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Abstract—Taking advantage of both vehicle-to-everything
(V2X) communication and automated driving technology, con-
nected and automated vehicles are quickly becoming one of the
transformative solutions to many transportation problems. How-
ever, in a mixed traffic environment at signalized intersections,
it is still a challenging task to improve overall throughput and
energy efficiency considering the complexity and uncertainty in
the traffic system. In this study, we proposed a hybrid rein-
forcement learning (HRL) framework which combines the rule-
based strategy and the deep reinforcement learning (deep RL) to
support connected eco-driving at signalized intersections in mixed
traffic. Vision-perceptive methods are integrated with vehicle-to-
infrastructure (V2I) communications to achieve higher mobility
and energy efficiency in mixed connected traffic. The HRL
framework has three components: a rule-based driving manager
that operates the collaboration between the rule-based policies
and the RL policy; a multi-stream neural network that extracts
the hidden features of vision and V2I information; and a deep
RL-based policy network that generate both longitudinal and
lateral eco-driving actions. In order to evaluate our approach,
we developed a Unity-based simulator and designed a mixed-
traffic intersection scenario. Moreover, several baselines were
implemented to compare with our new design, and numerical
experiments were conducted to test the performance of the HRL
model. The experiments show that our HRL method can reduce
energy consumption by 12.70% and save 11.75% travel time
when compared with a state-of-the-art model-based Eco-Driving
approach.

Index Terms—Hybrid Reinforcement Learning, Connected and
Automated Vehicle, Eco-Driving Strategy, Signalized Intersec-
tions.

I. INTRODUCTION

W ITH the rapid development of vehicle communication
technology, connected vehicles (CVs) have shown the

capability to improve traffic mobility and energy efficiency
via vehicle-to-vehicle (V2V) or vehicle-to-infrastructure (V2I)
communication [1]. Meanwhile, automated vehicles (AVs)
equipped with sensing technology (e.g. camera, Lidar, radar,
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etc.) and artificial intelligent (AI) technology can recognize the
environment and subsequently perform proper actions by fully
or partial automation [2]. Taking advantage of both vehicle-
to-everything (V2X) communication and autonomous driving
technology, connected and automated vehicles (CAVs) have
emerged as one of the transformative solutions to the current
challenges in transportation, such as traffic congestion, air
pollution, and energy consumption [3], [4]. Urban traffic at
signalized intersections is one good scenario to utilize the
advantages of CV-AV fusion, as the vehicles may have exten-
sive interaction with traffic signal timing and non-surrounding
vehicles, which is imperceptible from on-board sensors but
detectable via V2X communications.

In order to improve traffic efficiency and energy savings
around intersections, a series of CAV-based studies have been
conducted. Rios-Torres et al. summarized the relative studies
and the research trend of CAVs on the connectivity-based
intersection driving optimization [5]. Lee et al. proposed a
cooperative vehicle intersection control (CVIC) system to
enable the interaction between vehicles and infrastructure to
optimize the efficient intersection operation [6]. According
to the study conducted by Guler et al., the increase in the
penetration rate of CV in low demand traffic can significantly
reduce the average delay of passing intersections by applying
connected platooning control [7]. Elhenawy et al. proposed
a game-theory-based control algorithm for cooperative adap-
tive cruise control (CACC) based AVs, which reduces travel
time and delay [8]. From the eco-driving perspective, De
Nunzio et al. proposed an optimal-control-based eco-driving
algorithm under traffic-free (i.e. there are no other vehicles)
intersection networks by using V2I-based traffic signal data
[9]. Hao et al. proposed an Eco-Approach and Departure
(EAD) system and evaluated the EAD application in real-
world traffic, which takes the advantage of signal phase and
timing (SPaT) and Geometric Intersection Description (GID)
information broadcasted by the traffic signals [10]. Fei et al.
proposed an eco-driving strategy by predicting the speed of
the preceding vehicle, which can work well under congested
intersections [11]. In addition, according to the research con-
ducted by Wang et al., the penetration rate of CAVs positively
affects the energy efficiency of the signalized traffic network
[12]. The aforementioned approaches are, to the most extent,
rule-based or model-based algorithms. These traditional rule-
based and model-based driving control strategy can generate
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precise control trajectories and is easy to define and recognize,
but most of these conventional algorithms are dependent on
ideal assumptions. For instance, some intersection-cooperative
driving methods [13], [14] assume that the environment is
traffic-free, which may fail to work in real-world traffic
conditions. Some studies (e.g., [9], [6]) assume 100% CV
penetration rate (i.e. all vehicles are fully connected), which is
not realistic at least in the near future. Additionally, some eco-
driving approaches [15], [10], [16] only care about longitudinal
maneuver to improve the energy performance, ignoring the
potential of lateral maneuvers under a dynamic traffic envi-
ronment. These simplifications of the real system limit the
capability to incorporate complex dynamics when the system
environment is complex or unknown.

Hence, to overcome the of longitudinal-only maneuvers, Jia
Hu et al. proposed an optimization-based overtaking method
for eco-approach under a signalized intersection [17]. The
eco-approach process is formulated into an optimal problem
constrained by the energy-saving purpose. Considering the
cooperation between CAVs, AVs and Human-driven Vehicles
(HVs), Weiming Zhao et al. proposed a platoon based co-
operative eco-driving model under mixed traffic environment
based on model predictive control (MPC) method. The results
show that the proposed model does not compromise the traffic
efficiency and the driving comfort while achieving the eco-
driving strategy [18]. Huang et al. [19] provided a detailed
review on model-based Eco-Driving methods and discussed
the limitations and future directions of the Eco-Driving tasks.
In summary, the main advantages of the model-based Eco-
Driving approaches are evident, e.g., stable performance, in-
terpretative mechanism, and readily for commercialized imple-
mentation. Nevertheless, the uncertainty of traffic environment,
along with the complexity of the driving strategies will signif-
icantly increase the difficult for designing such a model-based
methods, thus diminishing their advantages. Currently, most
of the model-based Eco-Driving approaches usually integrate
rule-based schemes to decompose the overall Eco-Driving task
into several sub-tasks that can be solved individually. Hence
the generalization and adaptation ability of these methods can
be further improved.

