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Existing studies had shown that advanced driver assistance systems (ADAS) and driver individual characteristics can significantly
affect driving behavior.,erefore, it is necessary to consider these factors when building the car-followingmodel. In this study, we
established a car-following model based on risk homeostasis theory, which uses safety margin (SM) as the risk level quantization
parameter. Firstly, three-way Analysis of Variance (ANOVA) was used to analyze the influencing factors of car-following
behavior. ,e results showed that ADAS and driving experience have a significant effect on the drivers’ car-following behavior.
,en, according to these two significant factors, the car-following model was established. ,e statistical method was used to
calibrate the parameter reaction response τ. Other four parameters (SMDL, SMDH, α1, and α2) were calibrated using a classical
genetic algorithm, and the effects of ADAS and driving experience in these four parameters were analyzed using T-test. Finally, the
proposed model was compared with the GHR model, and the result showed that the proposed model has a smaller Root Mean
Square Error (RMSE) than the GHR model. ,e proposed model is a method of simulating different driving behaviors that are
affected by ADAS and individual characteristics. Considering more driver individual characteristics, such as driving style, is the
future research goal.

1. Introduction

With the increasing number of vehicles, societies have been
faced with significant challenges to congestion and traffic
crashes. A recent report from World Health Organization
[1] indicated that, annually, 1.24 million people die due to
traffic crashes. Human factors are the most important cause
of traffic accidents, and driver behavior plays a leading role
in safe driving. Car-following behavior is one of the most
common and important behaviors in the driving process,
and it is closely related to traffic safety. Researchers have
been studying the car-following process for more than half a
century and have established a number of car-following
models that focus on traffic flow theory, control algorithms,
or driver psychology and physiology. ,ese car-following
models are important to ADAS, especially the ACC system
[2, 3], and are considered to be key assessment tools for

transportation systems [4, 5]. ,e existing car-following
model mainly includes the CA model (collision avoidance
model), which is based on maintaining a safe braking dis-
tance, and the GMmodel (stimulus-response model), which
is based on a stimulus-response mechanism. ,e CA model
calculates the specific theoretical safety following distance
combined with vehicle braking performance and driver
response time by using Newton’s law of motion [6]. ,e GM
model uses the relative speed between the leading and host
vehicle as the stimulus standard, uses the host vehicle’s
acceleration and deceleration as the reaction situation, and
introduces the sensitivity as the adjustment coefficient to
study the relationship between the parameters in the car-
following process [7]. ,ese evaluation models effectively
simulate the car-following behavior and determine how the
car-following occurs in the actual scenario, but the reasons
for the vehicles to follow each other in some way are not
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discussed in depth. Hamdar et al. explained car-following
behaviors based on the prospect theory and proposed a car-
following model by evaluating the gains and losses while
driving [8]. Wilde’s risk homeostasis theory (RHT), another
risk-taking theory, is also helpful in explaining car-following
behaviors [9]. A car-following model based on risk per-
ception, which is RHT and stimulus-response mechanism,
helps understand car-following mechanisms and facilitate
the simulation of car-following behaviors that differ
depending on varied individual characteristics, which have
different levels of acceptable risk [10].

