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Abstract

I

t is difficult to implement optimal
control for a system whose model is
unknown and operation environment
is uncertain, such as the intelligent cruise
control of vehicles. This article will
address the problem from the perspective
of reinforcement learning by learning
the optimal policy from the state tran
sition data. The model-free optimal
control algorithm is employed to ap
proximate the optimal control policy for
the intelligent cruise control system,
which considers the comfort performance
and the safety performance comprehen
sively by setting up a total performance
index. The algorithm is implemented by
two multi-layer neural networks which
are the critic network and the actor net
work. The critic and actor networks are
employed to approximate the stateaction value function and the control
action, respectively. In addition, a data
collecting strategy is proposed to obtain
the state transition data distributed uni
formly in the state action space from the
running trajectory of the host car. The
critic network and the action network
are trained alternatively by the collected
data until converging. The convergent
action network is used to obtain the
optimal control policy. At last, the policy
is tested on a hardware-in-the-loop sim
ulator built upon dSPACE by comparing
with a linear quadratic regulator (LQR)

As a promising technology, automated
driving will no doubt revolutionize today’s
transportation systems. Many companies
such as Google, Baidu, Delphi and so on
claim that they will have proven this tech
nology by 2020 or sooner [1]. When the
automated vehicles drive on public roads,
three main components which are the
multi-sensors perceptual unit, the intelli
gent control unit and the actuator mecha
nism should be considered. Some of
recent achievements about the automated
driving have been investigated in [2], [3].
Intelligent cruise control, which is one
function of the intelligent control unit for

Digital Object Identifier 10.1109/MCI.2017.2670463
Date of publication: 10 April 2017

Corresponding Author: Qichao Zhang (Email:
zhangqichao2013@163.com).

56

Image licensed by Ingram Publishing

controller and a proportion integration
differentiation (PID) controller. Results
show its excellent performance on both
aspects of the safety and the comfort.
I. Introduction
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the intelligent car, can maintain a desired
distance from the preceding car by adjust
ing the throttle opening or brake pedal
according to the information such as the
distance and the relative velocity between
the two cars. As a consequence, it can
continuously monitor the traffic situation,
adjust the vehicle velocity corresponding
ly, and avoid traffic accidents caused by
human mistakes [4]. In addition, it frees
the human driver from frequent accelera
tions and decelerations during manual
driving and reduces the driving stress.The
schematic diagram is shown in Figure 1.
Interestingly, Kesting et al. [5] shows that
if 25% vehicles driving on a highway are
equipped with the system, traffic conges
tions could be sharply reduced. In the
early development stage, intelligent cruise
control mainly focused on the driving
safety for the car following scenario. Dif
ferent controllers such as the PID con
troller [6], the fuzzy controller [7], the
sliding-mode controller [8], the model
predictive controller [9] and the LQR
controller [4] are adopted to achieve the
safety requirement. Although the intelli
gent cruise control system has been
mounted on some luxury cars, few driv
ers like to trust it completely. That is
because the driver may intervene, typically
when a driver’s expectations are breached,
even in situations that the controller is
able to manage [10].
As human drivers retain their roles as
supervisors, the interaction between the
driver and the intelligent cruise control
remains an important issue [10]. The
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intelligent cruise control system which
can satisfy driving habits is considered as
the key to commercial applications. Re
cently, researchers have started to explore
the introduction of driver desired res
ponse into an intelligent cruise control. In
[11], the issues of driver desired response
are considered to adapt to drivers’ individ
ual habits. The driver desired distance and
dynamic car following characteristics for
intelligent cruise control are investigated
in [12] and [13], respectively. Naranjo et al.
[7] employ a fuzzy logic system which is
trained and defined with the collaboration
of experienced human drivers. The for
mulated intelligent cruise control system
receives a human-like driving perfor
mance. Moon et al. [14] divide driving sit
uations into safe, warning, and dangerous
modes according to the warning index
and the time-to-collision, where different
control policies are adopted for different
modes with a human-like natural perfor
mance. It should be mentioned that the
multi-objective adaptive cruise control
which considers the tracking capability,
fuel economy [15] and driver desired
response is investigated in [16].
However, most of the above literature
employ the model-based control meth
ods. As the car is a strong nonlinear
dynamic system with the uncertainty, it
is hard to build an accurate car model.
Meanwhile, the traffic environment is
complex and fast-changing. Therefore,
the traditional controller based on a gen
eral vehicle model usually introduces
high risk in robustness and stability for
different driving scenarios. Note that the
running data of car contains rich knowl
edge about the car model. Learning con
trol policy from the collected data
directly is considered as an effective way
to address above issues and has become
the focus of recent research [17], [18]. As
one category of data-based control
methods, reinforcement learning is able
to learn an available or even an approxi
mate optimal control policy based on the
collected data through interacting with a
system [19], [20]. Reinforcement learn
ing can learn a control policy from data
without any labels, which makes it a
strong adaptive capacity to solve the
control problems with unknown models

