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(e automatic stop-and-go task of intelligent vehicles can make the adaptive cruise control system achieve a full-speed range.
However, the conventional designmethodsmostly focus on functional safety, without considering drivers’ behaviors, thereby leading
to a poor driving experience. To improve the situation, a humanized learning control model is used instead of mechanical switching
logic. (erefore, first, the common characteristics of human drivers with different driving styles are found by analyzing real drivers’
experiments. (en, the vehicle automatic starting function is designed based on iterative learning control with the fast Fourier
transform for acceleration fitting. Next, the vehicle automatic braking function is designed based on dynamic time to collision.
Finally, the simulation of the stop-and-go scenario is shown in CARSIM, and the real vehicle test is performed under the urban
overpass driving condition. Results show that the proposed model can improve the humanization in the vehicle stop-and-go task.

1. Introduction

With the high pace of modern life, the increasing number of
citizens will cause traffic congestion. Although conventional
adaptive cruise control (ACC) systems can provide partial
drive assistance, such systems could still be improved. On
the one hand, most ACC systems may not cover the full-
speed range [1]. On the other hand, the current automatic
stop-and-go control methods of vehicles do not consider
drivers’ behavior [2].

Research on stop-and-go tasks is presently one of the
most important topics in the field of ACC systems. One of
the reasons is that the conventional ACC will frequently
withdraw from the system when the velocity is less than
30 km/h. Moreover, the velocity is very low to enable
cruise control (CC) function [3]. Furthermore, the current
control methods mostly focus on functional safety.
However, the poor driving experience will be increasingly
evident when drivers’ behaviors are not considered. For
instance, some drivers used to have a violent start, such as
a sense of push the back, but the control logic may limit

the acceleration by considering safety and comfort. (e
other drivers used to make a double brake when a vehicle
in front suddenly slows down, but the control logic may
provide a great deceleration such that the host vehicle can
stop by only braking once. (erefore, when the driver is
aware of the relative motion of the vehicle in the field of
view, the driver will make a series of habitual actions to
catch up with the target vehicle and keep a safe distance.
(us, these actions reflect the real drivers’ driving be-
haviors in car following, but the existing decision-making
algorithms or control methods are compliant with the
established rules.

(e challenges of the research comprehensively regard
drivers’ behavior characteristics, vehicle’s dynamic charac-
teristics, safety, and humanization in vehicle automatic
control. Moreover, in this study, an automatic stop-and-go
control method is designed by analyzing the real drivers’
starting and braking behaviors based on an intelligent ve-
hicle platform, as shown in Figure 1.

According to previous studies, the conventional control
methods for vehicle stop-and-go scenario can be
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summarized as model-based control. For example, Junchen
[4] established a car-following model based on drivers’
behavior and dynamic vehicle characteristics. However,
model-based control methods are usually regarded as
complicated and hard-to-debug systems. In the above
methods, while also considering safety, the calculation of
time to collision (TTC) plays an important role in the
process of braking. As a quintessential example, Jahandideh
et al. [5] found that pedestrians prefer to cross the road at the
intersection point at the average TTC of approximately 6.2 s,
and 54% of men and 39% of women face TTC risk for less
than 3 s. Zhenhai andWu [6, 7] established models based on
TTC for warning and braking time prediction on the basis of
drivers’ habitual braking and braking force characteristics.
However, the conventional TTC algorithm cannot meet the
change of acceleration. Compared with the conventional
methods, some new trends toward learning control exist. For
example, Lu et al. [8] designed a learning module based on
neural reinforcement learning before the PID control. (is
model can learn from human drivers online based on the on-
board sensing information and realize human-like longi-
tudinal speed control by learning from the demonstration
paradigm. Xing et al. [9] provided a personalized leading
vehicle trajectory prediction method based on joint time
series modeling. (is method can generate three different
driving styles for the leading vehicle through the JTSM
algorithm and achieve better results. Lv et al. [10, 11]
proposed a CPS-based framework for codesign optimization
of an automated electric vehicle with different driving styles,
which used unsupervised machine learning to develop the
driving style recognition algorithm.