To improve drivers’ attention and perceptual ability,
various Advanced Driver Assistance Systems (ADAS) were
developed to provide drivers with correct preaccident hu-
man errors. ADAS are designed to complement driver ca-
pabilities for perception, cognition, action selection, and
action implementation in a dynamic environment [11, 12].
For the influence of ADAS on driving behavior, many
scholars have carried out research from different aspects.
Blaschke et al. [13] tested the effectiveness of ADAS through
Field Operational Tests (FOT) and found that the driver can
more accurately estimate the distance to the leading vehicle
after using ADAS and can maintain a safer time headway
(THW) while driving. Saito et al. [11] conducted a simulated
driving experiment to test the performance of ADAS
through drivers awakening status and lane keeping per-
formance. ,e results show that ADAS helps reduce traffic
accidents, which is related to fatigue driving. Birrell et al. [14]
tested ADAS through FOT. In their tests, after using ADAS,
the driver’s fuel efficiency increased by 4.1%, and the average
THW increased to 2.3 seconds. Adell et al. [15] studied the
effects of ADAS on the safety distance and safe speed of
drivers through FOT. ,e results showed that both positive
and negative effects existed. Lyu et al. [16] studied the effect
of driving experience on the effectiveness of ADAS through
FOT. ,e results showed that ADAS had a positive impact
on skilled drivers and unskilled drivers, especially for un-
skilled drivers, in the following vehicle scenario. But in the
braking scenario, ADAS had a positive impact on unskilled
drivers but a negative impact on skilled drivers. Lyu et al.
[17] evaluated the effectiveness of ADAS in improving
driver’s risk perception in near-crash events using a novel
metric from risk homeostasis theory. ,e results show that
ADAS has a positive impact on the low-risk group and
moderate-risk group for all drivers, but a negative impact on
the high-risk group for skilled drivers. ,ese studies show
that ADAS can significantly affect the driver’s acceptable risk
level, so it is necessary to consider the impact of ADAS when
establishing a car-following model.

In addition, driver characteristics can significantly affect
the effectiveness of ADAS, such as gender [18] and driving
experience [19]. Existing studies had shown that driving
experience has an impact on driving performance. Rich
driving experience can make the excellent driving perfor-
mance, which is related to the driver’s learning process and
experience [20]. Compared with skilled drivers, unskilled
drivers take up more attention resources and cause higher
workload [21], and the accident risk is 2–4 times higher [22].
In addition, gender is one of the most commonly measured

variables in driving behavior researches, and it has been
identified as a key demographic variable that affects driving
performance [23]. ,erefore, the driver characteristics
should also be considered when establishing a car-following
model.

,is article analyzes which driver characteristics can
significantly affect the driver’s car-following behavior firstly.
,en, we establish the car-following model based on sig-
nificant influencing factors.

2. Database and Preparation

2.1. Field Operational Tests Design. Driving simulator [11]
and Field Operational Tests [14] approaches were employed
to study the influences of ADAS to driver behavior. With the
development of intelligent vehicles and the application of
vehicle sensors, it is becoming a trend to evaluate the effect of
ADAS with Field Operational Tests. Hence, an instrumented
vehicle, which is equipped with ADAS, was developed to
carry out Field Operational Tests on a variety of roads in
Wuhan, China.

44 participants (24 males, 20 females) were recruited in
these Field Operational Tests.,eir age ranged from 22 to 55
years old (mean� 32.2; SD� 8.2). On average, they had 6.9
years of driving experience, ranging from 2 to 18 years. It
should be noted that, in China, many people obtain their
driver’s license but do not obtain actual driving experience.
In order to avoid interfering with the credibility of the
experiment, this research used a driver’s total driving
mileage rather than his/her driving license age as an indi-
cator of proficiency. In terms of drivingmileage, participants
drove an average of 110,000 kilometers, ranging from 400 to
400,000 kilometers. In this study, drivers with a total driving
range of more than 40,000 kilometers were defined as skilled
drivers, while those with less than 40,000 kilometers were
defined as unskilled drivers. ,ere were 22 skilled drivers
and 22 unskilled drivers in the recruited participants.

An instrumented vehicle has been developed to collect
complete coverage of data on drivers’ behavior, vehicle
kinematics, and vehicle surroundings. ,e main equipment
of the instrumented vehicle is shown in Figure 1. Mobileye
was used to obtain headway and lane position, as well as to
alert forward collision and lane departure. One video camera
was used to collect vehicle surroundings video information.
,e INS system was used to obtain the vehicle’s three-axis
acceleration, latitude, and longitude. Lidar was used to
obtain the forward target information (distance, velocity,
relative velocity, etc.). ,e CAN bus was used to obtain
vehicle data such as vehicle speed, accelerator pedal infor-
mation, brake pedal information, and steering wheel angle.
All data was synchronized with the master time that was
transmitted by the monitoring software every 0.1 s.

