle through the signal intersection
using the following model of HDV.

While driving through the control zone, the CAV continuously detects the safe head-
way from the preceding vehicle in real-time. If the safe headway is satisfied, the CAV
follows the optimized trajectory until it leaves the intersection. However, if the CAV detects
that it is not at a safe headway from the preceding vehicle, it interrupts the eco-driving
and follows the preceding vehicle through the signal intersection using the following
model of HDV.

Figure 2 illustrates the driving methods of CAVs in different states.

C CAV i passes the intersecation)
A

hether CAV i enters
the merging zone

|
Control CAV i with IDM model Control CAV i with eco-driving

A A
No No

Any vehicle in
front of CAV i

Yes

Control CAV i with eco-driving 4J Construct and solve the optimal control problem

C

The CAV i enters
the control zone

>—> Collect preceding vehicle information » Collect SPaT information

T

oI = "B

————————————————————————————————————————————————— > 0 Merging Zone

Control Zone
Figure 2. Illustration of the driving methods for CAVs at a signal-controlled junction.

4. Simulation Analysis

In this section, we conduct simulation experiments to assess the effectiveness of the
proposed eco-driving method. The simulation environment setting and performance index
of the experiment are introduced. Next, we analyze the simulation results of traffic flow
trajectory in comparison to uncontrolled traffic flow trajectory. Finally, we compare and
analyze the simulation results under varying saturation, MPR, and green ratio conditions.

4.1. Simulation Setting and Calculation

To evaluate the impact of CAVs on the energy performance of signal-controlled inter-
sections, we performed joint simulations using MATLAB and the microsimulation software
SUMO (Simulation of Urban Mobility) [35]. We designed experimental sets of flows with
different MPRs and signal periods and analyzed the performance of a hypothetical signal-
ized intersection scenario using the uncontrolled scenario as the baseline group.

4.1.1. Simulation Setting

To conduct the simulation, we established a single-lane, signal-controlled intersec-
tion in the SUMO simulation environment. The control zone was set to 300 m with
a zero-gradient road segment. All vehicles were of the same size, with a length of 5 m,
and exhibited random speeds while moving straight on the intersection following the
Intelligent Driver Model (IDM) by default. The saturation flow rate of a single-lane road
was set to 1830 veh/h, and the vehicle arrival pattern followed a Poisson distribution.
This distribution assumes that the arrival of vehicles follows a random process, and the
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probability of a certain number of vehicles arriving in a given time interval is determined by
the mean arrival rate. We used this distribution to simulate the random arrival of vehicles
at the intersection. We conducted intersection simulation experiments with different MPRs,
traffic saturation levels, and green ratios in SUMO. The term “green ratio” referred to the
proportion of time the traffic signal is green for a particular approach or direction compared
with the entire traffic signal cycle time. The traffic saturation conditions were unsaturated
(V/C =0.6) and saturated (V/C = 1.0), and the green ratios were set to 0.3, 0.5, and 0.7. The
parameters related to vehicle movement were mainly based on reference [33], and Table 2
shows some basic parameter settings for intersection and vehicle simulation.

Table 2. Simulation parameter settings.

Parameter Symbol Value
Simulation step (s) Ts 0.2
Control zone (m) ! 300
Signal cycle (s) Tcycle 60
Maximum acceleration (m/s2) Umax 3
Maximum deceleration (m/s2) Umin 4
Velocity limit (km/h) Vlim 60
Minimum velocity (km/h) Umin 10
Safe time headway (s) tsafe 1.6
Weight coefficients of position deviation wq 10
Weight coefficients of speed deviation wy 100

Optimal control was carried out in MATLAB, and the driving state information of
the CAV in SUMO was obtained in real-time through TraCl (Traffic Control Interface)
as the input to the optimal control model. We used GPOPS-II (General-Purpose Optimal
Control Software-II) to solve the model and obtain the optimal trajectory of the control zone,
including the vehicle position, velocity, and acceleration. Some parameters in GPOPS-II are
shown in Table 3. Finally, the optimal driving trajectory was sent to SUMO as the output of
the CAV optimal control, and the CAV followed the optimized trajectory until it left the
signalized intersection.