By analyzing the above results, this study finds that
conventional methods are applicable, but humanization is
not considered due to its inherent logic strategies.
(erefore, based on previous studies, we propose a hu-
manized vehicle automatic stop-and-go control method
based on the iterative learning (IL) algorithm and the
dynamic time to collision (DTTC) model. (is study aims
to develop a humanized learning control model based on IL
and DTTC while focusing on the stop-and-go task for
autonomous driving. (e main contributions of this study
are as follows: (1) the drivers’ control behavior

characteristics are extracted through the real vehicle tests
with different types of drivers. (2) An automatic drive
control method based on the IL algorithm is proposed to
learn the driver behavior and realize the human-like
control. Based on the IL algorithm, complex dynamic
calculations are not required, and the control method can
be learned directly from the acceleration curve equation.
(3) An automatic brake control method based on the DTTC
model is proposed in this study to learn the driver behavior
and realize the human-like control. Based on the DTTC
model, on the one hand, the safety of the braking process is
improved by the consideration of dynamic deceleration; on
the other hand, different types of braking can be learned
directly from the real vehicle tests. (4) Automatic stop-and-
go control is implemented by combining the automatic
drive control and automatic brake control methods. (e
validity and feasibility of the proposed method are verified
through simulation and real tests.

(e remainder of this paper is organized as follows: the
second part is “extraction of drivers’ control behavior
characteristics.” (e third part is the “learning model for
vehicle automatic starting control.” (e fourth part is the
“learning model for vehicle automatic braking control.” (e
fifth part is “simulation and experimental tests.” (e sixth
part is “results and comparative analysis.” (e final part is
“conclusions and future work.”

2. Extraction of Drivers’ Control
Behavior Characteristics

(e three types of typical drivers are examined based on the
previous classification to obtain the common characteristics
of different drivers with evident driving styles [12–14]. In
this study, we choose three types, namely, aggressive driver,
normal driver, and steady driver. Many factors causing
different characteristics should be neglected because this
part aims to find the humanized common characteristics of
human drivers compared with the conventional model-
based design. (erefore, we assume that the target vehicle
stops at the stop line 200m away from the host vehicle.(en,
the host vehicle starts to catch up with the target vehicle
through acceleration or deceleration control over a period of

Driver Horizon Judgment Accelerator/brake pedal

Vehicle Environmental perception Learning Vehicle dynamics models

Engine characteristic

Braking system

A human-like platform for intelligent vehicle

Figure 1: A human-like platform for intelligence vehicle.
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time. Finally, the host vehicle will stop behind the target
vehicle. Figure 2 shows the experimental scenario.

As shown in Figure 3, we conduct further analysis of
vehicle velocity and acceleration in the stop-and-go scenario.
In the case of low speed, the vehicle stop-and-go charac-
teristics controlled by different drivers have some similar-
ities. One similarity is that the trend of the acceleration curve
will increase along with the velocity and then gradually
reduce to half of the peak value. From a practical point of
view, the drivers in the experiment with different start
characteristics usually choose to step down the accelerator
pedal. (en, they slowly release the accelerator pedal in the
process of starting. (e other similarity is the time of
braking. Although different drivers have varying braking
decelerations, a humanized braking method is reflected in a
reasonable double brake. Moreover, the trend of acceleration
change is highly similar to the same velocity adjustment, and
the trend of deceleration with a large increase or decrease
can be classified as a double brake.

3. Learning Model for Vehicle Automatic
Starting Control

When the vehicle deals with repetitive tasks in an actual
environment, people expect to use a certain amount of
human manipulation samples to match the automatic
control system with the behavior of the drivers. To imitate
human learning abilities and their self-regulation function,
the IL algorithm can improve the control target through
iterative correction, which is suitable for controlled objects
with repetitive motion properties. (e IL algorithm can
realize the control of strong coupled nonlinear dynamic
systems with high uncertainty in a limited time. Moreover,
this algorithm does not depend on precise mathematical
models [15, 16]. (erefore, IL has been widely used in
automation controls, such as industrial robots, digital
control machines, and machine manufacturing.