2.2. Extraction of the Car-following Data. Based on LiDAR
and CAN bus data, the car-following segments were
extracted. Table 1 summarized the rules used to extract the
car-following segments from existing studies.
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,e key to the extraction of car-following segments is the
setting of the threshold values. Due to the differences in
traffic environment and driving behaviors between domestic
and foreign, the threshold value in the literature could only
be used as a reference, and it needs to be revised according to
the data of these FOTs. According to the distribution range
of each parameter in the FOTs data and the threshold values
in the existing literature, the threshold values of the various
car-following extraction rules in this study are determined as
follows:

(1) Absolute lateral distance is <2.5m, which ensures
that the target vehicle is in the same lane as the
experimental vehicle.

(2) ,e longitudinal distance is <120m, and the host
vehicle speed is >20 km/h. ,ese two rules can
eliminate traffic flow conditions of congestion and
free flow, and the congestion is excluded when the
host vehicle speed >20 km/h. ,e distance between
two vehicles in free flow is too large, in which case the
leading vehicle cannot restrict the driving behavior
of the host vehicle, so a longitudinal distance <120m
is required.

(3) ,e absolute value of longitudinal relative velocity is
<2.5m/s2, and the absolute value of relative velocity
is small enough to ensure that the vehicle is in a
stable car-following state.

(4) ,e segment duration should be more than 30
seconds to ensure the stability of the car-following
status.

According to the above four extracting thresholds, 354
car-following segments were extracted from FOTs.

2.3. Risk Perception Quantification Index. We need a risk
level quantitative parameter to describe the driver’s risk
perception changes in the car-following process. Commonly
used risk level quantization parameters are Time Headway
(THW) and Time to Collision (TTC). But THW and TTC
have limitations as traditional indicators of risk quantifica-
tion. THW retains only the vehicle speed information and
does not consider the impact on relative speed, while TTC
retains only the relative speed information and does not take
into account the impact of the vehicle speed. Additionally, the
expected means of THW and TTC are quite different between
drivers with different characteristics [28] ,erefore, there is a
need for an indicator that is consistent between drivers with
different characteristics to evaluate the effectiveness of ADAS.
,is indicator should take into account the impact of speed
and relative speed. ,e safety margin proposed by the risk
homeostasis theory (RHT) [29] is a suitable indicator. Nilsson
[30] suggested that “everything in the driver’s visual field that
could be an obstacle or a threat is surrounded by zones, that is,
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Figure 1: Equipment of instrumented vehicle.

Table 1: Summary of car-following event extraction criteria in the existing literature.

Absolute lateral
distance (m)

Host vehicle
speed (km/h) Longitudinal distance (m) Relative velocity (m/s2) Segment duration (s)

Leblanc et al. [24] >40 <2.0 >15
Chong et al. [25] <1.9 >20 <120 >30
Ervin et al. [26] >40 <2.0
Wang et al. [27] <2.5 >18 >7 and <120 <2.5 >15
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safety margins.” In the driver’s control system, the safety
margin (SM) is defined as the threshold that protects the
driver from danger [17]. ,e SM is independent of the actual
driving situation. In accordance with that definition, the SM
should have the following features: (a) it should be a
monotonic function of the objective risk level; (b) drivers
should have a fixed acceptable SM to guide their behaviors;
and (c) an acceptable SM varies depending on the driver’s
characteristics; however, a certain type of driver (such as a
highly skilled driver) should have a similar acceptable SM.

According to the barking process of the car-following
task, the risk level can be defined as [31]

ξ(τ, t) �
V1(t) · τ + V1(t) 

2/2a1(t)  − V2(t) 
2/2a2(t) 

D1(t)
.