Recently, with the development of machine learning (ML)
[20], it is possible to solve the aforementioned constrains by
utilizing the tremendous generalization power of deep learning
(DL) [21] and reinforcement learning (RL) [22], which do not
rely on specific models or rules. Particularly, reinforcement
learning has demonstrated its significant power in dealing with
policy learning tasks by itself without predefined human rules
or models in a complex environment [23], [24], including
transportation. Owing to the great capability of RL, many
researchers are trying to apply RL algorithms into autonomous
driving tasks. A deep RL-based autonomous driving frame-
work was proposed by Sallab et al. to enable automatic lane-
keeping with interaction with simple traffic [25]. Desjardins et
al. proposed an RL-based cooperative adaptive cruise control
(CACC) method by utilizing V2V information, which can
result in efficient behavior in CACC [26]. Shalev-Shwartz
proposed an RL-based safe driving model, which enables
multi-agents to merge smoothly in a double-merge scenario

[27] . For signalized intersection scenario, Chen et al. proposed
a hybrid reinforcement learning based driving behavior control
model, which enables the vehicle to interact with the traffic
signal (i.e. stop or go with different phase) [28] . Most
existing RL-based algorithms focused on lane-keeping, CACC,
merging and traffic-signal interaction, but few RL algorithms
are used in long-term intersection-based eco-driving (LIED)
strategy to the authors’ knowledge. One reason may be that
RL algorithms are good at solving single logical tasks, while
the LIED is a multi-logical task with at least three different
tasks: (1) Energy-efficient driving, which requires the vehicle
to drive through the intersection with less energy consumption.
(2) Interaction with signals, which requires the vehicle to react
properly with the traffic signal; and (3) Interaction with traffic,
which requires the vehicle to keep safe distance with other
vehicles.

In this study, to further explore the eco-driving strategy of
CAV under mixed connected traffic around a signalized inter-
section, we proposed a hybrid reinforcement learning (HRL)
framework to learn the LIED strategies. The key innovations
of this research include: (1) we propose an HRL framework
for a logically complex task, i.e. time-efficient eco-driving in
signalized intersections with mixed traffic; (2) an innovative
long-short term reward (LSTR) model to provide the RL
model with the ability to learn complex driving strategies from
conflicting factors (i.e. speeding-up and energy-saving); (3)
The traffic environment is considered as mixed traffic where
the other vehicles are human-driven and unconnected with
diverse dynamic characteristics; (4) a multi-sensor-based RL-
network is used to enable ego-vehicles to interact properly
with the mixed traffic; and (5) a game-engine based simulation
platform is designed and numerical experiments are conducted
to assess the proposed model compared with several baselines.

The following section provides details of the problem
formulation, which includes the design of traffic environ-
ment and ego-vehicle, along with the HRL-based eco-driving
framework, which includes the system architecture, algo-
rithms design of decision manager, preprocessing, eco-driving
RL algorithm, and the definition of network structure. The
methodology section is followed by the experiment section
which introduces the simulator development and the proce-
dures of training and testing. Next, the Game-Engine based
simulator design and comprehensive numerical experiments
are conducted to comprehensively assess the performance of
the proposed method. The last section concludes the paper
with a discussion on future work.

II. PROBLEM FORMULATION

The main purpose of this study is to design an RL-based
framework for vision-based CAVs to perform eco-driving
strategies under mixed traffic in the signalized intersection.
This topic is substantially an optimal policy learning task.
There are three main goals of the policy: (1) to save energy,
(2) to reduce the travel time, and (3) to interact with traffic
and signals safely.

RL has five key compositions [29] and the connections
between these compositions and the traffic elements in this
paper are shown as follows:
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Fig. 1: The traffic environment visualization which includes
ego-vehicle (red), other vehicles (blue), traffic signal, road-
side V2I unit, and on-board sensors.

• Environment: traffic environment which includes various
kinds of vehicles and a fixed-timing signalized intersec-
tion;

• Agent: the ego-vehicle which can perceive the environ-
ment via a front camera and V2V-based SPaT (Signal
Phase and Timing) information;

• Policy: the proposed eco-driving policy;
• Action reward: the short-term benefit (i.e. speed reward,

energy consumption) of taking action right at this moment
and the long-term benefit (i.e. total travel time, total
energy consumption) of the journey;

• Action-value function: the function to determine which
action is the best choice at the next moment to achieve a
long-term optimal result.

The above elements indicate that the issue in this research
can be well interpreted by the RL framework. The RL frame-
work is established based on Markov Decision Process (MDP)
which is a mathematical framework for decision making via
the interaction between a learning agent (the ego-vehicle
in this paper) and its environment (i.e. mixed traffic and
signalized intersection) in terms of state, actions and rewards
[30].

To be specific, the mixed traffic environment at a signal-
ized intersection (Environment) and HRL-based ego-vehicle
(Agent) are discussed below in this section. Additionally, the
HRL framework (Policy), the LSTR model (Action reward),
and Deep RL Network (Action-value function) are discussed
in the next section, respectively.

A. Traffic Environment

The traffic environment includes three main components:
the ego-vehicle, conventional vehicles (i.e. other vehicles in
the simulation), and a five-lane signalized intersection (as an
example), which is shown as Figure 1.

To make the proposed environment similar to real traffic,
we design various vehicle types and dynamic traffic signal
scenarios. To be specific, vehicles in the simulation consist
of five different dynamic models and behavior strategies. For
the conventional vehicles’ longitudinal control, we applied
intelligent driver model (IDM) [31] to generate the instant
longitudinal acceleration, which is shown as follows:

a
(i)
free(t) = a ·

(
1−

(
v(t)

vtar

)2
)

(1)

a
(i)
int(t) = a ·

1−
(
v(t)

vtar

)4

−

s0 + v(t)T + v(t)∆v

2
√
ab

s

2

(2)

ẍ
(i)
lon(t) =

{
a

(i)
free(t), no leading vehicle
a

(i)
int(t), otherwise

(3)

where a(i)
free(t) and a(i)

int(t) represent the i-th vehicle’s acceler-
ation when there is no leading vehicle and there is a leading ve-
hicle in the current lane, respectively. Specifically, parameters
a, b, v, vtar, T,∆v, and s0 represent the maximum accelera-
tion, maximum deceleration, current longitudinal speed, target
speed, safe time headway, speed difference with front vehicle,
and minimum distance for the i-th vehicle respectively. Finally,
ẍ

(i)
lon(t) represents the longitudinal acceleration for the vehicle.
For the lateral control, we designed various lane changing

rates, Rlat, for conventional vehicles to describe the probabil-
ity for taking the lane-changing maneuvers at each time step t.
Furthermore, this Rlat can also represent the human drivers’
lateral driving behaviors. In this paper, the low-level lateral
control models are designed as follows:

x
(i)
lat(t+1) =


x

(i)
lat(t) + vlat, rlat(t) ≤

R
(i)
lat

2

x
(i)
lat(t) ,

R
(i)
lat

2
< rlat(t) ≤ 1− Rlat

2

x
(i)
lat(t)− vlat, rlat(t) > 1−

R
(i)
lat

2
(4)

where rlat(t), x(i)
lat(t), vlat represent the random lane-changing

flag, lateral position and lateral driving velocity, for the i-th
vehicle at time step t, respectively. The rlat(t) ∼ U(0, 1) is
updated at each time step t. Table I shows more details about
the kinematic model for the various conventional vehicles.