However, in the practical environment, the driving styles
of drivers are better described through behaviors but hard to
describe through theoretical analysis. (erefore, in hu-
manized features’ extraction, we will transform the practical

problem into a function approximation problem based on
experimental data. (us, the first step is to design a function
to make it as close as possible to the trend of the acceleration
curve.

According to previous studies, two methods are usually
used for solving function approximation problems, namely,
interpolation and fitting. If the experimental data are dis-
crete, then the interpolation is suitable. When considering
the continuity of the acceleration curve, the fitting is suitable
instead. (e three main methods of fitting that are used
widely are algebraic polynomials, rational fractional func-
tions, and triangular polynomials. Typical samples for the
fitting methods above are polynomial fitting, Gaussian fit-
ting, and fast Fourier transform (FFT). Moreover, we
construct a function similar to the trend of the acceleration
curve in the experiment, which will increase along with the
velocity and then gradually reduce to half of the peak value.
If we choose the polynomial power function for fitting, then
estimating the error is difficult although easy to operate, and
the amount of calculation is small. When the sampling
points are rare, the fitting effect is poor, as shown in
Figure 4(a). Otherwise, if we choose the Gaussian function
for fitting, then the positioning accuracy for edge detection
of data will be low, and the fitting will be sensitive to noise
although calculating the integral is convenient, as shown in
Figure 4(b).

Figure 4 shows that underfitting occurs in polynomial
fitting, and overfitting occurs in Gaussian fitting. From the
results above, these two methods for acceleration curve
fitting can meet the approximation standard, but each has
shortcomings. (erefore, FFT fitting is made by analyzing
polynomial and Gaussian fittingmethods to better reflect the
humanization of acceleration in the vehicle stop-and-go
scenario. FFT is not a change of discrete Fourier transform
(DFT) but is a fast algorithm which can reduce the number
of DFT operations. Among them, any periodic function can
be converted into the sum of several trigonometric functions
by dividing the periodic function to be converted f(t) into a
trigonometric function of innumerable sin and cos, as shown
in the following equation:

f(t) �
1
T


t0+T

t0

f(t)dt +
2
T


t0+T

t0

f(t)sin(ωt)dt sin(ωt) +
2
T


t0+T

t0

f(t)cos(ωt)dt cos(ωt) +, ...,

+
2
T


t0+T

t0

f(t)sin(nωt)dt sin(nωt) +
2
T


t0+T

t0

f(t)cos(nωt)dt cos(nωt) +, ...

(1)

Furthermore, we use the toolbox ofMATLAB to conduct
the acceleration fitting based on FFT to the experimental
data for vehicle starting, and Figure 5 shows the result.

(e FFT fitting curve on level 4 can effectively express the
fluctuation trend of the experimental data through comparative
analysis. If we regard the FFT fitting curve on level 4 as the target
acceleration that the system needs to follow, then the second step
would be the vehicle automatic starting based on the IL algorithm.

Owing to the influence of several factors, such as external
air resistance, road friction resistance, and internal trans-
mission, the longitudinal acceleration of the vehicle and the
torque of the engine have a nonlinear relationship. Fur-
thermore, the control principle of the automatic vehicle start
control algorithm is based on the engine torque control to
track the target acceleration. Hence, to express the nonlinear
relationship, this study uses the PD-type close-loop IL
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control method to convert the engine torque control
problem into an engine throttle opening problem. (e IL
algorithm can be described as shown in the following
equation:

pk(t) � pk−1(t) + Lpek(t) + Ldek(t),

ek(t) � aexpected(t) − areal(t),

⎧⎨

⎩ (2)

where pk(t) represents the throttle percentage, aexpecred(t)
represents the expected acceleration, areal(t) represents the
real acceleration, Lp and Ld represent the learning gain
factors, and ek(t) represents the error.

As mentioned before, in this study, a typical fitting
function is extracted from the experimental test data to be

used as the target acceleration for tracking the target of IL
control, as shown in Figures 6 and 7.