(1)

In the above formula, V1(t) is the host vehicle’s speed.
V2(t) is the lead vehicle’s speed. a1(t) is the car-following’s
acceleration; a2(t) is the lead vehicle’s acceleration; D1(t) is
the relative spacing between the two vehicles. τ is the re-
action time, which consisted of the driver’s reaction time τ1
and the braking system’s reaction time τ2. ,is formula
shows that when one vehicle was following another, the lead
vehicle emergency brake could be applied until its speed
dropped to zero. ,e driver of the car-following could
observe the brake light signal of the lead vehicle and respond
quickly.,e distance the car-following passes is expressed as
V1(t) · τ + ([V1(t)]2/2a1(t)), and the distance the lead ve-
hicle passes is expressed as [V2(t)]2/2a2(t). In this case, the
quantitative objective driving risk level can be expressed as
the difference between the distance and the relative spacing
at time t. In this study, the formula was changed based on
elements of driver and vehicle system factors:

ξ(τ, t) � ξ τ2, t(  +
V1(t) · τ1

D1(t)
. (2)

Basing driving simulator on that definition, traffic
safety can be ensured when ξ(τ, t)≤ 1. It is important to
note that, in a real-world scenario, it is possible that
ξ(τ, t)> 1; however, no accident will occur in some cir-
cumstances. ,is is because the absolute value of the ac-
celeration of the car-following is greater than that of the
lead vehicle. However, if the lead vehicle brakes by the
maximum deceleration at this time, a rear-end crash will
still occur even if the car-following brakes at the maximum
deceleration.

,erefore, under ideal conditions,

V1(t) · τ1
D1(t)

≤ 1 − ξ τ2, t( . (3)

From here, the SM can be defined as

SM(t) � 1 − ξ τ2, t( . (4)

According to previous research, the limit value of the
acceleration of the vehicle is 0.3 G–0.75G [32]. Combining
the FOTs on the actual road, deceleration in the calculation
of risk was set as

a1(t) � a2(t) � 7.0m/s2. (5)

Braking system response time is usually between 0.10
and 0.30 s. During emergency situations, a driver may
quickly and strongly apply the brakes. ,us, τ2 was set as
0.15 s.

,erefore, the SM can be calculated by the following
formula:

SM(t) � 1 − ξ(0.15, t) � 1 −
0.15∗V1(t) + V1(t) 

2/14  − V2(t) 
2/14 

D1(t)
. (6)

According to the definition, the smaller the SM is, the
higher the objective risk level is, which means that the risk of
rear-end is higher. In the next section, each car-following
segment will calculate the mean value of SM. Based on the
ANOVA of the mean value of SM, the significant influencing
factors to driver’s car-following behavior can be obtained.

2.4. Factors Affecting Car-Following Behavior. Before the
analysis of variance, judging by box figure, there is no ab-
normal data value, and after Shapiro-Wilk test, all groups of
SMmean are of normal distribution (P> 0.05). Furthermore,
P value of Levene homogeneity test of variance is 0.130,
which is greater than 0.05, and it is believed that the de-
pendent variables in each classification have equal variance.
According to the above test, the data obey normal

distribution, have no abnormal value, and have equal var-
iance, so the three-way ANOVA can be analyzed.

,e results of three-way ANOVA are shown in Table 2.
,e results of three-way ANOVA showed that ADAS,

gender, and driving experience did not have the interaction
between three factors on the SMmean, F (2, 129) � 0.454,
P � 0.636. In the interaction between two factors, the in-
fluence of ADAS∗ gender on the dependent variable was
not statistically significant, F (1, 129) � 0.824, P � 0.193; the
influence of ADAS∗driving experience on the dependent
variable was statistically significant, F (1, 129) � 0.001,
P � 11.841; the influence of gender∗driving experience on
the dependent variable was not statistically significant, F (1,
129) � 0.505, P � 0.688. In the main effect, ADAS has no
main effect on the dependent variable, F (1, 129) � 0.017,
P � 0.896; the gender has no main effect on the dependent
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variable, F (1, 129) � 2.538, P � 0.085; the driving experi-
ence has a main effect on the dependent variable, F (1,
129) � 4.159, P � 0.043.

