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have attracted huge attention from researchers all over the world [1]. Among those methods, eco-driving control
has been gradually recognized as a prospective manner to promote energy-saving transportation [2]. With the rapid
development of connected and automated vehicles (CAVs), vehicles are expected to have access to various driving
environment information and automatedly plan the velocity profiles to reduce energy consumption, referred to as
eco-driving technique, which has been widely demonstrated to remarkably reduce energy consumption in different
scenarios [3] and is therefore the research focus of this study.

In this study, eco-driving control simply means optimization of the vehicle’s velocity profile to avoid
unnecessary acceleration or deceleration and maintain the vehicle to operate in an efficient status. According to
different driving scenarios, eco-driving can be divided into single-vehicle and car-following scenarios. For the latter
field, the basic idea of eco-driving control is to maintain a safe inter-vehicle distance with preceding vehicles and
to reduce energy consumption during the car-following scenarios. In [4], car-following scenarios are divided into
four modes, and the model predictive control (MPC) is leveraged to optimize the motor torque for electric CAVs in
different driving modes. Xie et al. [5] proposed a predictive ecological adaptive cruise control approach for plug-in
hybrid electric vehicles (PHEVs), in which the motion of the preceding vehicle is predicted and the driving speed
is optimized accordingly based on MPC. In [6], reinforcement learning (RL) is exploited to improve the fuel
economy of CAVs in the car-following scenarios by considering the nonlinear efficiency of the powertrain system.
The eco-driving control in car-following scenarios can achieve energy-saving, safety and driving comfort
simultaneously. However, these approaches are designed for specific driving scenarios and are more feasible for
congested traffic conditions. For eco-driving control in single-vehicle scenarios, existing methods mainly work
based on planning the driving speed by considering complex constraints such as the speed limit, powertrain
efficiency and traffic light [7, 8]. For instance, in [9], a novel step-size discrete dynamic programming (DP)
algorithm is exploited to optimize driving speed and consequently reduce energy consumption at different speed
limits. Li et al. [10] constructed a data-driven powertrain energy consumption model to achieve co-optimization of
velocity and energy management for PHEVs with high calculation efficiency. In particular, signal phase and timing
(SPaT) information of the traffic lights, which can be acquired via vehicle-to-infrastructure (V2I) communication,
is quite valuable for eco-driving control in urban roadways. Since velocity profiles can be interrupted by signalized

intersections, they result in extra velocity fluctuations and more energy consumption.
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Taking SPaT information into consideration, the eco-driving control technique has been widely investigated to
promote energy economy and traffic throughput [11]. Early researches on eco-driving control at signalized
intersections typically calculate a constant reference speed according to the SPaT information when driving through
the intersections [12]. However, the employment of constant driving speed is not practical and cannot achieve
optimal performance. In [13], the optimal velocity profile at signalized intersections is simplified into a two- or
three-stage driving rule, and the Dijkstra algorithm is exploited to solve the optimal eco-driving control among
multiple intersections. In [14], a constant-speed energy consumption map and a bi-level DP method are developed
to optimize velocity with high computational efficiency. With the rapid development of machine learning algorithms,
RL has received increasing attention in solving optimal control problem (OCP) for energy-saving [15]. To mitigate
the high computational burden of traditional optimization-based approaches, a deep reinforcement learning (DRL)
approach is proposed to plan an ecological velocity for connected PHEVs in a model-free method [16]. In [17],
variable light spacing and trigonometric signal models are employed to train a DRL controller, thereby enhancing
the adaptability to multi-light scenarios. However, the aforementioned approaches do not account for the influence
of traffic uncertainties. Consequently, these methods cannot guarantee passing through traffic lights without
unnecessary idling on real-world road.

To address the influence of traffic uncertainty at signalized intersections, the existing research on eco-driving
control can be categorized into two groups to account for traffic uncertainty. The first group focuses on eco-driving
control with constraints of traffic lights and preceding vehicles. It involves switching between three driving modes
based on real-time driving conditions: traffic lights priority, car-following priority mode and emergency braking
mode. For instance, in [18], a predictive cruise control system is designed based on a bi-level MPC algorithm, which
employs a car-following-oriented and a SPaT-oriented MPC controller to save energy consumption on urban roads.
Similarly, Bai et al. [19] proposed a hybrid DRL-based eco-driving control strategy that combines rule-based and
RL-based control policies, wherein the RL-based controller addresses traffic light constraints, and the rule-based
policy focuses on velocity planning for car-following scenarios and driving safety. In [20], a DRL-based controller
is constructed to execute eco-driving control in urban scenarios based on a twin-delayed deep deterministic policy
gradient agent that takes into account the state of the host vehicle, preceding vehicle and next traffic light. However,

these approaches may result in unnecessary idling and deceleration before signalized intersections, as they do not
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predict the possible waiting queues due to traffic jams before the intersections. Consequently, the controllers are
typically forced to switch to the car-following mode or emergency braking to ensure driving safety when the host
vehicle is approaching preceding cars, which can lead to a deterioration in the energy-saving performance of the
approaches that neglect traffic uncertainty.