In Figure 6, the error gradually decreases with the in-
crease of the iteration number, and when the iteration
reaches the eighth time, the error is close to 0. (erefore, in
Figure 7, the acceleration following the curve from the first
iteration to the eighth iteration and the throttle change curve
is provided. Figure 7(a) shows that with the increase of
iteration time, the actual acceleration of the vehicle draws
closer to the target acceleration and converges to the ex-
pected trajectory. In addition, Figure 7(b) shows that with
the increase of the number of iterations, the control quantity
gradually converges to the expected control quantity and
converges to the expected trajectory.

Start control and speed up Change Brake control and slow down

Figure 2: (e experimental scenario.
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Figure 3: (e experimental results for three drivers in the vehicle stop-and-go scenario.
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Figure 4: Acceleration fitting based on different fitting methods. (a) Polynomial fitting. (b) Gaussian fitting.
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4. Learning Model for Vehicle Automatic
Braking Control

(e vehicle automatic braking control is an active method to
apply braking force through the electronic stability program
before the collision happens. Safety should be prioritized to
ensure that the host vehicle can slow down when the target
vehicle decelerates or suddenly brakes when car following,
which is different from the starting control. According to
previous studies [17–19], the cause of the collision is related
to different drivers’ braking time, braking behavior, and
braking force. (e design of the conventional vehicle au-
tomatic braking control method only considers the rigid
body kinematics characteristics and collision theory.
(erefore, the driver and the passenger will feel an evident
sense of frustration and tension due to the lack of under-
standing of the driver’s braking characteristics.

At present, classification judgment is a popular method
widely used in the vehicle longitudinal automatic braking
control. (is method is based on the comprehensive in-
formation of vehicle and traffic conditions. As the danger
comes, the vehicle will slow down through active inter-
vention. However, in this study, we aim to consider the
uncertainty of the target vehicle and propose an anthro-
pomorphic automatic braking control method based on the
DTTC model. (us, through the analysis of Figure 3, the
humanized design problem is transformed into the inter-
pretation of brake commonality.

As previously mentioned, the basic requirement of the
vehicle automatic braking control is to achieve driving

safety. (e conventional calculation method for TTC is
shown in the following equation:

TTC �
Drel

Vrel
, (3)

where Drel and Vrel represent the relative distance and ve-
locity between the vehicles, respectively. However, this
definition of TTC does not consider the speed change of the
ego vehicle and target vehicle during acceleration and de-
celeration. (erefore, as shown in Figure 8, DTTC is a
definition of a collision which considers the host vehicle’s
velocity vego and deceleration aego and the target vehicle’s
velocity vtar and deceleration atar.

Based on the kinematic relation of the vehicle, the value
of DTTC can be obtained as shown in the following
equation:

Dego � Vegot +
1
2

aegot
2
,

Dtar � Vtart +
1
2

atart
2
,

Dego � Drel + Dtar,

Vrelt +
1
2

atart
2

+ Drel � 0.

(4)

Moreover, through the further discussion on vrel and arel,
the DTTC can be described as shown in the following
equation:
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Figure 7: (e results of the vehicle automatically start based on the IL control method. (a) Acceleration following with multiple iterations.
(b) (rottle change with acceleration following.
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(5)

An ideal braking model based on the minimum safe
distance should be considered to make the deceleration
process of vehicle automatic braking control reflect the
characteristics of the driver’s behavior. In Figure 8, on the
one hand, the ideal braking model provides an expected

deceleration in the process of slowing down, which can be
defined as areq represents the deceleration avoiding a col-
lision. On the other hand, the host vehicle should maintain a
minimum safe distance from the target vehicle after braking,
which can be defined as D∗, as shown in Figure 9. Fur-
thermore, the following equation provides the calculation of
areq:where Drel represents the current distance, Dtar repre-
sents the estimated distance, and Dego represents the dis-
tance the host vehicle traveled.