,e results of ANOVA showed that only driving ex-
perience can significantly affect the driver’s car-following
behavior, but in the interaction between two factors, the
influence of ADAS∗driving experience on the dependent
variable was statistically significant. ,erefore, the effect of
ADAS on the car-following behavior cannot be ignored. ,e
subsequent model will take into account the factors of ADAS
and driving experience.

3. Car-Following Model Based on
Risk Perception

3.1. Model Assumptions. When the driver follows another
vehicle, he will adjust the relative spacing to ensure an

acceptable level of risk. ,at is, the driver of the following
vehicle responds to the difference between the perceived
safety margin (perceived risk level) and the desirable safety
margin (DSM), as the driver of the following vehicle decides
to accelerate (perceived safety margin is greater than DSM),
decelerate (perceived safety margin is less than DSM), or
maintain a constant speed (perceived safety margin is within
DSM) [10]. Since the proposed model is based on the dif-
ference between the driver’s DSM and the perceived safety
margin, it is called the DSM model.

,eDSMmodel for car-following is described as follows:

an(t + τ) � f SM(t) − SMD(  �

α1 SM(t) − SMDH( , SM(t)> SMDH,

α2 SM(t) − SMDL( , SM(t)< SMDL,

0, else,

⎧⎪⎪⎨

⎪⎪⎩
(7)

where an(t) is the acceleration of a following car at time t.
SMDH is the upper limit of the DSM, and SMDLdenotes the
lower limit of the DSM. ,e goal of our modeling is to
describe natural driving, and DSM may change due to
psychological factors. However, in the simulation used to
analyze the main factors affecting the automatic tracking
process, the random factors can be ignored, so in the specific
traffic environment, for the same type of driver, SMDH and
SMDL can be constant values. α1 and α2 are the sensitivity
factors for acceleration and deceleration, where α1> 0,
α2> 0.

According to previous research, the limit value of the
acceleration of the vehicle is 0.3G–0.75G [30], so the
maximum deceleration is set as 7.0m/s2. If an(t)<−7.0m/s2,
then an(t) � −7.0m/s2. Maximum favorite acceleration is set
as 3.0m/s2. If an(t)> 3.0m/s2, then an(t) � 3.0m/s2.

Because of the simulated time interval, the result of
calculated speed may be negative when the speed is close to
zero in numerically updated process. ,us, the minimum
speed of the following car is set as V (t)� 0.0m/s, if Vn (t)
< 0.0m/s, Vn (t)� 0.0m/s.

3.2. Model Calibration. According to the car-following
model, a total of five parameters need to be calibrated: re-
sponse time τ, DSM lower limit SMDL, DSM upper limit
SMDH, acceleration sensitivity coefficient α1, and decelera-
tion sensitivity coefficient α2.

,e response time is the reaction time of the following
vehicle. According to the existing research, the reaction time
in the car-following process can be determined by com-
paring the relative speed curve and the acceleration curve of
following vehicle [33]. According to the theory of the
stimulus-response model [34], the acceleration of the fol-
lowing vehicle is determined by the relative speed of the two
vehicles; that is, the relative speed change (stimulus) will
cause a corresponding change (reaction) of the following
vehicle’s acceleration after a certain time delay, and this
delay is the car-following reaction time.

From the extracted 354 car-following events, the reac-
tion time of each pair of stimulus-response points was
extracted, and the mean value was calculated according to
whether or not to use ADAS and driving experience, re-
spectively. When ADAS is off, the average response time of

Table 2: ,ree-way ANOVA results for SMmean.