Table 3. Parameters of GPOPS.

Parameter Value
setup. nlp. solver snopt
setup. derivatives. supplier sparseCD
setup. derivatives. derivativelevel second
setup. mesh. method hpl
setup. mesh. tolerance 1073
setup. mesh. maxiteration 10
setup. method RPMintegration

4.1.2. Performance Index

Previous eco-driving assessment studies have evaluated the ecological impact of ve-
hicles using metrics such as vehicle emissions and pollutant volumes, which are directly
related to vehicle energy consumption and calculated using energy consumption and emis-
sions models [36-38]. However, in this study, we focused primarily on fuel consumption as
the main evaluation factor. To estimate the fuel consumption of each vehicle, we utilized
the fuel consumption estimation model, f;(f), in Equation (5) and analyzed the average
energy consumption performance.

In addition to evaluating vehicle energy consumption, we also considered intersection
traffic efficiency as an important factor. In fact, CAV movements at signal-controlled
intersections cannot affect the traffic efficiency of the traffic flow. The impact of CAV



Sustainability 2023, 15, 5672

10 0of 18

movements on traffic efficiency at signal-controlled intersections was assessed by analyzing
the average travel time delay (ATTD) of all vehicles, as shown in Equation (18).

1z I

ATTD = -% (T; - (18)
ni=0 Ulim

where T; is the total travel time of vehicle i in the signal intersection area. If the time for

each vehicle on the road is %, the vehicles pass through the intersection area in free flow.

4.2. Simulation Results and Discussion
4.2.1. Comparison against Non-Controlled Trajectory

The simulation results compared the trajectories of traffic flow with different MPRs
and saturations at signalized intersections, with a basic control group consisting of all
vehicles being HDVs and no eco-driving control being applied.

The spatiotemporal diagram of the simulated traffic flow trajectory under different
saturations and MPRs is presented in Figure 3, where the green ratio is 0.5. In the spa-
tiotemporal trajectory diagram, the red horizontal line represents the phase of the signal
control red light, the blue dashed line represents the trajectory of the HDV, and the pink
solid line represents the trajectory of the CAV for eco-driving. It was found that the impact
of CAV eco-driving on traffic flow at intersections depends on the MPR and saturation
levels. Figure 3a shows the traffic flow trajectory under the unsaturated condition. When
the MPR is < 40% for eco-driving, the CAV has a significant impact on the traffic flow at the
intersection. Figure 3b shows the traffic flow trajectory under saturation conditions. It can
be found that under the same MPR condition, CAV intervention had a greater impact on
traffic flow at the intersection under the saturated condition. Because the traffic flow runs
relatively smoothly under unsaturated conditions, CAVs for eco-driving have a limited
impact on the traffic flow at signalized intersections.

Compared with uncontrolled vehicles, CAV eco-driving can avoid queuing and idling
during the redlight phase, leading to a smoother driving track and reduced energy con-
sumption. With an improved MPR, CAV eco-driving can also guide the driving track of
nearby vehicles, resulting in a smoother and more efficient traffic flow at the signalized
intersection. The impact of traffic shock waves generated by congestion can also be reduced
with higher MPRs. Overall, the simulation results demonstrate the effectiveness of the
proposed eco-driving method in improving energy consumption and traffic efficiency at
signal-controlled intersections.

4.2.2. Performance Evaluation and Analysis under Different Saturations, MPRs, and
Green Ratios

The performance of the proposed method was evaluated and analyzed under differ-
ent levels of saturation, MPRs, and green signal ratios. Average fuel consumption and
travel time delay were used as performance indicators, and an uncontrolled traffic flow
(MPR = 0%) group was selected as a baseline for evaluation.