er’s habits, Simonelli et al. [28] employ
neural networks to design the intelligent
cruise controller, where the controller is
continuously trained by accurate experi
mental data in order to accommodate the
driver’s characteristics. Rosenfeld et al.
[29] propose an approach to learn the
headway time quickly and accurately
from the past experience of drivers. Wang
et al. [30] propose a self-learning algo
rithm to identify the parameters of a
driver model from the data in the human
operation phase, and the identified result
is applied to generate the desired throttle
opening and braking pressure during the
automatic control phase. To guarantee the
driving comfort, the typical method is to
keep the acceleration magnitude and jerk
less than a reasonable bound [31], [32]. In
fact, the driving comfort is not only asso
ciated with the acceleration magnitude
and jerk but also with the driver’s habits
such as the headway time [29], and the
looming effect [33]. For different driving
scenarios, it is necessary to define a suit
able and comprehensive driving comfort
performance index.
To apply a data-based control method
to guarantee the driving safety and com
fort motivates this paper. In this paper, the
MFOC algorithm proposed in our previ
ous work [26] is applied to the intelligent
cruise control to guarantee the driving
safety and comfort, which is a complex
and practical application problem. In
order to collect data and test the intelli
gent cruise control system effectively, a
hardware-in-the-loop simulator is built
based on the dSPACE system. It commu
nicates with the controller implemented
on an embedded microprocessor through
CAN2.0B. At last, experimental results

and uncertain environments. A policygradient estimation algorithm which is
implemented by a back-propagation
neural network is introduced to achieve
an effective intelligent cruise controller
in [21]. Wang et al. [22] employ the ker
nel-based least squares policy iteration to
optimize the parameters of the control
ler. As a result, the parameters are adap
tively selected from the candidate set
based on the vehicle’s state. It is worth
pointing out that reinforcement learning
even makes it possible to learn a valid
control policy from the raw visual input
data by combining with deep learning in
[23]. For the reinforcement learning, our
team has also done some related study
and work. In [24], [25], the supervised
reinforcement learning is applied to the
adaptive cruise control system to guaran
tee the driving safety. However, the prior
experience of the system is required as a
supervisor to guarantee the convergence
of the proposed algorithms and the driv
ing comfort is ignored. In [26], our team
proposes a model-free optimal control
(MFOC) algorithm only based on the
collected data, where the convergence of
the proposed algorithm is proved and two
toy examples rather than the intelligent
cruise control are given to verify its ef
fectiveness. It should be mentioned that a
uniformly distributed data set is usually
required to guarantee the persistence of
excitation condition [27] for reinforce
ment learning.
On the other hand, the running data
of a car also contains rich knowledge of
the driver’s habits and driving comfort.To
the best of our knowledge, the driver’s
habits and driving comfort are usually
investigated separately. To learn the driv

Host Car

Preceding Car
(vh, ah)

(vp, ap)

d
dd
Figure 1 Intelligent cruise control system. It maintains the distance between the two cars as the
driver desired distance d d according to the clearance d and the relative velocity Dv = v p - v h
measured by a car-mounted radar sensor. Note that v p and v h denote the velocity of the preceding car and host car, a p and a h denote the acceleration of the preceding car and host car.
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show the data collecting strategy can
obtain approximately uniformly distrib
uted samples and the learned control pol
icy is nearly optimal for different typical
traffic scenarios.
The main contributions of this pa
per include:
1) Different from [21], [24], [25], which
only focused on the driving safety, a
novel performance index for the
intelligent cruise control system is
presented by taking both the comfort
and safety into consideration. Com
pared with [31], [32], the human driv
ing habits are introduced in the comfort
performance index.
2) To obtain the uniformly distributed
state transition data, a data collecting
strategy is proposed using the resam
pling and state expanding techniques
on the hardware-in-the-loop simulator.
3) The MFOC algorithm with the novel
performance index is applied to learn
the optimal control policy of intelligent
cruise system based on the collected
data. Different from [4], [6], [9], [15],

[16], the car model is not required in
this paper. Compared with the modelbased PID and LQR controllers, the
MFOC controller based on the collect
ed data yields the best performance.
The rest of the paper is mainly organi
zed as follows. Section II builds a hardwarein-the-loop simulator for an intelligent
cruise control system. Section III presents
a comprehensive safety and comfort per
formance index for evaluating the intelli
gent cruise control policy. Section IV
employs the MFOC algorithm to learn
the optimal control policy. Section V tests
the controller on the simulator by design
ing different typical traffic scenarios, and
then conclusions and discussions are given
in Section VI.
II. Hardware-in-the-loop Simulator

It is an important part to test and analyze
the robustness and the reliability of the
advanced driver assistance systems (ADAS)
for cars before coming into commercial
applications. In the prototype phase, they
are mainly tested in a driving simulator
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Environment_Signals
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n_Engine [rpm]
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From_I/O
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1
Trp_Shaft [Nm]

From_I/O
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VehicleDynamics
Environment_
Signals

Vehicle_Signals

Environment
Figure 2 The automotive simulation model in Matlab/Simulink.
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which enables the system to be evaluated
in a virtual environment rather than real
traffic conditions. Such a mode of testing
can avoid the risk for the host and other
vehicles, reduce the developing time and
cost [6]. A variety of driving simulators
have been built for different purposes,
including the physics model simulator
[34] and hardware-in-the-loop simula
tor [6], [35].
In this article, we develop a low cost
and real-time hardware-in-the-loop
simulator for developing and testing the
intelligent cruise control system based
on the automotive simulation model,
software and hardware provided by
dSPACE. The dSPACE system is highly
integrated and convenient for customers.
It has been widely adopted to build sim
ulators to analyze the operation and test
the ADAS in automotive companies and
institutes [36]. Some researches show
that nearly 90% mistakes in the elec
tronic control unit and almost all logical
errors in the programs can be found by
hardware-in-the-loop testing in the pro
totype phase.
The hardware in the dSPACE system
includes DS1006 which is a powerful
processor board and can provide realtime simulations for large-scale and com
plex models and DS2202 which is an
I/O board and is customized for simula
tion of vehicles. DS2202 includes both
input and output interfaces for different
types of signals in the automotive elec
tronic system, especially the widely used
CAN2.0B communication protocol.
Based on the provided automotive sim
ulation model, we build a 3.5 m-length,
2.4 m-width and 1.5 m-height car with
a mass of 1500 kg. It is made up by
the components including the engine,
liquid-torque transformation, differenti
ator, tires, brake, vehicle dynamics sys
tem and so on. It is shown in Figure 2.
In order for the coordination between
different components, and the reliability
of the testing results, the parameters of
these components are set as the standard
ones provided by the dSPACE system
and managed by the ModelDesk soft
ware. In order to test the controller in
different traffic situations, different roads
and traffic scenarios can be constructed