Source Type III sum of squares df Mean square F Sig
ADAS 0.000 1 0.000 0.017 0.896
Gender 0.075 1 0.037 2.538 0.085
Driving experience 0.016 1 0.016 4.159 0.043∗
ADAS∗gender 0.002 1 0.001 0.193 0.824
ADAS∗driving experience 0.046 1 0.046 11.841 0.001∗∗
Gender∗driving experience 0.005 1 0.003 0.688 0.505
ADAS∗ gender ∗ driving experience 0.004 2 0.002 0.454 0.636
∗∗∗Sig.< 0.001, ∗∗sig.< 0.01, and ∗sig.< 0.05.

Advances in Civil Engineering 5



unskilled drivers is 1.5 s, and the average response time of
skilled drivers is 1.3 s. ,is is because, without the support of
ADAS, unskilled drivers need to take more attention re-
sources and cause higher workload when handling driving
tasks, so the response time is slower than that of skilled
drivers. After exposure to ADAS, the average response time
of unskilled drivers is 1.0 s, and the average response time of
skilled drivers is 0.9 s. After exposure to ADAS, the response
time of skilled drivers and unskilled drivers will be short-
ened, and the change of unskilled drivers is more obvious.
,is phenomenon indicates that ADAS has more influence
on skilled drivers than unskilled drivers, consistent with the
existing research [35].

,e remaining four parameters, DSM lower limit SMDL,
DSM upper limit SMDH, acceleration sensitivity coefficient
α1, and deceleration sensitivity coefficient α2, cannot be
directly derived using statistical methods; therefore, we

denote them as a vector,V � (SMDL, SMDH, α1, α2). ,e
target of calibration is to obtain a vector V, which can
minimize the difference between measured and simulated
trajectories.

,e genetic algorithm is a nonlinear optimization al-
gorithm that simulates biological evolution and has been
widely used to solve complex nonlinear optimization
problems. It is also used to calibrate the vehicle model [10].
,erefore, we used the genetic algorithm to calibrate the
parameter vector V of the car-following model. With the
relative distance, the following vehicle speed and the fol-
lowing vehicle acceleration are common indicators used to
evaluate the car-following model, so, we defined the dif-
ference parameter F as the fitness function of the genetic
algorithm based on these three parameters. ,e difference
parameter F is calculated as follows:

dF(t) �
|vs(t) − vr(t)|/vr(t)(  + ds(t) − dr(t)


/dr(t)  + as(t) − ar(t)


/ar(t) 

3
,

F �
1
N



N

t�1
dF(t),

(8)

where vs(t) represents the simulated speed of the following
vehicle at time t, vr(t) represents the real speed of the
following vehicle at time t, ds(t) represents the simulated
relative spacing at time t, and dr(t) represents the real
relative spacing at time t; as(t) represents the simulated
acceleration of the following vehicle at time t; ar(t) repre-
sents the real acceleration of the following vehicle at time t;N
represents the sampling points number during this car-
following event. ,e genetic algorithm is used to find a
vector p to minimize the fitness function F.

According to the definition of fitness function, one
parameter vector V can be obtained in one car-following
event. ,erefore, in the extracted 354 car-following events,
354 parameter vectors V can be obtained, of which un-
skilled drivers with ADAS OFF have 85 cases, skilled
drivers with ADAS OFF have 93 cases, unskilled drivers
with ADAS ON have 86 cases, and skilled drivers with
ADAS ON have 90 cases. In the next section, these four
parameters of the parameter vector V will carry out t-test,
respectively.