In the second group, the waiting queues before signalized intersections are incorporated into eco-driving
control, and velocity is planned to avoid unnecessary idling. Sun et al. [21] formulated a data-driven chance-
constrained robust optimization problem based on empirical sample data in which an effective red-light duration is
proposed to illustrate the feasible passing time of a signalized intersection. In [22], an improved queue discharge
prediction method is implemented to predict the discharge time of the waiting queue before a signalized intersection,
and a hierarchical control framework is conduced to solve the ecological velocity. Dong et al. [23] designed a
vehicle queue predictor based on intelligent driver model (IDM), followed by a spatial-domain optimal control
strategy to realize energy consumption minimization and speed tracker. In addition, traffic flow models based on
shockwave theory are gradually employed in prediction of the waiting queues [24]. In [25], a kinematic wave model
is established to predict traffic dynamics and vehicle queue length on a signalized road. The optimal velocity is then
solved by the direct multiple shooting algorithm with the consideration of the constraints of modified traffic lights.
In [26], a long short-term memory neural network is implemented to predict dynamics traffic flow, thereby
promoting to waiting queue prediction. However, the above-mentioned methods are typically executed by assuming
that a waiting queue is already generated or will emerge before signalized intersections at red phase. In real-world
traffic conditions, a waiting queue is typically formed gradually when the host vehicle is approaching the next traffic
light, and it is difficult to anticipate the emergence of the waiting queue. Moreover, slow traffic flow might also
affect the motion of the host vehicle even at the green phase.

The eco-driving control with incorporating the queue effect have gained substantial attention recently.
Motivated by the above discussions, several problems are still unsolved in that area. Firstly, most existing studies
are executed via an optimization algorithm. However, the balance between the energy-saving performance and the
computational efficiency is intractable to be addressed especially in complicated urban scenarios. Secondly, in most
studies, the influence of traffic uncertainty on the eco-driving control at signalized intersections is insufficiently

considered. Moreover, most of existing studies are concerned about the traffic uncertainty executed in specific
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scenarios, in which the queue progress is formed at the red phase. However, in urban scenarios, the formation of
queues is difficult to be anticipated and a slow traffic flow can also affect the motion of host vehicle at the green
phase. Hence, only taking the waiting queue at the red phase into consideration cannot sufficiently avoid

unnecessary deceleration or idling before the signalized intersections.
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Fig. 1. Illustration of the proposed eco-driving control system.

Motivated by the above analysis, this study proposes a DRL-based eco-driving control approach at multiple
signalized intersections, in which a hierarchy framework is implemented as shown in Fig 1. The upper-level
controller estimates traffic uncertainty by using a queue-based traffic flow model and modifies the states of the
traffic lights accordingly, while the lower-level controller uses DRL to plan an ecological velocity for the vehicle
while considering driving safety and comfort constraints. The main contribution of this study is threefold: 1) an
eco-driving approach is proposed for signalized intersection scenarios and accounts for the impact of traffic
uncertainty. This is an important consideration as traffic flow in urban areas can be highly variable and unpredictable.
2) A dynamic modified traffic light model is created, which considers the queue-based traffic flow model to correct
the states of the traffic lights. This model allows for more accurate traffic light predictions and can improve traffic
flow. 3) The DRL-based eco-driving controller is designed to plan an ecological velocity at signalized intersections,
while considering traffic uncertainties and the constraints of the dynamic modified traffic light. Overall, this study
presents a promising approach for eco-driving control in urban areas, which can contribute to a more sustainable
and efficient transportation system.

The remainder of this paper is structured as follows: Section II presents the mathematical modeling of vehicle
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and traffic uncertainty and formulates the OCP for eco-driving. Section III elaborates the eco-driving control by
consideration of the traffic uncertainty. Section IV presents the simulation results to verify the proposed method.

Finally, the main conclusions and future work are discussed in Section V.

II. MODELING AND PROBLEM STATEMENT
In this section, the vehicle kinematic model, the traffic flow model, and a modified traffic light model are
presented. The modified traffic light model is constructed to estimate the traffic uncertainty at signalized
intersections. In addition, this section formulates the OCP of eco-driving.
A. Vehicle Model
In eco-driving control, a longitudinal kinematics model is typically utilized to describe the motion of vehicles

[27]. The longitudinal driving force is presented, as:

2

C, 4 .
F =Mgfcos(a)+p””TDv+Mg sin(a) (1)

where £ is the resistance driving force, M is the vehicle mass, / means the rolling resistance coefficient, & is
the acceleration of gravity, o expresses the road grade, C, denotes the air drag coefficient, 4 indicates the frontal

area of the vehicle, and p,,. is the air density. The driving resistance force consists of rolling resistance, air

air
resistance, acceleration resistance and road grade resistance. In this research, the lane change is neglected, and the

road grade is set as zero. By assuming the state variables of the vehicle model to be velocity (v ) and position (d ),

the longitudinal kinematics model is formulated, as:

Av=a ()
Ad=v (3)
Tin
m“t!lt —F:,
g=—r 4)
M6

where a is the longitudinal acceleration, & is the correction coefficient of rotating mass, 77, is the transmission
system efficiency, J, indicates the transmission ratio, and 7,, stands for the torque of motor. In this study, the basic

parameters of an electric vehicle is applied based on a previous study [28] to calculate the energy consumption
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E(v,a,a), as:

P/n, P >0

E(v,a,a)=P, =
(Va ) ’ {I)m'nm’ })m<0 (5)

P _ T;nv — Tma)m 6
" 95507, i 9550 ©
77m =\P(Tp’a)p) (7)

where P, is the battery power, P, is the motor power, « is the road grade, 1, is the motor efficiency, r,, is the

radius of vehicle tire, @, is the rotation speed of motor, ¥ represents the motor efficiency map.