To determine the impact of the proposed method on traffic efficiency, the average
travel time delay of the traffic flow was analyzed. Results from Table 4 show that under
increasing saturation, the average travel time delay increases in the control area, while
under saturated conditions, the delay decreases with increasing MPRs and green signal
ratios. Figure 4 illustrates the average travel time delay results of traffic flow in the control
area at varying saturation levels during the simulation. Under the unsaturated condition
(V/C =0.6), the ATTD was not significantly impacted by the increase in the MPR because
vehicles at the intersection could be released smoothly at this time. In contrast, under
saturation conditions (V/C = 1.0), the proposed method resulted in decreased average
travel time delay, indicating improved intersection traffic efficiency. Furthermore, shorter
green ratios led to longer travel time delays for vehicles, but the intervention of CAVs
reduced the delay by guiding HDVs to follow a smoother path. Overall, the proposed
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Table 4. Average travel time delay (s) simulation results of 0-100% MPRs under different green ratios
and saturation levels.

MPR
Green Ratio Saturation(V/C)
0% 20% 40% 60% 80% 100%
0.6 17.86 18.33 18.23 18.43 18.72 16.44
0.3 1.0 43.65 26.81 25.22 26.88 20.48 21.51
05 0.6 10.43 10.10 10.02 10.14 10.08 10.34
) 1.0 14.74 13.68 12.78 12.15 12.72 13.30
07 0.6 4.08 4.00 3.77 3.72 3.92 3.95
. 1.0 8.49 7.21 7.04 7.65 7.52 6.13
30
m03 m05 m0.7
25 |
20 b7 18.33 18.23 18.43 18.72
O i 16.44
B 15
< 0.02 14 08 34
10
5 97 i) 92 95
0 1 L L L
0% 20% 40% 60% 80% 100%
MPR
(@)
50
43.65
=03 m0.5 m0.7
40
2 30 26.81 2592 26.88
E 20.48 2151
20
< - 68 78 15 _ 3.30
10 49 21 04 65 50 "
O 1 1 1 1 1
0% 20% 40% 60% 80% 100%
MPR
(b)

Figure 4. Average travel time delay of simulation results. (a) V/C = 0.6; (b) V/C = 1.0.

Furthermore, the average energy consumption results under different MPRs and green
ratios at two saturation levels are presented in Figure 5 and Table 5. The blue, black, and
pink lines in Figure 5 represent green ratios of 0.3, 0.5, and 0.7, respectively, while the dotted
and solid lines indicate saturation levels of 0.6 and 1.0, respectively. The results show that
the energy consumption decreases significantly with the increase in the green signal ratio
for all HDVs, and the energy consumption is higher at V/C = 1.0 than at V/C = 0.6. More
vehicles and shorter green times significantly increase road energy consumption, which is
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consistent with actual traffic conditions at signalized intersections. Moreover, under the
same saturation condition, the average energy consumption decreases with the increase
in the MPR compared with the uncontrolled results. Under the same MPR condition,
the energy consumption optimization benefit under saturation conditions is higher than
under unsaturated conditions. The increase in the signal green ratio effectively reduces
idle time and significantly reduces the average energy consumption of the traffic flow.
Compared with the uncontrolled results, all the elevated MPR and green ratio conditions
had significant energy efficiency benefits.

80

-o-03(VIC=06) —e—03(V/C=10)
-%-05(V/C=06) —*—05(V/C=10)
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0% 20% 40% 60% 80% 100%
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Figure 5. Average energy consumption (ml/km) across different scenarios with green ratios of 0.3,
0.5, and 0.7 and saturation levels of 0.6 and 1.0.

Table 5. Average energy consumption (ml/km) simulation results of 0-100% MPRs under different

green ratios and saturations.