Dego � Vegot +
1
2
areqt

2
,

Dego + D
∗

� Drel + Dtar,

areq �

0, Vrel > 0 and atar > 0,

V
2
ego

V
2
tar/atar  − 2∗ Drel − D

∗
( 

, Vrel > 0 and atar < 0, Vrel < 0 and atar < 0 and tego > ttar,

atar −
V

2
rel

2∗ Drel − D
∗

( 
, Vrel < 0 and atar > 0, Vrel < 0 and atar < 0 and tego < ttar,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(6)

5. Simulation and Experimental Tests

A simulation test based on CARSIM and a real vehicle test
under the urban overpass driving condition are provided to
verify the validity and feasibility of the proposed method. In
this part, we first establish a vehicle longitudinal automatic
control model in MATLAB/SIMULINK. (is model con-
tains car, sensor, decision-making, and execution modules,
as shown in Figure 10.

(e car module is connected to CARSIM, which
provides some vehicle, environmental, and road pa-
rameters. (e sensor module is connected between
CARSIM and SIMULINK, which provides information
for the host and target vehicles. (e decision-making
module is designed on MATLAB/SIMULINK, which
provides the key strategies and important logics for the

vehicle autonomous stop-and-go task. (e execution
module is a computational relationship between vehicle
dynamics and the braking system. (en, we conducted a
simulation test for the vehicle autonomous stop-and-go
scenario through CARSIM/SIMULINK, as shown in
Figures 11 and 12.

To further verify the proposed method, a real vehicle test
is conducted. (e experimental vehicle is HAVAL H7
equipped with a millimeter wave radar and dSPACE
AutoBox.(e former is used to obtain the information of the
target vehicle, whereas the latter is used to obtain the in-
formation of the host vehicle. Moreover, we download the
control algorithm to dSPACE AutoBox instead of the
original controller of the vehicle.(erefore, a real vehicle test
is performed under the urban overpass driving condition, as
shown in Figures 13 and 14.
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Figure 8: (e condition of the DTTC process.
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6. Results and Comparative Analysis

During the simulation, as shown in Figure 12, the driving
condition is set to realize the vehicle’s frequent stop-and-go
task.(e results show that the host vehicle can catch up with
the target vehicle and keep an ideal distance when car
following. Moreover, as shown in Figure 14, the experi-
mental condition is random under urban overpass. (e
results show that the host vehicle can achieve an autono-
mous stop-and-go control based on the proposed method
when the target vehicle is accelerating or decelerating.
However, to further illustrate humanization, a comparative
analysis is conducted, as shown in Figure 15.

(e trend of acceleration is similar to the trend in
Figure 7(a). Moreover, the trend of throttle degree is also
similar to the trend in Figure 7(b). (erefore, on the one
hand, the sense of starting in the real vehicle’s experimental
test will be similar to the real drivers. On the other hand,
with the evident change in double deceleration, the behavior
of braking will also be similar to the real drivers. Further-
more, the ideal distance in the simulation is similar to the
test, and, then, the effectiveness of the proposed method is
verified on the premise of ensuring safety.

7. Conclusions and Future Work

In this article, we propose an automatic stop-and-go control
method based on a learning model for vehicles. First, the real
drivers’ starting and braking behaviors are obtained through
the real vehicle’s experimental test. (e results show that the
common characteristics of human drivers with different
driving styles are their humanized acceleration and decel-
eration. (en, according to the variation trend of acceler-
ation, the vehicle automatic starting control strategy is
designed based on FFTand the IL algorithm. Next, based on
the DTTC model, the vehicle automatic braking control
strategy is designed by further analyzing the common hu-
manized characteristics. Finally, the validity and feasibility

are proved through the simulation and real vehicle tests.
Furthermore, compared with the initial experiment, the
method proposed can provide automatic stop-and-go
control in car-following and improve the sense of humanity
in the vehicle stop-and-go task.

However, the humanized learning control method has
still some limitations: (1) considering the limited sample size,
the humanization of the algorithm is slightly inadequate. (2)
A switch logic should be designed between drive and brake
controls. (3) (e proposed method does not consider some
extreme conditions, such as emergency braking behavior.

Future work can increase the sample size of the learning
model. In addition, the switch strategy can be improved to
solve the fluctuation problem, and some extreme conditions
may be tested in the simulation.
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Figure 15: (e acceleration and throttle degree for the real vehicle experimental test.
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