TABLE I: The description of the kinematic model of the
conventional vehicles.

Vehicle a b s0 T vtar Rlat

Type A 6.0m/s2 6.0m/s2 3m 1.5s 13.8m/s 0.3
Type B 5.0m/s2 4.5m/s2 3m 1.5s 12.5m/s 0.2
Type C 3.0m/s2 5.0m/s2 2m 1.2s 11.1m/s 0.2
Type D 3.0m/s2 3.0m/s2 3m 1.5s 9.72m/s 0.1
Type F 2.0m/s2 1.5m/s2 5m 1.5s 8.33m/s 0.1

For the traffic signal, we used fixed timing plan with 20s, 3s,
40s, and 1s as the duration of green time, yellow time, red time
and all-red time phases respectively. Every time the simulation
starts, the initial phase and time are randomly sampled in the
entire cycle duration.

B. Agent

In this paper, the ego-vehicle is modeled as an electric
CAV. The maximum acceleration and deceleration are set
as 3m/s2 and 3m/s2 respectively. Furthermore, the input
observation, energy consumption model (ECM) and output
action are defined as follows:
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TABLE II: The description of the observation space O.

Element Description
tg duration time of green phase
ty duration time of yellow phase
tr duration time of red phase
wf dangerous warning for the forward side
wl dangerous warning for the left side
wr dangerous warning for the right side
wc warning when collision happens
dr the remain distance to the stop line of the intersection
df the distance to the forward vehicle in the current lane
vf the velocity of the forward vehicle in the current lane
v the velocity of ego-vehicle
a the acceleration of ego-vehicle

1) Observation: In this study, the perception information
comes from three parts: (1) V2I communication-based sig-
nalized traffic signal information which includes the current
SPaT messages; (2) on-board sensors which include three
radar units (left-detecting distance dl, right-detecting distance
dr and front-detecting distance df ) and a front camera (output
image size: 320x160 pixels, 50fps); and (3) on-board diagnosis
(OBD) port which provides speed v and acceleration value a
of the ego-vehicle.

To enhance the learning performance with multiple inputs,
we find an efficient way to reduce the complexity of the input
observation without losing too much information. For the radar
data, we define three variables: the forward warning wf , the
left warning wl and the right warning wr. The definitions of
these variables are shown as follows:

Wd(t) =
3 + (v(t)− vf (t))2

2a(t)
(5)

wf (t) =

{
0, df (t) > Wd

1, df (t) <= Wd
(6)

wl(t) =

{
0, dl(t) > Wl

1, dl(t) <= Wl
(7)

wr(t) =

{
0, dr(t) > Wr

1, dr(t) <= Wr
(8)

where Wd, vf ,Wl,Wr represent the forward warning thresh-
old distance, forward vehicle velocity, left-warning threshold
distance and right-warning threshold distance separately. In the
simulation, Wl,Wr are both set as 2m. Thus, the observation
space O is composed of a 12-dimensional vector:

O = {tg, ty, tr, wf , wl, wr, wc, dr, df , vf , v, a} (9)

where the description of the elements in O is shown as
Table II.

2) Energy Model: For the energy consumption model
(ECM), we applied a previous developed and calibrated model
deriving from on-road driving data of a 2013 NISSAN LEAF
[32]. The original energy consumption model is shown as:

E(t) = E(v(t), a(t), α) (10)

where v(t), a(t), α represent the instant speed (m/s), acceler-
ation (m/s2), and road grade (rad) separately. In this study,
the road grade is set to zero. Additionally, in the original

model, braking-energy regeneration is included. In this paper,
however, we redefined the original model which is shown
below:

Eenergy(t) =

{
E(t), a(t) ≥ 0

0, a(t) < 0
(11)

where Eenergy represents the energy consumption model
applied in our framework. The main reason to truncate the
braking-energy regeneration in this work is that this compo-
nent will lead the agent driving slowly and finally stop without
moving along the training iterations. There may have a better
way to consider the braking-energy regeneration in a learning
model, but so far in our work, we simply get rid of this part
to make the whole learning system running successfully.

3) Action: As the main purpose of this study is to learn
an optimal strategy in both longitudinal and lateral driving
maneuvers. The output actions are defined as follows.

For longitudinal maneuvers, the action space Alon is

Alon = {1.0a, 0.8a, 0.6a, 0.4a, 0.2a, 0.0,
− 0.2a,−0.4a,−0.6a,−0.8a,−1.0a}

(12)

where a represents the maximum acceleration.
For the lateral maneuver, the target lane action space is

Alat = {−1, 0, 1} (13)

where −1, 0, 1 represent the left lane, the current lane, and the
right lane respectively.

To enhance the learning performance, we reduce the di-
mension of the total action space A by fixing speed during
lane-changing maneuvers (i.e. the ego-vehicle can only change
lanes when the longitudinal acceleration is zero). In this way,
the action space will be reduced from a 33-dimensional vector
to a 13-dimensional vector.

III. HRL-BASED ECO-DRIVING FRAMEWORK

A. System Architecture

In this research, we proposed the HRL-based CAV eco-
driving framework and algorithms for electric passenger
vehicles. Figure 2 illustrates the key components of the
hierarchical-RL based CAV eco-driving system which consists
of several components as described briefly below.

Fig. 2: The HRL-based Eco-Driving system architecture.

1. On-board computer: it houses the hierarchical-RL brain
which is the decision-making center of the whole system. The
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brain will receive and process the data. Then it will return the
longitudinal acceleration and target lane information to the
vehicle control center.

2. On-board radar: As defined in previous section, three
radar units are mounted in the ego-vehicle. One is installed
in front of the vehicle to detect the front distance and front-
vehicle velocity. The other two are installed at the left side and
right side of the vehicle to detect the left distance and right
distance. The range of the radar units is set to 100 meters. The
radar information is sent to the on-board computer as part of
the agent observation.

3. On-board camera: this is installed in the front of
the vehicle. The direction of the camera is the same as the
vehicle’s driving direction. As the key source of the traffic
perception, the camera information will be sent to the on-board
computer.