PR
Green Ratio  Saturation(V/C) M

0% 20% 40% 60% 80% 100%

03 0.6 48.31 46.25 45.84 44.37 44.32 43.25

’ 1.0 64.43 54.21 56.21 53.35 52.46 52.78

05 0.6 38.80 35.94 37.48 35.26 36.59 36.27

’ 1.0 46.80 42.30 35.35 37.13 36.56 35.96

07 0.6 30.04 25.85 27.65 26.63 27.67 27.40

’ 1.0 41.16 25.41 21.21 23.29 23.79 22.28

To further analyze the improvement effect of the proposed method on energy con-
sumption, Figure 6 illustrates the degree of improvement in the average energy consump-
tion of the traffic flow under different saturation levels compared to the uncontrolled
results. Figure 6a shows that the energy consumption benefit under saturated conditions
(V/C =1.0) is significantly higher than under unsaturated conditions (V/C = 0.6) under
the same conditions. This is due to the larger traffic flow and more HDVs affected by CAV
driving under saturated conditions, and the intersection under unsaturated conditions
can evacuate all vehicles quickly. Additionally, the analysis of the impact of the MPR
indicates that the improvement of the CAV at the intersection is not significantly positively
correlated with the increase in MPR. Figure 6b, under saturated conditions, shows that
the eco-driving of a CAV can significantly affect the average energy consumption at the
intersection when the MPR is lower than 40%, and the decreasing trend of average energy
consumption becomes slow with the increase in the MPR level. The results of the study
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indicate that the impact of the MPR on intersection energy consumption is similar for
unsaturated conditions, while for saturated conditions, the greatest improvement occurs at
a 40-60% MPR. This suggests that the proposed method is effective at a low MPR and has
the potential to be applied to real traffic. Furthermore, with the increase in the signal green
ratio, the eco-driving of CAVs becomes more significant in reducing energy consumption.
Specifically, as the green ratio increases, the average energy consumption of traffic flow fur-
ther decreases due to the eco-driving of CAVs. This effect is particularly pronounced when
the green ratio is 0.7 and the MPR is 40% under saturated conditions, where the maximum
optimization degree of energy consumption reaches 48.46%. This could be attributed to the
fact that the eco-driving behavior of CAVs affects more HDVs in the passing phase, leading
to a more significant reduction in energy consumption.

2 50%
%40%
30% 7.95%  11.35%
20% 304 : 7.89%  878%
10% ' i
0%

Improvemer

(=]
h @
~

o
w

Green ratio

MPR 100%

48.46% I
60% 43.43%

50%

40%
30%
20%
10%
0%

Improvement Rate

o
o
Green ratio

(b)

Figure 6. Average energy consumption improvement of simulation results. The reference value of 0%
MPR is selected as the assessment baseline. (a) V/C = 0.6; (b) V/C = 1.0.

4.2.3. Comparison with GlidePath

The proposed method was compared with the GlidePath method developed by the
Federal Highway Administration (FHWA) under the same simulation conditions. In the
GlidePath method, the vehicle accelerates or decelerates to cruising speed in the shortest
time and passes through intersections during green phases [39]. For ease of comparison,
this section presents the average energy consumption and average travel time delay results
of both methods under saturation conditions, which demonstrate the significant advantage
of the proposed method in reducing energy consumption.



Sustainability 2023, 15, 5672 15 of 18

Table 6 presents a comparison of the average travel time delay results for both the
proposed method and the GlidePath method. Under saturation conditions, both methods
can ensure intersection traffic efficiency. As the MPR level increases, both methods are
capable of reducing the travel time delay of vehicles at intersections to some extent under
different green ratios. This demonstrates that the proposed method can offer the same
advantages as the GlidePath system in terms of traffic efficiency.

Table 6. Average travel time delay (s) simulation results for the proposed method and GlidePath method.