As shown in Table 3, the test result of SMDL shows that
there is a statistically significant difference between the SMDL
of skilled drivers and unskilled drivers during naturalistic
driving (ADAS OFF). ,e SMDL of unskilled drivers is
significantly affected by the ADAS, and the SMDL of skilled
drivers is also significantly affected by the ADAS, which
indicates that ADAS can significantly affect the drivers’
SMDL. In terms of mean value, the SMDL of skilled driver
rose from 0.718 to 0.756 after exposure to ADAS, and the
SMDL of unskilled driver rose from 0.740 to 0.752 after

exposure to ADAS, indicating that, in terms of SMDL, ADAS
has a greater impact on skilled drivers than unskilled drivers.

As shown in Table 4, the test result of SMDH shows that
there is a statistically significant difference between the
SMDH of skilled drivers and unskilled drivers during nat-
uralistic driving. After exposure to ADAS, there is also a
statistically significant difference between the SMDH of
skilled drivers and unskilled drivers. ,is shows that skilled
drivers have higher SMDH than unskilled drivers, and ADAS
has no significant effect on SMDH to both skilled drivers and
unskilled drivers.

As shown in Table 5, the test result of α1 shows that there
is a significant statistical difference between α1 of skilled
drivers and unskilled drivers during naturalistic driving.
After exposure to ADAS, there is also a statistically signif-
icant difference between the α1 of skilled drivers and un-
skilled drivers. Unskilled drivers have more rapid
acceleration due to insufficient control of the throttle, so the
average value of α1 is greater than skilled drivers. In terms of
α1, ADAS has no significant effect on skilled drivers and
unskilled drivers.

As shown in Table 6, the test results of α2 show that there
is a significant statistical difference between α2 of skilled
drivers and unskilled drivers during naturalistic driving.,e
α2 of unskilled drivers was significantly affected by the
ADAS. Unskilled drivers have more sharp decelerations
than skilled drivers because of lack of perceived ability, so
the α2 is greater than that of skilled drivers during natu-
ralistic driving. After exposure to ADAS, the α2 of unskilled
drivers fall to the same level as skilled drivers’. It is worth
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noting that ADAS has no significant effect on skilled drivers
in terms of α2.

In order to reduce the influence of sampling error on the
model, the parameters that have insignificant T test results
adopt overall mean.,e parameters that have significant T test
results adopt mean of each part. ,e parameter vector is as
follows: skilled driver under ADASOFFV1� (1.3, 0.718, 0.927,
6.446, 12.072), unskilled driver under ADAS OFF V2� (1.5,
0.740, 0.975, 6.860, 12.884), skilled driver under ADAS ON
V3� (0.9, 0.754, 0.927, 6.446, 12.072), and unskilled driver
under ADAS ON V4� (1.0, 0.754, 0.975, 6.860, 12.072).

3.3.ModelValidation. In this section, the proposed model is
validated in real car-following events data and then com-
pared with the Gazis Herman Rothery (GHR) model. GHR
model is an effective car-following model by producing

lower percentile errors for speed and acceleration predic-
tions. ,e GHR model is formulated as follows [36]:

an(t) � cv
m
n (t)

v(t − τ)

x
l
(t − τ)

, (9)

where an (t) is the acceleration of vehicle n (following ve-
hicle) implemented at time t, Vn (t) is the speed of the
following vehicle,Δx andΔv refer to the relative distance and
speed between the following vehicle and the (n+ 1) vehicle
(leading vehicle), τ is the driver reaction time, andm, l, and c
represent the constants.

Four typical types of car-following data (2 (ADAS)∗ 2
(driving experience)) were randomly selected from the
database. ,e simulation results of the proposed model and
the GHR model were shown in Figure 2. ,e Root Mean
Square Error (RMSE) was shown in Table 7. From the RMSE

Table 5: T-test result of α1.

ADAS OFF ADAS ON
Skilled drivers Unskilled drivers Skilled drivers Unskilled drivers

ADAS OFF Skilled drivers (mean value: 0.926) — 0.017∗ 0.235 —
Unskilled drivers (mean value: 0.974) 0.017∗ — — 0.314

ADAS ON Skilled drivers (mean value: 0.929) 0.235 — — 0.033∗
Unskilled drivers (mean value: 0.976) — 0.314 0.033∗ —

∗∗∗Sig.< 0.001, ∗∗sig.< 0.01, and ∗sig.< 0.05.