4. On-board diagnostics (OBD): this component can get
the instant speed and acceleration information and then the
message will be sent to the on-board computer as part of the
observation.

5. Traffic light and road-side unit: the signal controller
will send the real-time traffic light information to the road-side
unit. Then the road-side unit will send the information to any
CAV within its communication coverage.

As the most crucial component in the system, the
Hierarchical-RL brain aims to drive through an intersection
with less time and energy consumption by generating appro-
priate instant longitudinal acceleration and target lane. As we
have discussed above, driving through intersection is actually
a logically complex task. There are at least four sub-tasks:

1) cruise control that avoids collision with other vehicle;
2) lane-changing that improves the driving efficiency in the

mixed traffic;
3) Stop-in-red maneuver that stops the vehicle before the

stop line when the light is red or yellow;
4) Start-in-green mechanism that accelerates the vehicle

when the signal turns green.
So far, it is nearly impossible for one RL algorithm to

handle such a multi-phase task. In this research, we proposed
a HRL brain which combines the rules and RL algorithm. The
Hierarchical-RL brain consists of several components which
are illustrated as following sections.

B. HRL Framework
The framework of the HRL method is shown as Figure 3.

The HRL Agent interact with traffic environment through
reward Rt, observation Ot and action At. In the HRL agent,
there are five main components, which are (1) Deep RL
Policy: generating longitudinal and lateral driving actions; (2)
IDM Policy: generating longitudinal actions according to the
IDM model; (3) Emergency Breaking (EB) Policy: generating
longitudinal actions according to the EB Policy; (4) Decision
Manager: combining the first three driving policies according
to current driving situation; and (5) Safety-Based Rule Policy:
final safety-based constraints for generating action At.

The IDM policy is discussed in section II, the Decision
Manager, Deep RL Policy, EM Policy and Safety-Based Rule
Policy will be discussed in the following sections.

Fig. 3: The visualization for the HRL framework.

C. Data Preprocessing

In this research, the observation input of ego-vehicle con-
sists of (1) a 50fps raw image flow and (2) a 13-dimensional
vector for logical data. In most cases, the raw image data
will not be fed into the training network directly because
resizing raw images into a compatible and normalized format
for the convolutional neural network can greatly improve
the computational speed and learning performance. Besides,
the purpose of this study is to explore the ability of the
HRL to generate the eco-driving strategy for CAV. Hence,
considering the driving strategy relies on both spatial and
temporal information, instead of resizing the images, we also
need to transform multiple single-frame images into a multi-
frame spatiotemporal data format (MSDF). Specifically, in this
study, to include more information without making the input
data too heavy (having too many frames in one format), we
apply a select-stack preprocess method. Figure 4 shows more
detail about the preprocessing for image data and logical data.

For image data, the preprocess includes four steps as below:
1) Recording the raw image flow based on the time se-

quence;
2) Resizing every frame of the raw image flow into an 80×

80× 3 format.
3) Selecting one frame out of Nselect frames;
4) Stacking Nstack frame of images into a higher dimen-

sional data format: 80× 80× 3×Nstack.
In addition, this select-stack preprocess method is also

applied to logical data, which is shown as Figure 4(b).
Specifically, in this study, the Nselect and Nstack are both
set as 4.

Through the above preprocessing method, the training net-
work could get spatiotemporal observation data, which is
of considerable significance on the driving strategy learning
procedure.

D. Decision Manager

The key component of the Hierarchical-RL framework is
the decision manager which combines the manual-designed
rules and the RL algorithm to endow the framework with
the ability to handle complex driving tasks. In the decision
manager, the driving process is divided into different running
situations according to the immediate situations of ego-vehicle
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(a) Image data preprocessing.

(b) Logical data preprocessing.

Fig. 4: The select-stack process for data preprocessing.

and traffic signal. In this paper a warning factor, named Stop-
in-Red warning WSiR, is designed to differentiate the driving
situations. The definition of WSiR and the architecture of
the decision manager are shown in Figure 6 and Figure 5,
respectively.

According to Figure 6, when the vehicle enters the WSiR-
trigger area and the phase of current signal is red or yellow,
the WSiR(t) is set as True. On the other hand, if the vehicle
does not enter the trigger area or the current phase is green,
the WSiR(t) is set as False. The main purpose of Stop-in-
Red warning is to build a stable interaction between vehicles
and traffic signals. As the aforementioned discussions, it is
hard for a single RL method to learn complex driving tasks
with multiple driving stages. Thus, utilizing the Stop-in-Red
warning, the Decision Manager can dynamically combining
learning-based and model-based control methods to achieve a
complex driving task.

Therefore, the IDM policy and a modified emergency
braking policy (EB Policy) are integrated into the decision
manager. According to Figure 5, the IDM model’s output
will be activated when the ego-vehicle need to start moving
at an intersection when the phase of current traffic signal
becomes green. The EB model’s output will be activated when
the vehicle’s front distance is shorter than the EB threshold.
In this paper, the EB model is defined as ẋlon(t + δt) =
ẋlon(t)+aEB ·δt, where aEB , δt are set as −5.0m/s2, 0.02s.

E. Safety-Based Rule Policy

In order to make the whole driving strategy safer, we design
a Safety-Based Rule (SBR) Policy to finally check the output
from safety perspective. The definition of SBR model is shown
as Algorithm 1.

Algorithm 1 The definition of SBR model.

Input: aDM (t): The action from Decision Manager;
aEB : The action from EB Policy. wf (t), wl(t), wr(t):
Three near-warning factors from the forward side, left
side, and right side;

Output: a(t): The longitudinal and lateral actions.
1: function SBR(aDM (t), aEB , wl(t), wr(t), wf (t))
2: alatDM (t)← The lateral component of aDM ;
3: alonDM (t)← The longitudinal component of aDM

4: if wf (t) == True then
5: alon(t)← aEB ;
6: else
7: alon(t)← alonDM (t);
8: end if
9: if wl(t), or wr(t) is conflicted with alatDM (t) then

10: alat(t)← 0;
11: else
12: alat(t)← alatDM (t);
13: end if
14: a(t)← Combining alat, alon;

return a(t);
15: end function

From Algorithm 1, the final output a(t) is confined by the
safety warning factors: wl(t), wr(t), and wf (t). For example,
if the aDM (t) means “lane change to the right lane”, but the
wr(t) is “True”, then the action from aDM (t) will not be
executed and a relevant penalty will be added to the reward
function (more details about this penalty are discussed in next
section). Similarly, if the forward warning factor wf (t) is
“True”, the current longitudinal action will be replaced by
emergency braking (EB) model. Hence, utilizing the SBR
model, the final action a(t) will always stay in a safe range.

