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The accuracy of the rear-end collision models is crucial for the early warning of potential traﬃc accident identiﬁcation, and thus
analyzes of the main factors inﬂuencing the rear-end collision relevant models is an active topic in the ﬁeld. The previous studies
have tried to determine the single factor inﬂuence on the rear-end collision model performance. Less attention was paid to exploit
mutual inﬂuences on the model performance. To bridge the gap, we proposed an improved vehicle rear-end collision model by
integrating varied factors which inﬂuence two parameters (i.e., response time and road adhesion coeﬃcient). The two parameters
were solved with the integrated weighting and neural network models, respectively. After that we analyzed the relationship
between varied factors and the minimum car-following distance. The research ﬁndings support both the theoretical and practical
guidance for transportation regulations to release more reasonable minimum headway distance to enhance the roadway
traﬃc safety.

1. Introduction
A large number of traﬃc accident investigations indicate
that the vehicle rear-end accident takes up a relatively high
proportion and is one of the main forms of traﬃc accidents.
If an accurate rear-end collision avoidance system can be
established, it will be able to remind the driver to maintain a
safe following distance in time and eﬀectively avoid rear-end
collisions. The vehicle rear-end collision avoidance model is
mainly used to study the car-following relationship between
the leading and following vehicles and provide the safety
distance to be maintained to the following vehicle. The safe
distance should be suﬃcient for the following vehicle’ driver
who has suﬃcient reaction time to slow down when the
leading vehicle conducts emergency brake for preventing
rear-end collision. Some studies have found that the safety of
car following and the required safety following distance are
aﬀected by many factors, such as driver characteristics,
weather, and road conditions [1–4].

On the basis of the traditional safety distance model,
Kong et al. conducted information acquisition, distance
judgment, braking, and other processes for active collision
avoidance during vehicle travel. However, the judgment
model used is relatively simple [5]. Jiang and Yu established
a highway antitailing model based on radial basis function
neural network by using traditional algorithms [6]. Nevertheless, the model is mainly applied to highways, and the
inﬂuencing factors are considered to be single. Jing and
Wang explored the inﬂuence of multiple vehicles on the
driver and established a vehicle-following model considering
the traﬃc state based on the full velocity diﬀerence (FVD)
model [7]. Nonetheless, the model is too complicated to
conduct to practical applications. Xia established a fuzzy
inference system based on the characteristics (e.g., driving
age, and gender) of the driver to determine the response time
of diﬀerent drivers and proposed an improved version of the
safe model [8]. Peng and Sun derived the modiﬁed
Korteweg–de Vries (mKdV) equation to describe the traﬃc
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behavior near the critical point by using linear stability
theory and proposed an improved car-following (MCF)
model based on the full velocity diﬀerence (FVD) model and
considering multiple information inputs from preceding
vehicles [9]. Wilson and Ward suggested that all vehicle carfollowing models should be tested for stability to ensure
improved performance [10]. Tan and Huang [11] proposed a
cooperative collision warning system for vehicle-to-vehicle
based on DGPS. However, the safety distance algorithm does
not consider the driver’s driving characteristics and actual
road conditions; thus, the practical application of the
warning system is low. Huang et al. [12] trained the carfollowing model by using the LSTM (long short-term
memory) neural network, but the network belongs to a deep
neural network with multiple hidden layers. The structure of
the network has too much target parameters and is complex.
Previous studies suggested that the safe following distance is mainly aﬀected by drivers’ characteristics, the acceleration/deceleration performance of vehicles, weather
situations, and road conditions [1–3, 8, 9]. It is noted that
less attention was paid to analyze the intrinsic relations
between the abovementioned typical factors and the minimum car-following models. To address the issue, we systematically analyzed main factors inﬂuencing car-following
distance from the perspective of driver-vehicle-road-environment and quantiﬁed the main factors’ inﬂuences with
two parameters (i.e., reaction time and pavement adhesion
coeﬃcient) because the main inﬂuencing factors on traﬃc
safety come from these four aspects in the road transportation system. Then, we have considered the driver (age,
fatigue level, and driving style), vehicle (vehicle grade,
service life ratio, and accident record), weather, and road
factors (whether the road segment is normal, new/old, and
road width) to evaluate the response time correction factor.
In addition, we studied the road conditions, tire pressure,
and vehicle speed for quantifying the pavement adhesion
coeﬃcient inﬂuence. We employed the integrated weighting
model to obtain the maximum value for the response time
correction factor, and the neural network was introduced to
obtain the optimal value for the pavement adhesion coefﬁcient parameter. Based on that we established a vehicle
rear-end collision model, which was further testiﬁed on
diﬀerent traﬃc scenarios.