III. Performance Index

During the automatic control phase, a
human driver acts as a supervisor to the
system and evaluates its performance
according to individual driving habits. If
the control system cannot satisfy this con
dition, the driver may feel unsafe and dis
comfortable, and thus it may be switched
off [10]. Therefore, it is very important to
design a control algorithm to meet the
driver’s requirements. Nonetheless, it does
not mean that the driving safety is not
important. An optimal control policy is
required to take actions to tradeoff the
safety and the comfort. Here we will setup
a function to evaluate the comprehensive
performance index of a control policy
from the perspective of looming effect,
desired distance, acceleration and safety.

Therefore, it is very important to design a control algorithm
to meet the driver’s requirements. Nonetheless, it does
not mean that the driving safety is not important. An
optimal control policy is required to take actions to trade
off the safety and the comfort.
A. Looming Effect

w = Ri.(1)

Looming effect is proposed by Hoffmann
and Mortimer [33] during the work of
analyzing the drivers’ behavior to differ
ent traffic scenarios. After that, it is always
used to design the ADAS in line with
driving habits, such as the adaptive cruise
control system [14], [22] and the forward
collision warning system [37].
The looming effect is shown in Fig
ure 4.The distance between the preceding
car and the driver is R, the preceding car
has a projection on the driver’s eye with an
angle of i. It has an equal relationship
with the width of preceding car w.

The projection angle varies follow
ing the relative velocity and the clear
ance. Taking a derivative to Eq. (1) on
both sides with respect to time, we can
get the following equation.
dw = dR i + di R.(2)
dt
dt
dt
The angle velocity ratio i/io is a driver’s
direct perception to the relative velocity
[33].As w is fixed all the time, it is yielded
i
io

= - Ro . d = TTC.(3)
Dv
R

DS1006
Simulation Model
PHS

in ModelDesk. The SoftECU part in the
figure contains the electronic control
units in the model. All states converge to
this part and commands are sent out
from here. We add a hardware interface
into the part to send out states and re
ceive commands.
Based on the dSPACE system, we
develop a reliable and real-time hardwarein-the-loop simulator for testing the intel
ligent cruise control system.The simulator
is shown in Figure 3, (a) is the schematic
diagram and (b) is the real image. The
automotive simulation models run in the
DS1006 processor board and interface
with an outside controller by DS2202: a
state is sent to the controller and a corre
sponding command is received to steer
the simulation models. Here the outside
controller is developed on Freescale
Kinetis K64 microprocessor which is
designed upon the low-power ARM
Cortex-M4 architecture. It communicates
with DS2202 based on CAN2.0B which
is widely used in the communication sys
tem of a car. As a result, the controller can
be transformed to the real car test easily in
later test phase.
So far, we can simulate a car on the
simulator, display and record the running
trajectories. Meantime, we can develop
and download a control algorithm into
the microprocessor, and create virtual
roads and traffic scenarios on the simulator
in order to test the algorithm.

DS2202
CAN
State

Command
CAN

Micro-Processor
(a)

(b)

Figure 3 Hardware-in-the-loop simulator: (a) Schematic diagram; (b) Real image.
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Figure 4 Looming effect.
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According to Eq. (3), looming effect
can be approximated by the index of
time-to-collision (TTC) which is used to
analyze the risk of driving. Here the
inverse of TTC is used to model the driv
er’s perception to the relative velocity,
denoted as iTTC, since Dv may vanish at
some time. io /i changes along with
iTTC. This means that the projection of
preceding car in the driver’s eye changes
quickly and it may cause the driver to feel
a risky coming soon and uncomfortable.
On the contrary, the low value makes the
driver feel safe and comfortable.

the preceding car blocks his sight during
car following. Moreover, it is hard to
predict the motion of the preceding car
as a vehicle-mounted radar sensor can
not accurately detect its acceleration
currently. As a result, a safe clearance d safe
should be kept all the time to avoid a
forward collision. The safe clearance is
defined as the least traveling distance
when the preceding car speeds down at
maximum acceleration a p,max .

o
iTTC = Dv . i .(4)
d
i

where a h,max is the maximum value of
deceleration taken by the intelligent
cruise controller. A system delay x sys exists
in the host car after a command is sent.
According to the safe distance, Eq. (7)
gives the performance index for safety. It
indicates no risk if the clearance is great
er than the safe distance, so the index is
set to zero. Otherwise, the performance
index is the quadratic form of the devia
tion between the clearance and the safe
distance. In addition, the performance
index is normalized, as the safe distance
varies following the velocities.