B.  Modeling and Prediction of Traffic Uncertainties

To consider traffic uncertainties at signalized intersections, a queueing-based traffic flow model [29], referred
to as Lighthill-Whitham-Richards (LWR) model, is built to predict the queue’s discharge time and traffic dynamics.
As discussed before, not only the waiting queue has an impact on the motion of the host vehicle, but also a slow
traffic flow can confine the speed of the host vehicle. Hence, the influence of traffic uncertainties at signalized
intersections are classified into two categories, i.e., waiting queue and slow traffic flow. The LWR model is

leveraged to describe traffic dynamics of the waiting queue, as:

op(d.) , dq(d.1) _,

8

ot od ®
_Aq

v, = Ap Q)

where p(d,t) and g(d,t) represent the traffic density and flow at position ¢ and time ¢, respectively. The

parameter v, is the effective velocity of a shockwave whereas Ap and Ag show the changes of traffic density

and flow between different regions. The flow-density diagram of the LWR model in a specific region is shown in
Fig. 2. With the increasement of traffic density, a growth of traffic flow is observed until it reaches the maximum
traffic flow. By contrast, after reaching the peak point, the traffic flow gradually decreases to zero with the increase
of the traffic density. At the maximum traffic density point, we assume a waiting queue emerges in this region.
Based on (9), when the traffic light turns to green phase, the dissipating speed of waiting queue can be presented as

the effective velocity of shockwave, as:
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qd_qu
pd_pu

(10)

vdis =

where ¢, and ¢, stand for the traffic flow on the downstream and upstream of the signalized intersection, ©, and

p, represent the traffic density on the downstream and upstream of the intersection respectively. In most situations,

the traffic flow on the downstream of a red-phase intersection can be estimated as the maximum traffic flow, and
the upstream of the red-phase intersection reaches the maximum traffic density when a waiting queue is formed.

Therefore, the queue’s dissipation rate after the green light starts is reformulated, as:

= mex (11)
pS _Iomax

where o, is the traffic density corresponding to the maximum traffic flow. Obviously, in a specific region, the

queue’s dissipation rate is recognized as a constant, which can be used to predict the dissipation time of the queue.

Maximum flow

¢ .
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]
=
=
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Fig. 2. The flow-density diagram for the LWR model.

To consider the influence of a slow traffic flow, the arrive time to a signalized intersection is predicted for the
preceding vehicles. For this reason, the effective speed of the road is calculated based on traffic flow theory [30],

as:

q'(t)
P (1)

v;’a_[f’ ()=

(12)

where j means the j, region before the j, traffic light, thr'af (t) indicates current effective speed at the

corresponding region, whereas g’ (z) and p’(z) are the current traffic flow and density at that corresponding

region, respectively. If traffic count data is available, the traffic flow and density in a specific region can be estimated,

and the effective speed in that region can be determined. In fact, the availability of traffic count data is practical and
8
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can be achieved in the near future [31]. In this study, we assume that loop detectors are installed at each signalized
intersection and in the middle of each two intersections. In addition, loop detectors will provide a traffic information
vector of each passing vehicle, i.e., [Index, ¢, ..., Vi | » INcluding the index, arrive time and velocity of the vehicles.
With the support of traffic count data, the detectors at intersections can easily estimate the number of vehicles in
that region, and the data from the detectors between two traffic lights can be utilized to estimate the traffic flow and

density, as:

num’

J )= veh 13
q'(t) ot (13)
J numt{eh (t)
)y=—"— 14
p ( ) (tz - tl )véver ( )
v o= _ 2 v 15
aver num‘{gh (t) - i ( )

wherei=1,2,3, ... means the 7, vehicle in the region, num’, is the number of vehicles in the j, region, ¢ is the
arrive time to the loop detectors for the 7, vehicle, and v/ is the average speed of the passing vehicles. Finally,

based on (12) to (15), the arrival time to the next traffic light of each vehicle can be predicted,

dtj 7
o= 0 (e
tri]

where d/,

denotes the length of the j, region. Thus, the arrival time to next traffic light of each preceding vehicle
is determined and continuously updated according to the current traffic flow and traffic density. By this manner, the
prediction of the traffic uncertainty includes the anticipation of queue discharge and preceding vehicles.
C. Optimal Eco-Driving Control Formulation

In this study, the aim of eco-driving control at signalized intersections is to optimize the host vehicle’s velocity
profile for energy-saving by considering the constraints of driving safety and traffic lights. The state variables vector

x include the velocity and position of the host vehicle, and the control variable u is the longitudinal acceleration.