F. Deep RL for Long-term Eco-Driving

According to the above discussion, the eco-driving approach
of going through an intersection can be formulated as an
Markov Decision Process (MDP) in which the agent interacts
with the environment. In this research, we applied Dueling
Deep Q Network (Dueling DQN) as our basic RL framework
and in terms of Long-term Eco-driving tasks, we proposed an
innovative reward function named Long-Short Term Reward
(LSTR) model to better evaluate the current situation from
both long-term factors and short-term factors by considering
two conflicting purposes (i.e., saving energy and pursuing
speed). The mechanism of Dueling DQN and the LSTR model
are discussed below.

Deep Q Network [24] is a typical deep RL algorithm that
uses a deep neural network to predict the value function of
each discrete action. Specifically, the input of DQN is obser-
vation state ot, and the output is the evaluation value Q(ot, at)



7

Fig. 5: The architecture of the Decision Manager.

Fig. 6: The definition of one key variable in Decision Manager:
The Stop-in-Red warning WSiR.

corresponding to each action at in space A under current state
ot. Then, according to the ε− greedy algorithm, an action is
selected from the action space A. After the execution of action
at, a reward rt and an observation state ot+1 can be get from
the environment. In this paper, prioritized experience replay
[33] algorithm is applied to solve the problem of correlation
and non-static distribution.

Dueling DQN [34], which has outperformed DQN in vision
related learning tasks, is constructed with two streams which
separately estimate (scalar) state-value and the advantages of
each action. Dueling DQN is designed to aggregate the states-
value V and action advantages A, shown in equation 14.

Q(Ot, At; θ, α, β) = V (Ot; θ, β) +A(Ot, At; θ, α)

− 1

|A|
∑
At

A(Ot, At; θ, α) (14)

where α represents the parameters of A (the advantage func-
tion). Besides, β represents the parameters of V (the state-
value function) and θ is parameters of neural network.

In this research, the most challenging part for the policy
learning is to find an optimal point between two conflicting

factors: (1) saving energy and (2) pursuing speed under mixed
dense traffic conditions. Another challenging part is to learn
complex driving strategy with long insight in multi-phases
driving tasks. For long insight, it represents that the agent
need to evaluate the current situation with very long-term
benefit (e.g, whether it can pass the intersection without stop,
receiving total energy consumption and travel time, etc.).
For multi-phase driving task, it means from the upstream to
passing the intersection, the agent needs to adjust to several
different operating logic.

In order to solve aforementioned challenges, this study
proposed a long-short term reward (LSTR) model, which
not only considers the instance values such as speed, lane-
changing actions, and instant energy consumption, but also
includes long-term indicators based on predefined rules. The
two conflicting factors in this issue are the short-term factors
(instant speed, energy consumption) and the long-term factors
(total travel time and total energy consumption). We designed
some instant reward principles which include indications for
long-term benefit, which are shown below.

• When the current phase Pc is red or yellow and ego-
vehicle cannot pass the intersection with its current speed,
then it shouldn’t accelerate.

• When the current phase Pc is red or yellow and ego-
vehicle may pass the intersection with current or higher
speed, then try to accelerate.

• When the current phase Pc is green and the ego-vehicle
cannot pass the intersection with its current speed, then
it shouldn’t accelerate.

• When the current phase Pc is green and the ego-vehicle
may pass the intersection with current or higher speed,
then try to accelerate.
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Algorithm 2 The descriptions for LSTR model .

Input: v(t): The current speed of ego-vehicle;
a(t): The current acceleration of ego-vehicle;
dr(t): The remain distance to the stop line;
Pc(t): The current phase of traffic signal;
Tr(t): The remaining time of the current signal phase;

Output: R(t): The reward value at current time step t;
1: function LSTR(v(t), a(t), dr(t), Pc(t), Tr(t))
2: dpridction ← v(t) · Tr(t);

3: Rvelocity(t)← v(t)− vmin

vmax − vmin
;

4: while dr(t) > 0 do
5: if a(t) > 0; then
6: Renergy(t)← E(a(t), v(t), α);
7: else
8: Renergy(t)← 0;
9: end if

10: Rtime(t)← Rtime(t− 1)− δt
11: if Lane-change action happens; then
12: Rlanechange(t)← −0.1;
13: end if
14: if Dangerous action happens; then
15: Rdanger(t)← −0.5;
16: end if
17: R(t) ← wvRvelocity(t) + weRenergy(t) +

wtRtime(t) + wlcRlanechange(t) + wdRdanger(t) +
wGPRGP (t)

return R(t);
18: end while
19: end function

Basing on these principles, the LSTR model is designed
as Algorithm 2 in which the definition of RGP is further
explained by Algorithm 3. In a nutshell, the RGP reflects the
long-term benefit for reaching the stop line of the intersection
when the light is green.

TABLE III: The values of coefficients in Algorithm 2.

Coefficient wv we wt wlc wd wGP

Value 2.0 0.1 0.002 3.0 1.0 0.1

In the LSTR model, Rvelocity(t), Renergy(t),
Rlanechange(t), and Rdanger(t) are short-term benefit
indicators, while the Rtime(t), RGP (t) are long-term benefit
indicators.

G. Neural Network Structure

The main purpose of the deep neural network is mapping
the current observation state O to the best action value A in
action space. Thus, the main network can be divided into two
components: (1) the hidden feature extraction network and
(2) the policy network which applies Dueling DQN. Figure 7
illustrates the architecture of the proposed neural network for
the applied Dueling DQN model.

For the hidden feature extraction network, its main purpose
is to extract hidden features from the preprocessed high-
dimensional spatiotemporal data. As discussed above, the net-

Algorithm 3 The definition of RGP .

Input: v(t), a(t), dr(t), Tr(t), Pc(t)
Output: The Green-Pass Reward RGP (t)
1: function RGP (v(t), a(t), dr(t), Tr(t), Pc(t))
2: dprediction ← v(t) · Tr(t)
3: while dr(t) > 0 do
4: if Current signal phase Pc(t) is GREEN then
5: if dprediction(t) > dr(t) then
6: Case a(t) > 0 : RGP (t)← 0.2
7: Case a(t) = 0 : RGP (t)← 0.5
8: Case a(t) < 0 : RGP (t)← −1.0
9: end if

10: if dprediction(t) > dr(t) then
11: Case a(t) > 0 : RGP (t)← 1.0
12: Case a(t) = 0 : RGP (t)← 0.5
13: Case a(t) < 0 : RGP (t)← −1.0
14: end if
15: else
16: if dprediction(t) > dr(t) then
17: Case a(t) > 0 : RGP (t)← −1.0
18: Case a(t) = 0 : RGP (t)← 0.5
19: Case a(t) < 0 : RGP (t)← 0.2
20: end if
21: if dprediction(t) > dr(t) then
22: Case a(t) > 0 : RGP (t)← 0.5
23: Case a(t) = 0 : RGP (t)← 0.5
24: Case a(t) < 0 : RGP (t)← −0.5
25: end if
26: end if

return RGP (t);
27: end while
28: end function

work input consists of (1) image flow and (2) high dimensional
vector. In order to extract features from these different type of
data, we designed a multi-channel feature extraction network
with different kinds of parallel neural networks.