B. Comfort Performance Index

The looming effect shows the driver’s
perception to relative motion between
the cars. The motion between cars
becomes stationary when Dv = 0. At
this state, the driver’s perception focuses
on the steady clearance between the
cars. The headway time gap d d = f (v h) is
always used to model the driving habits
at this steady stage. It can be learned by
the regression, the decision tree models,
or the stochastic evolving models from
the past experience of drivers [29], [38].
Zhao et al. classify the drivers into three
categories and adopt different parame
ters in the function correspondingly
[24]. It is desired to steer the clearance
in line with d d and satisfy the driving
habits [24], [29]. In addition, the acceler
ation of the car also affects the driving
comfort. According to these factors, a
comfort performance index p c is set up.
p c = (d - d d) 2 + m t iTTC 2 + m a a h2, (5)
where m t, m a are the weights of the cor
responding indexes. Different with
[31], [32], the driving habits including
the headway time gap and looming
effect are introduced in this comfort
performance index.
C. Safety Performance Index

It is the essential requirement to keep
the safety of the driver for the intelligent
cruise control system. The driver cannot
acquire enough traffic information as

60

d safe = v h x sys +

v 2p
v 2h
, (6)
2a h, max 2a p, max

0
p s = *c d - 1 m2
d safe

d 2 d safe
d # d safe .(7)

A perfect intelligent cruise control
system should take both the safety and
the comfort into consideration, rather
than only one factor. Hence, a compre
hensive performance index is set up by
combining both Eq. (5) and Eq. (7). An
adjustable weight m s is added to the
safety performance index, which is used
to trade off the evaluation.
r (s, a) = p c + m s p s, (8)
where s is the state vector of the system
including d, Dv, v h, and a h, and
a = r (s) is the control policy.
Then we use the performance index
Eq. (8) to evaluate a control policy π
from the framework of reinforcement
learning as
3
V r (s t) = 1 E 8 # r (s x, r (s x)) dxB, (9)
2
t
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where E [ ] denotes the expected value.
Eq. (9) indicates the value function at
the state s t, following the policy r. It
can be transformed into a discrete form
of accumulation:
3
V r (s t) = 1 E ;/ r (s i, r (s i))E .(10)
2 i=t

It is desired to calculate the optimal
control policy r * to minimize the value
function.
r

*

(s t) = arg min
V r (s t) .(11)
r

IV. Intelligent Cruise Control

During the automatic driving phase, the
intelligent cruise control system assists
(or replaces) the driver to control the
host vehicle. In other words, it will regu
late the throttle opening and the brake
pedal to drive the vehicle safely even in
uncertain scenarios. Here we focus on
learning a controller which is able to
adapt to these situations. A two-layer
hierarchical control system is developed:
the upper controller and the bottom
one. The upper controller focuses on
addressing the problems of decisionmaking and controlling under different
traffic scenarios. It generates the desired
acceleration control signal according to
the current driving profile. While the
bottom controller transfers the desired
acceleration signal to the braking pres
sure or the throttle opening action ac
cording to the current state of the host
vehicle. As a result, developers can con
centrate on designing and developing
the upper controller to adapt different
traffic scenarios, while keepi ng the
bottom controller unchanged. The
architecture is shown in Figure 5, which
is adopted from the previous work
in [24].
As the bottom controller is imple
mented, the state of the host car can be
adjusted by giving the desired accelera
tion. The upper controller is required to
generate a fit desired acceleration to
keep the car safe and comfortable based
on the perceived information, such as
its velocity v h and real acceleration a.
When approaching a car in the front,
the clearance d and the relative velocity

Dv can be measured by the car-mount
ed radar sensor. The target is to keep the
clearance between two vehicles as the
desired clearance d d . If there is no car in
the detected range of the radar sensor, it
acts as a cruise control system, which
keeps the car run at a velocity set by
human drivers, denoted as v cc.
As the performance index Eq. (8) is
not a quadratic function of state and the
automotive simulation model is strongly
nonlinear, it is very complex and hard to
solve the optimal control policy Eq. (11)
based on the traditional approach such
as the HJB equation. Here the MFOC
algorithm [26] is employed to solve a
near-optimal control policy. Its frame
work diagram is shown in Figure 6. The
state transition data is collected from the
multiple running trajectories of the host
car by sampling and resampling process,
then a state expanding operation is
taken to obtain the state transition data
of the car following system according to
the kinematics model. The approximate
independent training data is yielded by
randomly sampling the previous data set.
An actor-critic structure is used to learn
the optimal control policy from the
training data set. The actor-critic struc
ture is developed by two multi-layer
perception neural networks: one maps
the state and the action to the value
function, named critic network; the
other maps the state to the action,
named action network. The action net
work is served as the control policy. The
critic network is trained to give a valid
evaluation to the action network, then
the action network is trained to mini
mize the output of the critic network.
The two training phases alternate until
the weights are converged. Consequent
ly, the converged action network is the
optimal control policy.
A. Data Collecting

When taking an action a at the state s ht
(only including elements v h and a h, i.e.
s ht = [v h, a h] h of the host car, the host car
will transfer to a new state of s ht + 1 . Such
a collected data (s ht , a t, s ht + 1) is called state
transition data. In order to train the crit
ic network, the data which distributes
uniformly in the state-action space is

Absolute Speed: vh
Desired Distance: dd
Radar Distance: d

Inverse Dynamic Model
1) Engine
2) Gear Box
3) Tire
Brake

Driving Habit

MF
OC

Host Speed: vh

Upper
Controller

Target Speed: vp

Acceleration

Bottom
Controller

Throttle

Host
Vehicle

Target
Vehicle

Figure 5 The two-layer hierarchical control framework of the intelligent cruise control. The
radar detects the distance between the two vehicles and the target vehicle speed. The host
vehicle speed and the current acceleration come from the mounted sensors. The upper
controller generates the desired acceleration signal by combining the relative speed and the
relative distance information. The bottom controller maps the acceleration to the brake or the
throttle control signals, adopted from [24].