MPR
Green Ratio Method

0% 20% 40% 60% 80% 100%

03 Proposed method 43.65 26.81 25.22 26.88 20.48 21.51

’ GlidePath 43.65 38.08 24.92 22.33 22.43 20.03

05 Proposed method 14.74 13.68 12.78 12.15 12.72 13.30

’ GlidePath 14.74 14.24 12.87 13.33 13.28 14.56

07 Proposed method 8.49 7.21 7.04 7.65 7.52 6.13

’ GlidePath 8.49 6.02 7.51 6.88 5.58 5.30

Table 7 presents a comparison of the two methods in terms of average energy con-
sumption. The energy-saving advantage of the proposed method over GlidePath increases
with an increase in MPR, particularly when MPR = 100%. As the green ratio increases,
the proposed method has more potential for energy savings compared with GlidePath.
Figure 7 shows a significant difference in the average energy consumption of GlidePath and
the proposed method. The reason for this difference could be that the primary objective
of the GlidePath is to improve maneuverability, which may lead to more shock waves in
mixed traffic flow, thus reducing the energy-saving effect [33,40]. On the other hand, the
proposed method enables CAVs to accelerate or decelerate smoothly, effectively guiding
the eco-driving of other vehicles on the road and ensuring overall traffic efficiency while
reducing energy consumption. Therefore, the proposed method has more potential for
energy savings in mixed traffic flows.

Table 7. Average energy consumption (ml/km) simulation results for the proposed method and

GlidePath method.
MPR
Green Ratio Method

0% 20% 40% 60% 80% 100%

03 Proposed method 64.43 54.21 56.21 53.35 52.46 52.78

’ GlidePath 64.43 59.09 56.93 54.91 55.42 55.85

05 Proposed method 46.80 42.30 35.35 37.13 36.56 35.96

’ GlidePath 46.80 44.54 43.88 44.43 45.10 45.59

07 Proposed method 41.16 25.41 21.21 23.29 23.79 22.28

GlidePath 41.16 36.29 37.21 38.97 36.31 37.14
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Figure 7. Average energy consumption (ml/km) results at green ratios of 0.3, 0.5, and 0.7.

5. Conclusions

This paper proposed an eco-driving method for CAVs in signalized intersections.
When the CAV enters the control zone, it collects SPaT information and makes driving
decisions. The eco-driving control in the control zone is determined based on a cost function
derived from the vehicle dynamics model, and an optimal control model is constructed
according to constraints. The optimal control problem is solved using GPOPS-II, and the
CAV passed through the signalized intersection according to the optimal trajectory.

Simulation results were compared and analyzed under different conditions, including
varying saturation levels, MPRs, and green ratios. The results demonstrate that the eco-
driving method can smooth CAV trajectories, reduce the number of vehicle stops, and
guide following vehicles more effectively. Compared with uncontrolled traffic flow, the
intervention of CAVs at signalized intersections can improve energy efficiency without
affecting traffic efficiency. Under unsaturated conditions (V/C = 0.6), a CAV has a weak
effect on the ATTD and average energy consumption, as the intersection can fully release
the vehicles on the road. However, under saturated conditions (V/C = 1.0), the eco-
driving method can reduce the ATTD to a certain extent and significantly reduce energy
consumption. The study also found that increasing the green ratio and MPR can improve
energy consumption efficiency by more than 40%. In addition, a larger green ratio and
a CAV permeability of 40-60% can guide other vehicles to achieve stable eco-driving,
further improving the overall fuel consumption efficiency of the road.

While the research in this paper focused on a single lane at a single signal intersection
with a mix of HDVs and CAVs, future studies will consider multi-lane driving and more
complex traffic environments, such as lane changes and turning. The impact of multiple
consecutive signal intersections on CAV eco-driving will also be studied to establish a more
realistic eco-driving method.

Overall, this paper provides valuable insights into the potential benefits of eco-driving
for CAVs at signalized intersections and highlights the need for further research in this area
to fully consider the complexities of real-world traffic environments.
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