Therefore, the objective function, the constraints and the system dynamics of the OCP are formulated, as:

J= J‘OT (A Prige + o Pagery + 5 E(x,10))dlt an
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amm max

Vo = Viuitial (18)
dy=d,ia

T<T,,

Ad(t v(t

\d (1) Z[ ( )} )
Av(t) | a(®)

where E(x,u) is the instantaneous electricity energy consumption, A are adjustable weight factors to balance

different indexes, p,,, and p,

ey 1€ the penalties from traffic lights and preceding vehicles, and these penalties

are triggered when drive through a red light or a collision happens. a,, and «,_  are the limits of acceleration,

n max

v, and v__ are the limits of velocity, v, and d, are the initial velocity and position of the host vehicle,

respectively, and 7 is the travel time for the whole scenario. It can be found that the OCP contains nonlinear
constraints from traffic lights and preceding vehicles, and consequently, it remains challenging to directly solve it
using traditional optimization algorithms. Previous studies attempted to solve this problem by proposing modified
optimization frameworks or algorithms, such as iterative DP algorithm and hierarchical optimization framework
[23, 26]. However, any improvement of the calculation efficiency is reported to be achieved when the optimality of

performance is sacrificed. In this study, a DRL-based method is leveraged to find optimal control decisions of the

OCP, thereby promoting performance with a slight calculation burden.

III. ECO-DRIVING CONTROL CONSIDERING TRAFFIC UNCERTAINTY AT SIGNALIZED INTERSECTIONS
To solve the multi-objective OCP of eco-driving control at signalized intersections, RL is applied to plan
velocity profiles for the host vehicle. The proposed scheme is described in Fig. 3, wherein a hierarchical framework
is implemented, in which the aforementioned traffic model is exploited to predict the traffic uncertainty, and a
modified traffic light model is developed to revise the SPaT information in the upper level. In addition, a DDPG
agent is designed to generate acceleration control decisions at multiple intersections under the influence of traffic

uncertainty.

10
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Fig. 3. Schematic of eco-driving control system at signalized intersections considering traffic uncertainties

A. Implementation of DRL for Eco-Driving Control

RL methods consider control systems as a Markov decision process, in which the next state s,,, only depends
on the current state s, and the control action a,. The action is determined via a control policy 7(s,,a,), and a

reward 7, is observed from the environment. In those methods, the aim of the agent is to learn a policy for

maximizing the cumulative reward, also called Q-value, which can be formulated as follows:

Q(St,at)zr(st,at)+}/maxZT:r(sl.,ai) (20)

i=t+1
where 7 is the duration of the whole scenario, and y is the discount factor. Eq. (20), referred to as the Bellman

function, can be recursively formulated, as:

O(s;,a,)=r(s,,a,)+ymax O(s,.,,a,,,) 21
A classic actor-critic architecture is typically employed in RL methods. In that structure, there are two crucial
components, i.e., the policy function and the Q-value function, which account for generating actions and estimating
the maximum cumulative reward. To concern the requirement of non-linear approximators under complicated state

spaces and continuous actions, the DDPG algorithm is utilized to solve the OCP of eco-driving control. The DDPG

11
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agent applies the policy gradient method to train the action and critic module, which can approximate the policy
and the Q-value function through deep neural networks, and generate continuous actions [32]. To balance the
conflict of energy-saving and pursuing speed, a green light optimized speed advisory (GLOSA) algorithm [33] is

leveraged to calculate the reference target speed for the DRL controller. The target velocity is formulated, as:

Vtar = maX(fW : thimax 4 1 1 : vtlimin) (22)
Voo green phase
Vi o =1 d 23
i —_ red phase (23)
d
£, green phase
Z‘remain
vtl_min = (24)
a , red phase
tremain green

and v

t! _min

where v

tl_max

represent the maximum and minimum velocities to pass the next traffic light at the green

and v

t/ _min

phase, respectively. Note that v

tl _max

should satisfy the constraints of speed limits of the road. The

parameter d, is the distance to the next traffic light, ¢ is the remaining time of current phase, ¢ and ¢,

remain green

are the time duration of green and red phases, and £, is a factor to adjust the target velocity.

1) State and action variables

The state vector is designed to illustrate the current state of the eco-driving system. In some previous studies,
all possible variables are selected to represent the state of the host vehicle, traffic light and preceding vehicles [34].
However, a quite large state-space model is entailed, leading to difficulty in learning convergence. The state

variables are simplified with the help of target velocity, and the variables include host vehicle velocity v, host

vehicle acceleration a , velocity deviation Av, velocity deviation integral Av,

inte

and velocity deviation derivative
AV’ . Note that velocity deviation represents the deviation between the host vehicle’s velocity and the target velocity.

The host vehicle’s velocity v and acceleration a can describe the motion of the host vehicle whereas the other

variables can provide necessary information of speed pursuing state to pass the next traffic light in a green phase.
Furthermore, the acceleration is selected as the action variable to plan the velocity profiles for the host vehicle to

achieve energy-saving at signalized intersections.
12
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2) Reward function