2. Analysis of Influencing Factors
Previous studies suggested that the four factors (i.e., driver,
vehicle, road, and environment) are considered as the main
factors for estimating the minimal safety distance in the
vehicle rear-end collision models [4, 12–15]. We followed
the same rule when establishing our vehicle rear-end collision model.
2.1. Driver Factors. Driver factors are divided into two aspects: the physiological and psychological factors. The
physiological factors are mainly reﬂected in the driver’s age
and fatigue level, and the psychological factors are mainly
reﬂected in the driver’s driving style [15–17]. Brocn and
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Chiang collected the reaction time of 100 drivers, and the
results showed that the response time increases as the age
increases [18]. Yu got drivers’ reaction time under both the
normal sate and the fatigue state (as shown in Table 1).
Obviously, the reaction time of the driver in the fatigue state
is greater than that in the normal state. The reaction time at
diﬀerent ages varies, and the greatest diﬀerence in response
time was in the age group 22–45 [19]. Zhang et al. divided
driving behavior types into ﬁve categories: conservative,
cautious, conventional, radical, and adventurous [20]. The
reaction time of ﬁve types of drivers was tested on two
diﬀerent braking modes of vehicles (i.e., hydraulic braking
or pneumatic braking). The result shows that the driver with
a conservative driving style has the longest reaction time
regardless of the braking method of the vehicle. The reaction
time of the radical driver is minimum for the hydraulic brake
vehicle and that of the adventurous driver is minimum for
the pneumatic brake vehicle.
Our previous studies suggested that the driver reaction
time is signiﬁcantly positively relevant with driver fatigue
magnitude, which can be quantiﬁed into the interval of [0,
10] [19]. More speciﬁcally, we consider that the driver fatigue degree is considered as a continuous parameter
demonstrating the driver’s travelling time on roadway.
2.2. Vehicle Factors. A wide variety of vehicles, including
cars and large trucks, are available, and high- and low-end
cars exist in the same model. The power performance and
breaking style of various types and grades of vehicles diﬀer
and determine the maximum speed and maximum brake
deceleration. In addition, the service life and accident rate of
the vehicle will aﬀect the vehicle performance, which aﬀects
driving safety in turn [20].
2.3. Weather Factors. The driving environment also has an
impact on the drivers’ reaction time. In sunny weather with a
good view, driving is safe and the response time required to
perform various driving operations is short. By contrast,
driving is dangerous and the response time required to
perform various driving operations is long in bad weather
with poor view [21]. In addition, in bad weather, such as
when it is raining, it is prone to slipping and braking errors,
and the friction coeﬃcient of the road surface will be
reduced.

2.4. Road Factors. The impact of road factors on car-following safety is mainly derived from the friction coeﬃcient
between the vehicle and the road surface, that is, the adhesion coeﬃcient, which aﬀects the braking eﬀect of vehicle.
When the adhesion coeﬃcient is large, the adhesion is large
and the driving safety is high. The size of the adhesion
coeﬃcient mainly depends on the condition of the road
surface and the tire, and the road surface factors mainly
include the type of road surface, roughness and dryness, and
humidity. The tire factor is mainly the tread pattern of the
tire, that is, the type and depth of the tread [22–24].
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Table 1: Reaction time of the driver under both the normal sate and
the fatigue state.
Age group
18∼22
22∼45
45∼60

Normal state (s)
0.48∼0.56
0.58∼0.75
0.78∼0.80

Fatigue state (s)
0.60∼0.63
0.53∼0.82
0.64∼0.89

3. Calculation of Correction Factor
3.1. Calibration of Reaction Time Correction Factor
3.1.1. Determination of Correction Factor. According to the
previous analysis, the main aﬀecting factors of the reaction
time come from the driver, vehicle, weather, and road
condition, which can be considered four analytical indicators. This study uses a comprehensive weighted assessment
method to calculate the various inﬂuencing factors based on
the driver with normal driving technology and normal
driving environment [25, 26]. The percentage system is used
to evaluate and score the four analytical indicators for
obtaining the state vector of each inﬂuencing factor:
F � F1 , F2 , F3 , F4 ,
F1 � 0.6x11 + 0.25x12 + 0.15x13 ,
F2 � 0.5x21 + 0.3x22 + 0.2x23 ,

(1)

F3 � x31 ,
F4 � 0.5x41 + 0.4x42 + 0.2x43 .
x11 , x12 , and x13 indicate the scores of drivers’ age, fatigue
levels, and driving behavior styles, respectively.
x21 , x22 , and x23 are the scores of the vehicle grade, service life
ratio, and accident rate, respectively. x31 denotes the score of
the weather condition, and the factor is multiplied by 0.8 if the
driver is driving at night. x41 , x42 , and x43 indicate the scores
of whether the road section is normal, the new and old quality
of the road surface, and the road width (or the number of the
single and two-way lanes), respectively.
If each indicator has a weighting factor, then the weight
vector is
T

ω � ω1 , ω2 , ω3 , ω4  ,

(2)

where ωj ≥ 0(j � 1, 2, 3, 4) and 4j�1 ωj � 1.
The comprehensive weighting method is used to construct a linear evaluation model for various indicators and
reaction time:
4

y � (F, ω) �  Fj ωj .

(3)

j�1

Based on the comprehensive evaluation value y of the
vehicles’ safe driving state under normal condition, we can
obtain
the correction factor k of driver’s response time as
����
k � 75/y.
The normal braking reaction time of the driver under
normal driving condition is set to tI, II � 1.25 s, the minimum
safety distance is set to D � 2.5 m, and the corrected tr and
Dr are

tr � ktI,II � 1.25k,

(4)

Dr � k D � 2.5k.