Table 6: T-test result of α2.

ADAS OFF ADAS ON
Skilled drivers Unskilled drivers Skilled drivers Unskilled drivers

ADAS OFF Skilled drivers (mean value: 12.021) — 0.044∗ 0.235 —
Unskilled drivers (mean value: 12.884) 0.044∗ — — 0.045∗

ADAS ON Skilled drivers (mean value: 12.075) 0.235 — — 0.033
Unskilled drivers (mean value: 12.126) — 0.045∗ 0.033 —

∗∗∗Sig.< 0.001, ∗∗sig.< 0.01, and ∗sig.< 0.05.

Table 4: T-test result of SMDH.

ADAS OFF ADAS ON
Skilled drivers Unskilled drivers Skilled drivers Unskilled drivers

ADAS OFF Skilled drivers (mean value: 0.718) — 0.015∗ 0.125 —
Unskilled drivers (mean value: 0.740) 0.015∗ — — 0.224

ADAS ON Skilled drivers (mean value: 0.756) 0.125 — — 0.024∗
Unskilled drivers (mean value: 0.752) — 0.224 0.024∗ —

∗∗∗Sig.< 0.001, ∗∗sig.< 0.01, and ∗sig.< 0.05.

Table 3: T-test result of SMDL.

ADAS OFF ADAS ON
Skilled drivers Unskilled drivers Skilled drivers Unskilled drivers

ADAS OFF Skilled drivers (mean value: 0.718) — 0.026∗ 0.035∗ —
Unskilled drivers (mean value: 0.740) 0.026∗ — — 0.002∗∗

ADAS ON Skilled drivers (mean value: 0.756) 0.035∗ — — 0.561
Unskilled drivers (mean value: 0.752) — 0.002∗∗ 0.561 —

∗∗∗Sig.< 0.001, ∗∗sig.< 0.01, and ∗sig.< 0.05.
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of the simulation results, it can be seen that the proposed
model is better than the GHR model.

4. Conclusion

In this study, a total of 354 car-following events were
extracted from 87 times of FOTs. Based on these data, we
established a car-following model using SM as the risk level
quantization parameter based on risk homeostasis theory.
Firstly, three-way ANOVA was used to analyze the three
independent variables (ADAS, driving experience, and
gender). ,e results showed that ADAS and driving expe-
rience have a significant effect on the drivers’ car-following

behavior. ,en, according to these two significant factors,
the car-following model was established. In the calibration
process of the five model parameters (τ, SMDL, SMDH, α1,
and α2), the statistical method was used to calibrate the first
parameter reaction response τ. ,e remaining four pa-
rameters were calibrated using a classical genetic algorithm,
and the effects of ADAS and driving experience on these four
parameters were analyzed using T-test. Finally, the proposed
model was compared with the GHR model, which was
adopted by most ACC systems. ,e result showed that the
proposed model has smaller RMSE than the GHR model.
,e proposed model is a method for simulating different
driving behaviors that are affected by ADAS and individual

Table 7: RMSE of the proposed model and the GHR model.

ADAS OFF ADAS ON
Unskilled driver Skilled driver Unskilled driver Skilled driver

Proposed model 5.61 2.39 3.26 2.29
GHR mode 6.68 4.68 4.72 4.08
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Figure 2: Simulation results of proposed model and GHR model. (a) Skilled driver under ADAS OFF. (b) Unskilled driver under ADAS
OFF. (c) Skilled driver under ADAS ON. (d) Unskilled driver under ADAS ON.
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characteristics. Considering more driver individual char-
acteristics, such as driving style, is the future researches goal.
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[22] L. L. D. Stasi, V. Álvarez-Valbuena, J. J. Cañas, A. Maldonado,
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