The reward function should be designed to encourage the agent to pass traffic lights in a green phase and reduce
energy consumption at the same time. Therefore, the reward function at signalized intersection scenarios mainly
consists of three aspects. The first one is energy consumption reward. The second one says the travel time should
be maintained within an acceptable range. The third aspect is related to driving safety, i.e., obeying traffic rules,
including traffic lights and speed limits. It should be noted that an emergency braking policy is applied to avoid
collisions, and this item is not included in the reward function. Based on the above discussion, the reward function
corresponding to energy consumption is designed as follows:

r,=—f -E(v,a,a) (25)
where f, is a weight factor of the energy consumption reward. Furthermore, a penalty is added to the reward

function by considering acceleration to avoid frequent speed variations, minimize energy consumption and ensure

driving comfort. A quadratic penalty function is considered for acceleration, presented below.
2
r,==f,a (26)
where f, is a weight factor. The above item generates a penalty to critic module when acceleration or deceleration

emerges, especially in short maneuvers with a higher amplitude. In addition, the agent is encouraged to track the
target velocity for passing traffic lights at green phase. A penalty velocity item of the reward function is formulated

as follows:

2
n==f W —V) 27
where f, is a weight factor. This penalty item enables the agent to eliminate exceed velocity deviations to the target

velocity. However, it does not ensure a preferable tracking of the target velocity. For instance, velocity cannot stably
follow the target velocity in a small velocity deviation situation as other reward terms dominant the final reward.
Moreover, a positive reward item is necessary to encourage the host vehicle to move forward to the destination.

Hence, another two terms to velocity are designed, as:

_ 1 _(Av—p)’
Vor = Jopr Toro exp( = ) (28)

13
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Bus Vi min SVEVy
r, = (29)

—Bu Vi min = vijvzy

tl _max

where 7, is the positive reward to velocity deviation which satisfies a normal distribution, # is the mean value of

normal distribution, and o is the standard deviation of the normal distribution. 7, is the positive reward to velocity

and encourages the host vehicle to move forward, as long as the velocity is maintained within the boundaries when

passing the next traffic light at a green phase. S, indicates the constant value for positive reward, and f,, is a

weight factor. Finally, a reward for safety is designed to penalize behaviors like violating traffic rules when the host
vehicle passes traffic lights at a red phase or violate the speed limit. By contrast, the safety reward is zero if there is

no unsafe behavior occurs. Hence, a piecewise function for safety reward is presented as follows:

(30)

L —

{—ﬂmfe, traffic rules violated
P .

0, otherwise

where S

safe

is the penalty for safety reward. In this manner, the total reward function can be formulated by adding

all items as presented below.

r:rTL+r;‘l+ra+rv+rvpr+re (31)

B. Eco-Driving Approach Considering Traffic Uncertainty

As elaborated earlier, in real-world conditions, the SPaT information of the next traffic light may not be exactly
the same as practical conditions, due to the waiting queues and slow traffic flow. To address this limitation, a
modified traffic light model is developed to revise the affection of traffic uncertainty on SPaT information,
combining with the established traffic model. As such, the modified SPaT information is transferred to the DRL
controller to realize eco-driving control considering the influence of traffic uncertainty as shown in Fig. 4.

The crucial information of traffic light consists of its state s7,, position p, and remaining time ¢,, . Based on
this information, the target velocity can be obtained via (22) to (24). In this study, the lane change action is ignored,
and the host vehicle and preceding vehicles are assumed to drive in the same lane. Thus, the existence of any

preceding vehicle prevents the host vehicle from passing the signalized intersection, and the modified traffic light

state is corrected to red phase to accommodate it.

14
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Fig. 4. Schematic of eco-driving control using a modified traffic light model and DRL

The modified state of the next traffic light is corrected as s¢;, according to the following rule:

st,, num!, =0
sty = (32)

20

red, num!,
The modified state of traffic light switches to red when there are preceding vehicles in the same region, otherwise
it keeps the actual state of traffic light. The motion state of the last preceding vehicle is leveraged to modify the

position and remaining time of the next traffic light when sz is transferred to red phase. The modified rules can be

divided into three cases to differentiate the influence of formed waiting queues, forming waiting queues and slow
traffic flow.

1) Case I: the queue process is completed, and the last preceding vehicle stops before the next traffic light. The
switch conditions are shown below:

iy el ]

tpre (t) < tcur & vend - 0

end

(33)

where ¢77(¢) is the predicted arrival time to next traffic light for the last preceding vehicle, ¢° and ¢° are the

end

starting and ending time of the red phase means the current time, and v, , is the velocity of the last preceding

> ZLcur
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vehicle. The modified position p;; and the modified remaining time 7¢

remain

of traffic light are formulated as follows:

pt(l = pt/ - Lqueue (34)
Lqueue = (LO + Lveh )numqueue (35)
t:emain (t) = tremain + dtremain (t) + é‘l (3 6)
d 1 ( t) Lqueue ¢ 3
remain = " bremain 7
: (37)

dr

where L is the queue length, num

‘queue

is the number of vehicles in the queue, L, is the standstill spacing, L,

queue

is the length of each vehicle, dt is the correction value of remaining time, and &, is the timing buffer to ensure

the safety. In this situation, a waiting queue is already formed, and a constant postponement to the actual remaining
time is generated according to the predicted queue’s dissipation time. This case typically occurs when the host
vehicle is approaching next traffic light.