For the image flow input, a convolutional neural network
(CNN) [35] stream is designed to extract the vision-based
input data. On the other hand, the radar, OBD, and V2I
information (named as logical data) are integrated into a
13-dimension vector. After the selected-stack preprocess, the
logical data are transformed into a time-series based temporal
data. Long-short term memory (LSTM) network [36] is then
applied for its capability in dealing with temporal data series.
The features from both CNN and LSTM streams are combined
through a concatenate layer and then a dense-layer-based pol-
icy network is designed by applying Dueling DQN. Figure 7
illustrates the two streams of the dense layer. The upper stream
is used to extract state value, while the output of lower stream
represents the advantage of current state. Then, the Q-table
representing the future gain for each possible action ai ∈ A
under current state oi is generated based on the state-value and
advantage. Finally, the action with maximum Q-value will be
selected as output action at this time step. Table IV shows the
details of the configuration of the neural network.
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Fig. 7: The architecture of the neural network.

TABLE IV: Parameters for Deep Neural Network.

Layer Actuation Patch size Stride Filter Unit
Conv 1 ReLU 8× 8 4 32 -
Conv 2 ReLU 4× 4 2 64 -
Conv 3 ReLU 3× 3 1 64 -
LSTM - - - - 1024

Dense 1 1/2 ReLU - - - 1024
Dense 2 1/2 ReLU - - - 256
Dense 3 1/2 ReLU - - - 128

H. Network Update and Hyperparameters

There are four steps of the network updating process, which
are:

1) Considering the current state as ot and predicting the
Qt value of different actions through the evaluation
network.

2) Choosing the action a(t) with the largest Q value by
utilizing ε− greedy policy.

3) Generating the Q(t+1) values at time through the target
network.

4) Calculating the loss function and then updating the
evaluation network.

In addition, at each learning step, the weight coefficients of
the proposed network are updated using the adaptive learning
rate trick Adam [37] in order to minimize the loss function.
For the adopted hyperparameters, the learning rate α, discount
factor γ, batch size, steps used for observation, replay memory
size, steps for target network update, training steps, and test
steps are set as 0.00025, 0.99, 64, 10,000, 50,000, 10,000,
2,000,000, 10,000, respectively.

IV. GAME ENGINE BASED SIMULATION EXPERIMENTS

A. Unity Engine Based Simulator Design and Development

In order to train the proposed model and evaluate its
performance, a simulation platform has been developed in this
paper based on Unity Engine and Unity Machine Learning
Agents Toolkit (Unity ML-Agents) [38]. Unity is a real-time
3D Game Engine that can generate high-resolution sensor data,
like camera, radar, etc. Unity ML-Agents is an open-source
platform that enables the simulations to serve as environments
for ML training tasks. In this paper, we applied the Unity

Engine to build a signalized intersection traffic environment
based on previous work [39], [40].

Unity can provide a virtual reality environment in which
the simulated camera, radar, and traffic lights can be developed
accordingly. In addition, Unity ML-Agents provides a machine
learning toolkit thus we developed a external script named RL
brain to construct the deep RL based on Tensorflow [41] by
Python. Specifically, the structure of the developed simulation
platform based on Unity is shown as Figure 8 where the Agent
(ego-vehicle) is responsible for collecting observations and
executing actions and the Academy is responsible for global
coordination of the environment simulation.

Fig. 8: The architecture of the learning environment based on
the Unity ML-Agents.

As discussed in the previous section, the scenario in this
study is built as a one-direction intersection with 5 lanes and 5
types of vehicles as the traffic. The length of the research area
is 550 meters, including a 510-meters upstream section and a
40-meters downstream section. The maximum speed limit is
set to 50 kilometers per hour (kph). Figure 9 illustrates the
main window of the simulator.

B. Model Training and Numerical Testing Design

For the training procedure, the ε− greedy policy is imple-
mented as the exploration policy. The ε is decreased linearly
from 1 to 0.00001 over 2 million steps. When the training
starts, the initial phase and time of the traffic signal will



10

Fig. 9: The description of the developed simulator.

be randomly selected, which aims to avoid overfitting of the
simulation. In addition, the simulator is equipped with Intel(R)
Core(TM) i7-7700k CPU @ 4.20GHz, 64 GB RAM, and an
NVIDIA GTX 1080 GPU. The total training time is around
36 hours.

For the test procedure, we applied IDM method as the
baseline and a state-of-art model-based Eco-Driving method,
Graph-based Trajectory Planning Algorithm (GBTPA) to com-
pare the Eco-Driving performance with our HRL method.
GBTPA is formulated in [15] to find the shortest path or
minimum cost path using a graph model in which nodes
represent feasible system states and edges define the direct
transition from one state to another and the edge weight is
the energy cost associated with the transition. These methods
are summarized as Table V. Particularly, the rule-based lat-
eral control method is defined as a rule-based lane-changing
method, i.e., a lane-change decision will be made if the front
distance is shorter than 5m and the target speed is higher than
the speed of the front vehicle and the accumulative time is
over 3s.

TABLE V: Summary of compared methods.

Methods Type Lon. Control Lat. Control
IDM Model based IDM Rule
Graph Model based GBTPA Rule
HRL Hybrid RL based HRL HRL

The simulation scenarios consider different combinations of
entry time and initial speed. The entry time varies from 0th
to 50th second of the cycle with 10 seconds as the increment
(marked as C0, C10, C20, C30, C40, C50). The initial speed
varies from 10 kph to 50 kph with 10 kph as the increment
(S10, S20, S30, S40, S50). The training and numerical test
results are discussed in the next section.