Sampling

State
Expanding

Resampling

Policy
Improvement

Initial
Policy

Policy
Evaluation

Figure 6 Framework of model-free optimal control.

preferred. However, it is impossible to
initialize a car at an arbitrary state and
take a random action to obtain the tar
get data. As a result, a data collecting
strategy is required to get the data from
the running trajectory.
Applying an action a, a ! 6A min,
A max@ to the host car randomly, then
a running trajectory D t = " (s h0, a 0, s h1,
a 1, f , s ht , a t, s ht + 1, f) , can be collected.
Note that A min and A max denote the
maximum value of deceleration and the

maximum value of acceleration, respec
tively. st hi represents the state at the ith
time step. In order to collect state transi
tion data distributed randomly in the
state and action space, random actions
are taken all the time. It randomly gen
erates action uniformly in 6A min, 0@
with a probability of p, and 60, A max@
with a probability of 1 - p. Hence the
expected value of action is
E 6a@ = (pA min + (1 - p) A max).(12)
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B. Model-free Optimal Control
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Note that the value function in Eq. (9)
gives an evaluation for each state. Here,
we use the state-action value function
Q (s t, a t) which gives an evaluation for
each state-action pair. It is defined as:

"
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Figure 7 The actor-critic structure diagram of model-free optimal control.
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The MFOC algorithm is used to ap
proach the solution of the Bellman
equation:

1
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Q (s t, a t) = r (s t, a t) + V (s t + 1) .(14)
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Q (s t, a t) = r (s t, a t) + Q (s t + 1, r (s t + 1)),
(15)
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and the optimal control policy can be
obtained directly:
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Figure 8 Trajectory of the host car by data collected policy: (a) Velocity; (b) Acceleration;
(c) State distribution.

Eq. (12) indicates the host car tends
to accelerate or decelerate overall by
adjusting the value of p. Hence, random
actions are taken to explore the action
space, and an adjustable p makes it pos
sible to explore the state space. By
repeatedly adjusting the value of p, we
can collect multiple trajectory data sets.
A state transition data (s ht , a t, s ht + 1) can be
randomly sampled from D t and is
added to the state transition data set D h .
Such a random sampling operation can
reduce the correlation among samples.
As a result, an approximate independent
data set D h of the host car is yielded.
To expand the data of the host car to
the state transition of both the host car

62

cruise control system. Such a data gene
rated strategy increases the data set
exponentially, and also decreases the
dependency of the elements. D is used as
the training data set for the neural n
 etworks.

and the preceding car, we can randomly
generate the clearance value d t and
the relative velocity Dv t between the
two cars, then the next time step val
ues d t + 1 and Dv t + 1 can be solved by
the kinematics

)

d t + 1 = d t + Dv t T
, (13)
Dv t + 1 = Dv t + (a p, t - a h, t) T

where a p is the acceleration of the pre
ceding car, and T is the sampling
per iod. The state transition data set
D = " (s t, a t, s t + 1) | t = 1, 2, 3, g , is ob
tained by combining D h and the gener
ated data set ^(d t, Dv t), a t, (d t + 1, Dv t + 1)h,
where the new expanded state s =
[v h, a h, d, Dv] is the state of intelligent
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)

(s t) = arg minQ
(s t, a t) .(16)
r

It has been proved that the optimal
state-action value function can be
obtained and the control policy can
converge to the optimal control policy
)
r based on policy iteration in [26]. The
actor-critic structure [19], [39] shown in
Figure 7 is adopted in MFOC algo
rithm to learn the optimal control poli
cy from the state transition data. In the
structure, two three-layer neural net
works are employed, where the critic
network outputs the approximated
state-action value function Qt (s t, a t) and
the action network outputs the approxi
mated control action rt (s t) .
The two neural networks are depict
ed as:
Qt (s t, a t) = w <2 tanh (w <1 [s <t , a <t ] < + b 1) + b 2
)
,
<
<
rt (s t) = tanh (v 2 tanh (v 1 s t + d 1) + d 2)

(17)

where tanh (y) = ^e y - e -y h / ^e y + e -y h is
the activation function. w i, v i are the
weights and b i, d i are the bias, respec
tively, with the subscript i = 1, 2 repre
senting the located layers. Note that, the
output of the action network which is
limited in the range [- 1, 1] should be

transformed into the hosting car’s accel
eration space in proportion.
For simplicity, the vector expression
of critic network and action network
are denoted by:

Preceding
Initial Policy

First Policy
Final Policy

100
90

100

Velocity (km/h)

where ~ c and ~ a denote two row vec
tors including w 1, w 2, b 1, b 2 and v 1, v 2,
d 1, d 2, respectively. U (·) and W (·) are the
function expressions for the c ritic network
and the action network, respectively.

First Policy
Final Policy

150

Clearance (m)

Qt (s t, a t) = U (s t, a t, ~ c)
)t
, (18)
r (s t) = W (s t, ~ a)

Desired
Initial Policy

50

80
70
60

0

(19)

may exist. To approach the solution of
the Bellman equation, the parameters of
the critic network are updated to mini
mize the error function defined as:

2. Action Network
The action network is updated to minimize
the output of the critic network, which can
be designed by vanishing its first partial
derivative as 2Q (s t, a t) /2a t = 0. Thus, the
parameters of the action network are
updated to minimize the error function E a
defined as:
Z
]] E a = 1 (e <da e da + m 2~a ~ a< ~ a)
2
[
2U (s t, W (s t, ~ a), ~ c) , (21)
] e da =
2W (s t, ~ a)
\
where m ~a is the coefficient to the norm
of the parameters. Similar to the critic
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Figure 9 Comparison of control policies during the learning: (a) Clearance; (b) Velocity.
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E c = 1 (e r< e r + m ~2 c ~ <c ~ c), (20)
2
where the norm of ~ c is introduced as a
regularization term. m ~c is the coefficient
to tradeoff er and ~ c during the update
procedure. Note that the LevenbergeMarquardt method is employed to
minimize E c .