2) Case II: the waiting queue is forming, and the last preceding vehicle is approaching the next traffic light.
The switch conditions are shown below:

el ]

tr()y>t, &v,, >0

nd end

(3%)

Similar to Case I, the modified position p; is predicted base on (34) and (35), whereas the correction value of

remaining time dt is formulated, as:

remain

L t
dlremain (t) = queuE( ) + tremain (3 9)
Cdr

In this situation, the waiting queue undergoes forming or is not formed yet. However, the traffic model predicts
there will be a waiting queue ahead, and the remaining time of the current phase is dynamically updated. Therefore,
the modified remaining time is predicted combining with the motion of the preceding vehicles, actual remaining
time and predicted queue length. In this case, there is normally a long distance between the host vehicle and the
next traffic light.

3) Case III: the last preceding vehicle can pass the next traffic light at green phase and the host vehicle will not

be affected by any waiting queue. The switch conditions are shown below:
16
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re b e
t;d(l‘)E[l‘g,th (40)
where t;’ and 7 are the starting and ending time of the green phase. The last preceding vehicle can pass the next

traffic light without idling, which indicates that the motion of the host vehicle will not be affected by any waiting
queue. Hence, the modified position of the traffic light is consistent with its actual position, and the correction value

of the remaining time dt is formulated, as:

remain

dtremain (t) = t;ﬁ: ([) - tcurr - Zremain (4 1)
In this situation, the velocity profile of the host vehicle is affected by the preceding traffic flow instead of a waiting
queue. Therefore, a time-varying postponement of the remaining time is designed to avoid unnecessary idling before

a traffic light. On this basis, a modified traffic light model is developed, and the modified position p; and modified

SPaT information of the traffic light [St;,tfemm] are leveraged to calculate the target velocity using the GLOSA

algorithm. As a result, the host vehicle can anticipate potential waiting queues or traffic flow before the next traffic
light and can reasonably optimize its velocity profile to reduce energy consumption and eliminate unnecessary

idling as much as possible.

IV. SIMULATION VALIDATIONS

To verify performance of the proposed method, several simulation case studies are conducted under a
MATLAB/Simulink platform. A virtual traffic environment model [35], including traffic lights, preceding vehicles
and road grade, etc., is employed to test eco-driving control strategies. In this study, the motion of preceding vehicles
is controlled by IDM according to real-time driving conditions in which all preceding vehicles are assumed to have
a same desired driving speed of 18 m/s. Three benchmark approaches are constructed to validate the proposed
method (called MG-DRL). The first benchmark method (i.e., IDM) is an IDM-based strategy, which is selected to
simulate the behavior of human drivers in the virtual traffic environment. The mathematical description of IDM is

formulated, as:

s (v(t ),Av(t)))z] (42)

0 5o

a(t):amax[l_(v . S(t)
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v(t)- Av(t)

2 a_. b (43)

where v, , is the desired speed, o is the acceleration exponent, s~ is the desired headway distance, 7 is the

s =5, +T-v(t)+

constant time headway, b is the desired deceleration, and s, is the minimum safety distance. The basic parameters

of the IDM model in this study are presented in Table 1.

Table 1. The basic parameters of the IDM model

Characteristic Value
Desired speed (m/s) 18
Acceleration exponent 4
Constant time headway (s) 3
Desired deceleration (m) 1.6
Minimum safety distance (m) 3

The second benchmark method (i.e. G-IDM) is a GLOSA-based strategy, which plans the velocity profile
according to real SPaT information without considering traffic uncertainties [20]. f,, is set to be 0.6, which is the

same as what was set in the proposed method, whereas an IDM-based model is conducted to follow the velocity
planning result obtained from the GLOSA algorithm. Similarly, the third method (i.e., G-DRL) plans the reference
velocity based on the GLOSA algorithm, and it uses the DRL-based controller to optimize driving speed by
considering energy efficiency. The basic parameters of the host vehicle are presented in Table 2.

Table 2. The basic parameters of the host vehicle

Characteristic Value
Mass (kg) 1640
Frontal area (m?) 227
Air drag coefficient 0.3146
Tire rolling radius (m) 0.316
Rolling resistance coefficient 0.008
Battery capacity (Ah) 325
Final gear ratio 7.94

A. DRL Parameter Setting and Training

The main parameters of the DRL algorithm are presented in Table 3. Two deep networks are designed to
construct the actor network and the critic network, which consist of five and six hidden layers, respectively. These
two networks are trained based on an actor-critic structure, and the reward is calculated according to (25) to (31) at
each episode. A route with six traffic lights is selected to train the DDPG agent, and the maximum training episode

is set to 500, whereas the sample time of the simulation is set to 0.1 s.
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Table 3. Parameters setting of the DRL algorithm

Parameters Value
Number of neurons in critic network 60
Number of neurons in action network 60
Learning rate of critic network 1.00e-3
Learning rate of action network 1.00e-4
Number of layers in critic networks 6
Number of layers in action networks 5
Number of neurons in hidden layers 120
Target smooth factor 1.00e-3
Minibatch size 268
Discount factor 0.99
The weight of energy consumption f, 25
The weight of acceleration penalty f, 0.2
The weight of velocity deviation penalty f, 0.025
The positive reward for velocity £, 0.8
The penalty for safety reward ﬂmﬁ, 1000

To train the agent under different driving scenarios, several system parameters are randomized at each episode,
including the initial state of the host vehicle and preceding vehicles as well as the SPaT information. The training
result is shown in Fig. 5, the average accumulative reward increases sharply at the beginning of training, and it
gradually stabilizes after around 200 training episodes. Due to the randomness of initial conditions, the accumulative
reward of each episode has a slight difference after convergence. Thus, a trained DRL-based controller is obtained
for online execution, in which the controller can directly generate acceleration decisions according to the state of

the system.