V. RESULTS

A. Training Results

Figure 10 illustrates the training results of HRL method,
including the average speed, energy consumption, Green-Pass
Reward, and number of lane-changing maneuvers per journey.
First, from Figure 10(a), the speed of HRL-based ego-vehicle
has increased significantly along the training process and
achieved a higher value than the speed of other vehicles.
Second, Figure 10(b) shows that the energy consumption
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Fig. 10: The training results for (a) average speed per journey,
(b) average energy consumption and RGP per journey, and (c)
lane-changing actions per journey, respectively.

of HRL method is decreasing via the iteration of training.
Specifically, the the curve of Green-Pass reward RGP can
further explains why the HRL method can successfully learn
an efficient eco-driving policy in such a dilemma, i.e., pursuing
both energy-saving and time-efficient driving strategy. After
the approximately half way of training steps, the Green-
Pass Reward is increasing significantly, as the ego-vehicle
is successfully learning about how to interact with the traf-
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(a) Traffic scenario: initial signal time C30 and initial speed 20 kph.
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(b) Traffic scenario: initial signal time C40 and initial speed 20 kph.
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(c) Traffic scenario: initial signal time C50 and initial speed 20 kph.

Fig. 11: Spatial-temporal diagrams of the ego vehicle under different traffic scenarios with IDM, Graph and HRL methods,
respectively.

fic signal intelligently (i.e. balancing the speed and energy
consumption). On the other hand, from energy perspective,
pursuing a speed-first driving strategy will more likely to cause
a longer time for waiting at intersections, which indicates
a negative effect on the cooperation between vehicles and
intersections. Finally, Figure 10(c) shows that the HRL method
can also learn how to drive with less lane-changing behaviors
reaching a smooth driving strategy.

B. Numerical Testing Results

Figure 11 illustrates the spatial-temporal diagrams for com-
parison testing results under several different traffic scenarios.
Particularly, SPaT information is illustrated by green, yellow
and red dots to better demonstrate the performance of methods.
Additionally, Table VI shows the results of comprehensive
assessments for different methods under all different scenarios.
According to these testing results, there are three points to
discuss:

(1) The Acceleration: the instant acceleration value gen-
erated by HRL method can intelligently react to different
traffic situations. If high speed will make the vehicle stop
at intersections, the HRL will generate a lower acceleration

value to have a better eco-driving performance. For example,
in scenario ”C30 S20”, shown in Figure 11(a), ego-vehicle
will start with low acceleration levels to avoid waiting at the
intersection since the energy consumption may go much higher
if the speed increases rapidly. Conversely, the HRL will also
seeking a high acceleration to improve the time efficiency,
if the vehicle can pass the intersection before the end of
green phase. For instance, in scenario ”C40 S20”, shown
in Figure 11(b), the ego-vehicle will also start with a high
acceleration to pass the intersection as soon as possible. These
time-speed trajectories in Figure 11 demonstrate the advantage
of the HRL method in generating smarter acceleration results
than IDM and Graph methods and adjusting the acceleration
according to the various traffic environments dynamically.

(2) The Target Speed: for IDM model, the instantaneous
target speed is always the speed limit. For the Graph model, the
target speed can be adjusted with respect to the current SPaT
information. However, compared with IDM and Graph, HRL
model can dynamically control its target speed according to
the current traffic situation and achieve a better energy-saving
performance. For instance, in Figure 11(c), under the scenario
in which the vehicle have to wait for a long red phase, Graph
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TABLE VI: Numerical Testing results for the HRL, Graph methods and the IDM baseline under different traffic scenarios.
Improvements for each model compared with the IDM model are shown as Imp. Best Imp. for each scenario is notated by
bold style with underlined.

Energy consumption [J] Travel time [s]
S10 S20 S30 S40 S50 S10 S20 S30 S40 S50

C0

IDM↓ 1,396.70 1,225.89 1,093.93 1,061.38 924.75 71.00 65.50 70.50 70.50 70.50
Graph↓ 714.02 724.69 760.53 685.18 642.84 76.00 76.00 75.00 75.00 75.00
Imp.↑ 48.88% 40.88% 30.48% 35.45% 30.49% -7.04% -16.03% -6.38% -6.38% -6.38%
HRL↓ 751.73 704.47 668.05 627.46 575.51 69.74 63.90 64.14 67.66 63.24
Imp.↑ 46.18% 42.53% 38.93% 40.88% 37.77% 1.77% 2.44% 9.02% 4.03% 10.30%

C10

IDM↓ 1,366.42 1,257.27 1,063.54 1,030.99 894.36 61.00 59.00 60.50 60.50 60.50
Graph↓ 635.23 697.34 600.06 535.89 538.85 64.00 61.50 63.00 65.00 65.00
Imp.↑ 53.51% 44.54% 43.58% 48.02% 39.75% -4.92% -4.24% -4.13% -7.44% -7.44%
HRL↓ 737.49 699.46 643.57 593.92 599.65 65.36 58.02 62.52 57.18 60.28
Imp.↑ 46.03% 44.37% 39.49% 42.39% 32.95% -7.15% 1.66% -3.34% 5.49% 0.36%

C20

IDM↓ 1,368.93 1,237.88 1,033.03 1,000.48 863.85 53.00 50.00 50.50 50.50 50.50
Graph↓ 746.47 814.58 663.77 668.81 519.85 49.50 56.00 55.50 54.50 51.50
Imp.↑ 45.47% 34.20% 35.75% 33.15% 39.82% 6.60% -12.00% -9.90% -7.92% -1.98%
HRL↓ 649.09 680.16 678.69 663.96 552.61 51.30 52.30 45.52 49.76 49.30
Imp.↑ 52.58% 45.05% 34.30% 33.64% 36.03% 3.21% -4.60% 9.86% 1.47% 2.38%

C30

IDM↓ 1,334.85 1,287.27 1,047.44 1,014.63 879.44 49.50 48.00 43.00 43.00 43.00
Graph↓ 1,038.18 900.05 923.07 670.63 632.70 53.00 49.50 50.50 43.00 43.00
Imp.↑ 22.23% 30.08% 11.87% 33.90% 28.06% -7.07% -3.13% -17.44% 0.00% 0.00%
HRL↓ 716.43 617.21 540.53 541.73 437.68 50.80 45.76 41.78 41.28 37.72
Imp.↑ 46.33% 52.05% 48.40% 46.61% 50.23% -2.63% 4.67% 2.84% 4.00% 12.28%

C40

IDM↓ 1,405.08 1,380.18 1,031.00 1,004.31 869.22 90.50 90.50 42.50 42.50 42.50
Graph↓ 989.91 1,048.24 1,013.90 681.27 609.91 87.50 91.50 91.50 43.00 43.00
Imp.↑ 29.55% 24.05% 1.66% 32.17% 29.83% 3.31% -1.10% -115.29% -1.18% -1.18%
HRL↓ 641.90 632.14 578.50 461.55 436.51 49.28 43.78 40.42 39.10 37.32
Imp.↑ 54.32% 54.20% 43.89% 54.04% 49.78% 45.55% 51.62% 4.89% 8.00% 12.19%