50

iTTC (s−1)

e r = U (s t , a t , ~ c ) - r (s t , a t )

- U (s t + 1, rt (s t + 1), ~ c)

0

Acceleration (m/s2)

1. Critic Network
According to the MFOC algorithm [26],
the critic network is trained to meet the
Bellman equation. However, it is impos
sible to solve the parameters of the neu
ral network to accurately meet Eq. (15).
An approximation error e r ,
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Figure 10 Comparison of control policies during the learning: (a) Acceleration; (b) iTTC;
(c) Throttle opening; (d) Braking pressure.

network, the parameters of the action
network are updated by LevenbergeMarquardt method.
So far, we have rules for updating
the critic network and the action net
work. The inputs of critic network are
the state s t and the control policy a t at
time t. It outputs the approximated
state-actor value function Qt (s t, a t), and
the reward r (s t, a t) can be obtained by

Eq. (8). At next time, the actor network
outputs the control policy rt (s t + 1) .
Then, the state s t + 1 and control policy
rt (s t + 1) are input into the critic net
work again. The approximation error e r
in Eq. (19) can be obtained and the
critic network is updated to minimize
the error function E c in Eq. (20).
Meanwhile, the actor network is updat
ed to minimize the error function E a
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Figure 11 Comparison of control policies’ performance: (a) Comfort index; (b) Safety index;
(c) Backward value function.

units. That is, the computational time
is only determined by the number of
the actor network’s hidden layer node.
After the offline training process, the
online implementation process only
needs a low computational resource
which is suitable for this kind of realtime application.
Remark 2: Note that the human driver
can turn off the intelligent cruise control
system through the human-computer
interaction when he/she is not satisfied
with the controller. Then the human
driver controls the vehicle, meanwhile,
the offline driving data is collected con
tinuously to train the intelligent cruise
controller offline until the actor-critic
networks are converged again. Then the
drivers can update the controller with a
satisfied driving safety and comfort.
V. Test Results
A. Learning Phase
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Figure 12 Trajectory during car following scenario: (a) Clearance; (b) Velocity.

in Eq. (21) to approach the optimal
control policy in Eq. (16). This is the
classical TD learning method in rein
forcement learning. We have proved
that the actor network can approach
the optimal control policy Eq. (16) and
the critic network can approach the
solution of the Bellman equation Eq.
(15) based on the policy iteration in
[26]. The two networks are updated
alternately based on the policy iteration
method until the converged weights
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are achieved. Then, we can obtain the
nearly optimal control policy.
Remark 1: Note that the MFOC
algorithm is trained offline based on the
collected data to obtain the converged
weights of the critic and actor net
works. Then, the nearly optimal con
troller obtained by the actor network is
applied to the intelligent cruise system
online. The computational complexity
of online implementation process is
O(n), where n is the number of hidden
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In the experiment, the state varies in
ranges: d ! [0, 140] m, Dv ! [- 15, 15]
m/s, v h ! [5, 33] m/s. When v h 1 5 m/s,
it will alert the human driver to take
over. Besides, the acceleration of host car
is in a range of [- 4, 2] m/s 2 by taking
into consideration both the mechanical
performance of a car and the comfort.
Correspondingly, the action is in a range
of a ! [- 4, 2] m/s 2 .
According to the state space and
Eq. (12): E [a] = 0.5 m/s 2 when p = 0.25;
E [a] = - 0.52 m/s 2 when p = 0.42. p
is set as 0.25 if the velocity of the host
car is below 5 m/s, and it will cause the
car to speed up overall. After its velocity
exceeds 35 m/s, p is set as 0.42 to make
the car speed down overall. This data
collecting strategy is applied to the host
car to explore the state space. Figure 8 (a)
and (b) show the velocity and accelera
tion trajectories of the host car. The
strategy starts when the car is at a veloc
ity of 35 m/s, and random actions act
on the car. The car speeds down overall
when the velocity reaches the upper
limit. Otherwise, it speeds up. Figure 8 (c)
is the distribution of the velocity and
the acceleration. It indicates the state
points are approximate uniformly dis
tribute in the space.
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Figure 13 Trajectory during car following scenario: (a) Acceleration; (b) iTTC; (c) Throttle
opening; (d) Braking pressure.