1000
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Fig. 5. Convergence of training.
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B.  Analysis of Energy Efficiency
To verify the energy-saving performance of the proposed eco-driving approach, a driving scenario with six

signalized intersections and six preceding vehicles is constructed to simulate different eco-driving approaches for
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comparison. Besides, the positions of traffic lights are randomized to distinguish them from the training scenarios.
The simulation results of distance profiles are shown in Fig. 6 (a). Obviously, the velocity profile of the MG-DRL
method can be preferably optimized in advance without unnecessary idling or deceleration, and the host vehicle can
exactly pass each signalized intersection at available green phase. By contrast, the IDM-based method can only
follow the desired speed, which has to stop three times before traffic lights in this scenario. As shown in Fig. 6 (b),
compared with IDM-based method, the G-DRL and G-IDM methods can plan similar low speed to pass the fifth
intersection while the host vehicles of these two approaches are affected by the waiting queue before the traffic light.
By contrast, the proposed MG-DRL method successfully predicts the emergence of the waiting queue, and a lower
driving speed is planned to avoid idling. Fig. 6 (c) illustrates the modified SPaT information to consider the slow
traffic flow. In summary, the proposed modified traffic light model can accurately modify the SPaT information. A
modified red phase is observed and dynamically updated when there are preceding vehicles ahead, thus impacting
the velocity planning in a complicated urban road.

The generated velocity profiles are shown in Fig. 7. The host vehicle under the proposed MG-DRL method
maintains a reasonable driving speed throughout the whole trip. A relative low speed is planned when a potential
waiting queue is predicted ahead to pass the next traffic light smoothly (such as the one happens around t=50 s and
t=300 s in the figure). In other situations, the host vehicle drives at an ecological speed to pass the traffic lights and
reduce energy consumption. According to the results, velocity profiles under the G-DRL and G-IDM methods have
similar trends in most of the cases. However, the G-DRL method shows fluctuations in velocity when the host
vehicle is approaching the preceding vehicles. The reason is that the G-DRL method does not integrate the influence
of preceding vehicles into the DDPG agent, and therefore, the simple switch logic in this method leads to frequent
switches between the DRL-oriented and emergency braking modes. Fig. 8 presents the results of acceleration
distribution and idling time proportions. As shown in Fig. 8 (a), compared with the benchmark methods, the host
vehicle under the MG-DRL method notably reduces acceleration time by applying an ecological velocity planning.
Besides, all acceleration decisions are maintained within a small range to reduce energy consumption and guarantee
the driving comfort. Moreover, the idling proportion results, shown in Fig. 8 (b), reveal that unnecessary idling is

eliminated under the MG-DRL method, which significantly contributes to reducing acceleration duration.
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Fig. 6. Position profiles of different methods when there are six preceding vehicles. (a) the position profiles of the whole

scenario, (b) the position profiles of the fifth intersection, (c) the position profiles of the third intersection.
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Fig. 8. Results of acceleration distribution and idling proportion. (a) acceleration distribution, (b) idling proportion

The simulation results of different approaches are summarized in Table 4. The proposed method generates a
notable energy-saving improvement of 24.29% compared with the IDM method, which is regarded as human drivers
in this study. Furthermore, superior performance in energy consumption is raised by the proposed method, compared
with the other existing eco-driving approaches which do not integrate traffic uncertainties into their controllers. In
addition, all schemes have slight difference in the whole travel time, indicating that the proposed method improves
the energy efficiency without remarkably sacrificing traffic efficiency. It should be noted that, compared with the
G-IDM method, the G-DRL method consumes more energy due to its frequent mode switching. To sum up, the
MG-DRL method is demonstrated to effectively handle the traffic uncertainties in multiple signalized intersections,
and the energy-saving performance is significantly improved compared with the benchmark approaches.

Table 4. Simulation results under different approaches

Battery energy

. Improvement . Idling time
Method COIl(Slll\l’XI]l}];);IOH (%) Travel time (s) proportion (%)
IDM 0.7 - 369.6 21.73
G-IDM 0.6 14.29 370.1 16.86
G-DRL 0.63 10 368.9 17.40
MG-DRL 0.53 24.29 370.5 0

C. Analysis of Adaptability

To verify the adaptability performance of the proposed method in different traffic scenarios, a Monte Carlo
simulation is conducted to fully explore the performance of the proposed method. The simulation involves 500
various trials for each method in the same road. While, the traffic parameters, including initial SPaT information of
traffic light, the number of preceding vehicles and initial state of preceding vehicles, are all randomized in each
interval. To fully explore the adaptability of the proposed method, the energy consumption, travel time, idling time

proportion and low-speed time proportion are summarized for comparison. The speed boundary (1.39 m/s) is
22
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selected to judge the vehicle in a low-speed state [26].