C50

IDM↓ 1,380.60 1,322.42 1,070.02 1,037.36 900.79 82.00 81.00 77.50 77.50 77.50
Graph↓ 804.07 958.04 941.17 807.88 770.19 77.50 88.00 81.50 83.50 83.50
Imp.↑ 41.76% 27.55% 12.04% 22.12% 14.50% 5.49% -8.64% -5.16% -7.74% -7.74%
HRL↓ 807.90 786.62 824.45 769.51 697.41 79.76 81.36 81.34 81.32 79.82
Imp.↑ 41.48% 40.52% 22.95% 25.82% 22.58% 2.73% -0.44% -4.95% -4.93% -2.99%

method would like to driving in a slow mode to avoid stop at
the intersection, while the HRL will still keep a high speed to
approach the intersection. Since we have other vehicles in the
traffic, the Graph-based vehicle will approach the stop line
behind a long queue and its idea speed trajectory will also
be disturbed by these front vehicles, which causes this non-
stopping-oriented speed trajectory planning model performing
less than HRL in both energy consumption and travel time.

(3) The interaction with the mixed traffic: original IDM
and Graph model can only longitudinally interact with other
vehicles. To make a fair comparison, we implemented a
rule-based lane-changing model to IDM and Graph for the
lateral actions. Although endowed with lateral actions, HRL
can interact with surrounding vehicles with much smarter
manners, which can be illustrated in Figure 12. Figure 12
shows the time-speed and time-distance diagram for Graph
model and HRL model. For both model, there is a slow
vehicle driving in front of the ego-vehicle. For Graph model,
the vehicle will be impeded to slow down and then wait for
several seconds and then make the lane-changing action to
pursue the travel time. Nevertheless, for HRL model, since it
can perceive the environment via camera, the lane-changing
actions happened before approaching the slow front vehicle,
which can extremely improve the travel time performance.

Table VI shows the numerical testing results for the pro-
posed HRL method, model-based Graph method, and the
baseline IDM. From Table VI, in all 30 scenarios, our model
can achieve the best energy-consumption improvement in 21

Fig. 12: Lane-changing behavior of Graph and HRL.

scenarios and best travel-time improvement in 27 scenarios.
Table VII shows the average performance of different eco-

driving methods under different initial signal-phase condition.
From the table, compared with Graph model, the HRL method
can save 12.70% (up to 35.69%) energy consumption and
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TABLE VII: Average performance of different eco-driving
methods (Imp. represents the improvement for HRL compared
with Graph method).

Energy consumtion [J] Travel time [s]
Graph HRL Imp. Graph HRL Imp.

C0 37.23% 41.26% 5.71% -8.44% 5.51% 12.82%
C10 45.88% 41.05% -9.15% -5.63% -0.59% 4.72%
C20 37.68% 40.32% 4.34% -5.04% 2.46% 6.78%
C30 25.23% 48.72% 30.78% -5.53% 4.23% 9.05%
C40 23.45% 51.25% 35.69% -23.09% 24.45% 34.79%
C50 23.59% 30.67% 8.80% -4.76% -2.12% 2.37%
Avg. 32.18% 42.21% 12.70% -8.75% 5.66% 11.75%

11.75% (up to 34.79%) travel time on average per journey
in all testing scenarios. To decouple the possible impact
by ignoring the brake charging, we also evaluated all those
models by adding the regen-braking charging. The results
showed that the energy consumption decreased for all methods
with regen braking charging. Specifically, with regen-braking
energy, HRL method can reduce 23.60% and 41.59% energy
consumption compared with Graph and IDM. The overall
relative performance among methods is still the same, which
demonstrate the advantages of utilizing learning-based meth-
ods.
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Furthermore, Figure 13 and Figure 14 demonstrates the
deeper connections behind the vehicle entry speed and entry
time, and shows that most of the dark areas (in which the
Eco-Driving model has better energy-saving/travel time per-
formance) gather together. On the contrary, for the upper right
area, the performance of HRL is relatively low. According to
the analysis, the entry time and entry speed will cooperatively
influence the performance of HRL method, which reminds us
that there is a sweet spot for the HRL method. If we can
control the vehicle to enter the intersection with a proper
zone, the HRL-based eco-driving approach will get its best
performance. For example, when the entry time is C50 and
entry speed of the vehicle is 30 kph, the HRL method has
the best improvement. In this situation, comparing with Graph
method, HRL method saves 42.94% energy consumption and
55.83% travel time, respectively, which is a huge improvement
compared with Graph method.

VI. CONCLUSIONS & FUTURE WORK
In this paper, we proposed an eco-driving approach for

CAVs under mixed intersection traffic by designing a hybrid
reinforcement learning (HRL) framework. The vehicle activity
data from On-Board Diagnosis (OBD), front camera, on-board
radar and the V2I communication are collected by the HRL
framework. The output of HRL is longitudinal acceleration
value and lateraltarget lane. The HRL framework combines a
rule-based strategy and a deep reinforcement learning-based
policy learning algorithm. The predefined rules are designed
on the basis of different driving conditions to ensure the
driving safety and efficiency. The eco-driving RL algorithm
consists of a spatiotemporal data preprocessor, a feature ex-
tracting network, and a policy network. The HRL learns the
optimal eco-driving strategy through Long-Short Term Reward
(LSTR) model, with both short-term and long-term benefits.
Numerical experiments are conducted in Unity at a signalized
intersection with the mixed traffic situation and a state-of-art
model-based Eco-Driving method is implemented to assess the
performance of the proposed method.

According to the experiments, the proposed HRL-based
ego-vehicle can traverse through a signalized intersection
with eco-driving strategy under mixed traffic conditions.
The HRL method can reduce the energy consumption by
12.70%/56.01% comparing with Graph/IDM methods and can
save 11.75%/5.66% in travel time compared with Graph/IDM
methods. The proposed framework can also be readily imple-
mented to other types of vehicles by replacing the energy-
reward function and vehicle dynamic model.

For future work, the performance of the different types
of vehicles (e.g. heavy-duty trucks) will be conducted and
analyzed. In addition, cooperative eco-driving strategy will be
conducted by applying multi-vehicle agents in complex traffic
network. Furthermore, more experiments including micro-
simulation and field experiments will be conducted to analyze
the performance in more realistic situations.
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