Safety Index

Based on the running trajectory, the
state transition data are sampled and then
expanded to the state space of intelligent
cruise control system. Hence, the training
data set D = " (s t, a t, s t + 1) , is obtained.
The reward rt can be calculated for each
element in the data set according to Eq. (8).
The cr itic network inputs s =
6d, v h, Dv, a h@ and the control policy a,
outputs the approached state-action
value function Qt , with a structure of
5 - 45 - 1. The action network inputs
s = 6d, v h, Dv, a h@ a n d o u t p u t s t h e
approached control policy rt, with a
structure of 4 - 10 - 1. Their weights
are generated randomly with a normal
distribution N (0, 2/n i), where n i is the
number of nodes in its previous layer.
The action network is trained to regress
a feasible initial control policy a =
- [- 0.0249, - 0.1307, 0.0499, 0.7163] s
in advance. This initial control policy is
obtained experimentally. Based on the
data D, the critic network is trained to
evaluate the control policy according to
the objective function Eq. (20), and then
the action network is trained according to
the objective function Eq. (21) in order to
improve the control policy. Thus a new
control policy (called the first policy) is
yielded.The critic network and the action
network are trained alternatively until the
weights converge. The converged action
network is called the final policy.
The trajectories of the host car steered
by the initial policy, the first policy and
the final policy are shown in Figure 9
and Figure 10. At time 0 s, the intelligent
cruise control system starts. After a period
of time, it detects a preceding car with
velocity 72 km/h in the 130 m ahead.
The preceding car speeds up to 90 km/h
with an acceleration of 1 m/s 2 at 50 s.
This velocity is kept steady until 85 s, and
it speeds down to 72 km/h with an
acceleration of - 1 m/s 2 . Its velocity
curve is shown as the dashed line in Fig
ure 9 (b). Correspondingly, the driver’s
desired distance is shown as the dashed
line in Figure 9 (a). The trajectories
steered by the initial control policies are
fluctuant. It takes much time to track the
preceding car.While the first policy shows
a great improvement over the initial poli
cy: it tracks the preceding car quickly and
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Figure 14 Performance index during car following scenario: (a) Comfort index; (b) Safety
index; (c) Backward value function.

keeps the clearance as the driver’s desired
distance and also decreases the amplitude
of the fluctuation. The final policy pro
duces the best performance: it tracks the
preceding car quickly and smoothly with
little fluctuation.
Figure 11 (a) and (b) show the com
fort performance index and the safety per
formance index calculated by Eq. (5) and

Eq. (7), respectively. The lower the value,
the better the performance will be. Fig
ure 11 (a) shows the comfort performance
becomes better and better during the
learning process, which indicates the com
fort improves. Figure 11 (b) shows the car
steered by the initial policy exceeds the
safety distance several times and causes the
index greater than zero. After the learning
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process, the final policy can steer the car
in the safety distance all the time.
To give a clear evaluation to a policy
for driving safety and comfort, the value
function Eq. (9) is calculated in a back
ward way.
t

J = 1 / r (s k, a).(22)
2 k=i
The cumulative performance index,
which considers both the driving safety
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and comfort, from i to t is shown in
Figure 11 (c). The average values of the
performance index for the initial policy,
the first policy and the final policy during
the learning process are 1072.6, 153.21,
57.16 respectively, which means the final
policy yields the best p erformance.
Note that the amplitude of the improve
ment decreases following the policy con
verging during the later stage of the
learning process.
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B. Testing on Hardware-in-the-loop
Simulator

Hardware-in-the-loop simulator devel
oped previously is selected as the testing
platform. We run the automotive simu
lation model in the processor board and
build up different virtual traffic scenarios
to test the intelligent cruise controllers.
The program of the intelligent cruise
control algorithm is downloaded into
the embedded microprocessor. The
microprocessor connects to the simula
tor by CAN2.0B, which receives the
simulation state from the simulator and
sends the corresponding command to
steer the model.
The control period is set as 0.01 s
during the testing. The proposed ap
proach MFOC is used to develop the
intelligent cruise controller. The LQR
controller developed in [4] and seg
ment-PID controller are brought in for
comparisons. Typical virtual traffic sce
narios [24], such as car following, cutting
in&out and emergency braking, are built
up to test the controllers.
1. Car Following
When a preceding car is detected, the
intelligent cruise control system has to
adjust its velocity to keep a desired dis
tance to the preceding car. Such a sce
nario always appears on a highway road.
The preceding car runs at a velocity of
72 km/h, speeds up to 90 km/h with
an acceleration of 1 m/s 2 at 40 s, then it
speeds down to 54 km/h with an accel
eration of - 2 m/s 2 at 65 s. The velocity
curve is shown as the dashed line in
Figure 12 (b).
The state trajectories of the car
steered by the controllers are shown in
Figure 12 and Figure 13. All the con
trollers can track the distance and the
velocity smoothly. The PID controller
tends to take larger throttle opening and
braking pressure than others. In addition,
fluctuations exist in the acceleration tra
jectory and the throttle trajectory of the
PID controller, as the controller switches
in different segment. Correspondingly,
the MFOC controller and the LQR
controller take actions more smoothly.
Figure 14 (a) and (b) are the curves
of the comfort index and the safety
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Figure 17 Performance index during cutting in&out scenario: (a) Comfort index; (b) Safety
index; (c) Backward value function.
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2. Cutting In&Out
During car following scenario, it is com
mon that another car cuts in from the
lateral lanes or the preceding car changes
to the lateral lanes. In order to test the
performance of the controllers in such a
traffic scenario, another car is added. It
cuts into the middle of the cars at 40 s,
and then changes to the lateral lanes at
70 s. Figure 15 (a) shows the detected
distance to the preceding car changes
abruptly at 40 s and 70 s. Dashed line in
Figure 15 (b) shows the detected veloci
ty of the preceding car.
Figure 16 shows the state trajectories
of the host car. The PID controller per
forms higher throttle opening and brake
pressure than the others, and so tracks
the distance and the velocity quicker.
The MFOC controller and the LQR
controller more likely take small actions
and so the curves are smooth.
Figure 17 (a) and (b) are the trajecto
ries of the comfort performance index
and the safety performance index, respec
tively. Figure 17 (a) shows the MFOC
controller keeps the lowest value all the
time and thus produces the best comfort.
Figure 17 (b) shows the car exceeds the
safe distance range when another car cuts
in, but the controllers steer it into the safe
distance quickly. Similarly, we give the
backward value function in Figure 17 (c).
The average values of the performance
index for the MFOC policy, the LQR
policy and the PID policy in the cutting