Table 5 summarizes the average energy consumption and travel time. Compared with the IDM method, an
average improvement of 17.65% is observed, indicating that the proposed method can improve energy efficiency in
different traffic conditions. In addition, an average energy consumption reduction of 5.77% is achieved, compared
with other two eco-driving approaches. Furthermore, the travel time of the proposed method doses not have
significant increase, and the idling time and low-speed time proportion are remarkably decreased. Note that the
extreme congestion scenarios where idling is inevitable for the host vehicle, are not discussed in this study. The
reason is that eco-driving approaches considering the SPaT information, have limited contribution to energy-saving
in these extreme scenarios [25].

Table 5. Average simulation results under different traffic scenarios

Average batte average
& y energy . e Average idling Average low-
energy . Average travel  Time variation . . .
Method . consumption . o time proportion speed time
consumption . time (s) (%) o N
improvement (%) proportion (%)
(kWh) %)

IDM 0.68 - 381 - 13.35 13.02
G-IDM 0.6 11.76 370 -2.4 8.72 7.84
G-DRL 0.59 13.24 369 -2.8 5.25 5.69

MG-DRL 0.56 17.65 382 0.82 1.7 2.63

Specially, two tests with different number of preceding vehicles are selected to further analyze the influence of
different traffic conditions, which are defined as Scenario A and B. The number of preceding vehicles in these two
scenarios is set as 3 and 9, respectively. These two scenarios are regarded as lighter and heavier traffic congestion
levels, and other traffic parameters are set the same as the simulation in Section IV-B. Fig. 9 illustrates the position
profiles of these two scenarios. The results demonstrate that the proposed MG-DRL method still has superior
adaptability in different traffic scenarios, and the host vehicle under the MG-DRL method can accurately pass each
intersection without idling. As shown in Fig. 9 (a), all three eco-driving approaches have similar trends in position
profiles in a light traffic scenario. The reason is that the waiting queue does not have significant impact on the
motion of the host vehicle in this traffic scenario. Besides, the slow traffic flow is concerned in the first and second
intersections, wherein the host vehicle plans an ecological speed to eliminate deceleration and extra energy
consumption when approaching the preceding vehicles. By contrast, as shown in Fig. 9 (b), the MG-DRL method
plans a preferable velocity profile to avoid unnecessary idling when a potential traffic intervene is predicted,
especially in the first two intersections. The velocity profiles are shown in Fig. 10 (a) and (b), in different scenarios,
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and it can be observed that the MG-DRL method can effectively plan driving speed within a reasonable range.
Additionally, the proposed method significantly restrains speed waves, unnecessary decelerations and idling,

compared with other approaches. The results verify that the host vehicle can satisfactorily tackle the traffic
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Fig. 9. Position profiles in different traffic scenarios. (a) Scenario A, (b) Scenario B.
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energy economy improvement of 30.64% compared with the IDM method. Moreover, an upward tendency in the
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energy efficiency improvement is observed with the increase of idling time proportion. The reason is that the waiting
queues and slow traffic flow tend to emerge at signalized intersections, and the traffic uncertainty imposes more
impact on the velocity planning in a high-level congestion scenario. By contrast, all three eco-driving approaches
have similar contributions to the energy consumption in Scenario A which represents a light traffic condition.
Compared with other eco-driving schemes, the proposed MG-DRL method provides a modest average energy
efficiency improvement of 3.74% in free-flowing traffic conditions. To conclude, the proposed method is validated
to show strong adaptability in different traffic scenarios, and the energy efficiency is effectively promoted in all
scenarios, especially in high-level congestion scenarios.

Table 6. Simulation results under different traffic scenarios

Scenario A Scenario B

Energy Id.hng Energy Travel Idhng

. Improvement  Travel time . Improvement . time

Method consumption 0 . . consumption o time .

(kWh) (%) time (s) proportion (kWh) (%) s) proportion

(%) (%)

IDM 0.67 - 352.9 24.6 0.62 - 464.6 19.84
G-IDM 0.54 19.4 353.6 0.93 0.56 9.68 464.5 242
G-DRL 0.52 22.39 352.7 1.70 0.54 12.9 464.7 16.4

MG-DRL 0.51 23.88 355.8 0 0.43 30.64 468.1 0

V. CONCLUSIONS

This article proposes a DRL-based eco-driving approach to tackle the traffic uncertainty at multiple signalized
intersections with limited access to traffic data. The proposed method can ecologically plan velocity profiles at
signalized intersections, regarding the potential impacts of slow traffic flow and waiting queues, to avoid
unnecessary idling and decelerations. A hierarchy framework is developed, in which the upper layer predicts the
influence of traffic uncertainty based on a dynamics traffic model, and a modified traffic light model is constructed
to revise the actual SPaT information. In the lower level, a DRL-based controller is designed to plan ecological
driving speed according to the system’s states, including the motion of the host vehicle, revised SPaT information,
etc. Substantial simulations are conducted to validate the effectiveness of the proposed method, and the results
demonstrate that it significantly promotes energy efficiency when compared with both the human driver model and
other existing eco-driving approaches, with an average improvement of 17.65% and 5.77%, respectively. In addition,
the proposed method is demonstrated to have preferable energy economy in different traffic scenarios, and a growth

tendency of energy efficiency improvement is observed with the increase of traffic congestion level.
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Our future work will be focused on investigating eco-driving approach in complicated environments by

considering cooperation between multiple connected vehicles. The influence of driving style will be integrated into

the eco-driving approach.
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