6

Clearance (m)

index, respectively. Figure 14 (a) shows
the MFOC controller keeps the lowest
value all the time and thus produces the
best comfort. Figure 14 (b) shows all
controllers can steer the car in a range
of the safe clearance. Fig ure 14 (c)
shows the backward value function of
the controllers calculated by Eq. (9).
The average values of the performance
index for the MFOC policy, the LQR
policy and the PID policy in the car
following scenario are 69.31, 116.44,
75.97, respectively. It can be seen that
the MFOC controller yields the lowest
values. Therefore, it is the optimal one
to guarantee the driving safety and
comfort. A video of this test can be
found in [40].
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Figure 18 Trajectory during emergency braking scenario: (a) Clearance; (b) Velocity.

in&out scenario are 130.17, 157.06,
195.92, respectively. The MFOC control
ler is still the optimal one. A video of this
test can be found in [40].
3. Emergency Braking
Safety is the basic requirement for an
intelligent cruise control system during

the driving. In the car following scenario,
it is hard for a driver to know the road
condition in the front as his sight is
obstructed by the preceding car. It may
lead to a forward collision and endanger
the driver if the preceding car brakes
abruptly in a dangerous situation. In
order to test the controllers’ performance
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VI. Conclusion And Discussion
A. Conclusion
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Figure 20 Performance index during emergency braking scenario: (a) Comfort index;
(b) Safety index; (c) Backward value function.

in such a situation, a virtual traffic scenario
is designed in the simulator: the preced
ing car runs at a steady velocity of 72 km/h,
it brakes abruptly to 18 km/h with an
acceleration of - 5 m/s 2 at 50 s, and then
speeds up to 54 km/h at 75 s.The veloci
ty curve is shown as the dashed line in
Figure 18 (b).
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ler can take actions with the similar
amplitude, but the MFOC controller
produces a smaller value of iTTC. In
addition, the acceleration and the throt
tle opening curves change abruptly at
about 80 s is caused by gear shifting.
The curves of the comfort perfor
mance index are shown in Figure 20 (a).
The curves increase sharply when the
preceding car brakes, which indicates the
comfort decreases during the time. The
MFOC controller and the PID control
ler are able to decrease the value quickly,
whereas the LQR controller increases
until colliding. The trajectories of the
safety performance index are shown in
Figure 20 (b). It shows the MFOC con
troller steers the car into the safe distance
range quicker than the others. Figure 20 (c)
shows the backward value function of
the controllers. It can be seen that the
MFOC controller yields the lowest val
ues all the time.The average values of the
performance index for the MFOC poli
cy, the LQR policy and the PID policy
in the emergency braking scenario are
480.58, + 3, 753.25, which means that
the LQR controller cannot guarantee
the driving safety and comfort and the
MFOC controller is still the optimal one.
A video of this test can be found in [40].

The state trajectories steered by the
controllers are shown in Figure 18 and
Figure 19. The MFOC controller and
the PID controller can adjust the veloci
ty quickly to keep a safe distance from
the preceding car, but the LQR control
ler causes a forward collision at 57 s. The
MFOC controller and the PID control
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In this article, a comprehensive perfor
mance index is proposed to evaluate the
intelligent cruise control system from the
perspectives of comfort and safety, and
the MFOC algorithm is employed to
learn the optimal control policy. During
the learning process, the state transition
data are collected from the running tra
jectory of the host car and the training
data are obtained by resampling and state
expanding. A critic network is developed
to evaluate the performance of the con
trol policy and an action network is
developed to take actions. These two net
works are trained alternatively until con
verging. The converged action network is
served as the optimal control policy for
the intelligent cruise control system.
A hardware-in-the-loop simulator is
developed to test the intelligent cruise

control system. The data collecting strat
egy is tested on the simulator and it
shows the collected samples can distrib
ute in the state space uniformly. The
samples are used to train the networks. It
shows the performance of control policy
improves during the learning process
and converges at last. The learned con
trol policy is tested on the simulator by
several different typical traffic scenarios.
The PID controller and the LQR con
troller are brought in for comparing. It
shows these controllers have their own
strengths and weaknesses from the
aspects of acceleration amplitude, dis
tance tracking, iTTC and so on. Overall,
the MFOC controller yields the best
performance. It verifies the effectiveness
of the proposed approach.
B. Discussion

As can be seen from the recent traffic
accidents of the car with autopilot
function [41], the driving safety is still an
open world-class problem during the
intelligent car application. It should be
mentioned that the convergence analysis
of the MFOC algorithm has been given
in [26], which can obtain the nearly
optimal control policy to guarantee the
driving safety and comfort for the intel
ligent cruise system. Note that the intel
ligent cruise system is one of the ADAS.
The ADAS also contain other subsys
tems such as the automatic emergency
braking (AEB), lane keeping assist
(LKA), forward collision warning
(FCW) and so on. Now, the ADAS are
in the level 2-3 of the automated driv
ing system [42], where the human driver
should be responsible for the driving
safety although ADAS have the ability to
drive the car. To guarantee the driving
safety and comfort in the real vehicle
test is also an interesting and challenging
work. All the efforts will pave the way to
the final driverless cars.
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