3.1.2. Determination of Weight Coeﬃcient. The system
analysis method is used to determine the weight coeﬃcient
of the analysis index ωj (j � 1, 2, 3, 4), and the weight coeﬃcients of the four indicators are compared in pair [27].
The result is recorded as matrix A � A(aik ). The assignment
criteria for aik are shown in Table 2, and aik (i, k � 1, 2, 3, 4)
indicates the ratio of the relative importance of the analysis
indicators Fi and Fk about the evaluation target.
We have interviewed more than 100 drivers in the
questionnaire form to collect potential important traﬃc
factors. The ﬁnal results from the questionnaire show that
driver age span, driving experience, travelling type, and
gender are considered as more important in comparison
with other factors. From the survey results combined with
Table 1, we can obtain
ω1 /ω1
⎢
⎡
⎢
⎢
⎢
⎢
⎢ ω2 /ω1
⎢
A � A aik  � ⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣ ω3 /ω1
ω4 /ω1

ω1 /ω2 ω1 /ω3 ω1 /ω4

1
⎢
⎤⎥⎥⎥ ⎡
⎢
⎢
⎥
⎢
ω2 /ω2 ω2 /ω3 ω2 /ω4 ⎥⎥⎥ ⎢
1/4
⎢
⎢
⎥⎥⎥ � ⎢
⎢
⎢
⎢
ω3 /ω2 ω3 /ω3 ω3 /ω4 ⎥⎥⎥⎥⎦ ⎢
⎢
⎢
⎣ 1/3
ω4 /ω2 ω4 /ω3 ω4 /ω4
1/7

4

3 7

⎤⎥⎥
4 7 ⎥⎥⎥⎥⎥
⎥⎥⎥.
1/4 1 7 ⎥⎥⎥⎥⎦
1/7 1/7 1
1

(5)
The weight vector ω � (ω1 , ω2 , ω3 , ω4 )T is used to leftmultiply the matrix A. Then, the characteristic equation of
the matrix A can be obtained as
ω � ξω,

(6)

where ξ is the eigenvalue and the calculated weight coeﬃcients are ω1 � 0.4969, ω2 � 0.2636, ω3 � 0.0797, and
ω4 � 0.0396.
3.2. Calculation of Road Surface Adhesion Coeﬃcient.
Note that we can obtain the friction coeﬃcient value with
two diﬀerent working logics, which are empirical-like
methods and the nonlinear relevant models. Previous
studies suggested that solutions obtained by empirical relevant models may not be very robust, which may further
degrade traﬃc modeling accuracy [28–32]. It is noted that
the relationship between the friction coeﬃcient and the
typical traﬃc relevant factors (i.e., road conditions, tire
structural parameters, and vehicle speed) is a type of nonlinear function. Based on that we employ the artiﬁcial neural
network for obtaining the optimal friction coeﬃcient value.
The texture of tire is divided into three categories,
namely, ordinary pattern, cross-country pattern, and mixed
pattern, to establish the network structure. In this network
structure, the input has three parameters: road condition,
tire pressure, and vehicle speed; the output is the adhesion
coeﬃcients of each tire type. The BP neural network
structure adopts a three-layer structure, that is, an input
layer, two hidden layers, and an output layer. The input layer
contains three layers of input. The ﬁrst and second layers
have four neurons and three neurons, respectively, and the
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Table 2: Evaluation criteria of aik .
Indicating

aik

Fi is as important as Fk
Fi is slightly more important than Fk
Fi is evidently more important than Fk
Fi is considerably more important than Fk
Fi is extremely more important than Fk
Corresponding to the intermediate situation of the two aforementioned adjacent judgments
aki is a comparison judgment of Fk and Fi , aki � 1/aik

1
3
5
7
9
2, 4, 6, 8
Reciprocal

output layer has a single output, as shown in Figure 1. The
training data is obtained from 120 experimental sample
under 2 road surface (asphalt and cement concrete), different weather, and diﬀerent driving speed.
The input layer uses the log-sig, tan-sig, and purelin
functions as transfer functions:
1
Q1 (x) �
,
1 + e− x
Q2 (x) �

2
− 1,
(1 + e− 2x )

3

2

2

1

I1

1

1

2

3

a � Q ω Q ω Q ω I + d  + d  + d ,

Third

Q2
∑

Q1

I2

Q2
∑

∑

Q3

f3

Q1
Q2

∑

The relationship between input and output is

Second

Q1

I3

Q (x) � x.

3

First
∑

(7)

3

3

Input

Q1

Figure 1: Neural network structure.

(8)

where Ii ≥ 0(i � 1, 2, 3) is an input parameter;
ωj and dj denote the weight matrix and an oﬀset value vector
at j(j � 1, 2, 3) layer. When j � 3, the layer represents an
output layer; f3 is an output parameter.
We have implemented experiments with varied tire
pressures and vehicle speeds for obtaining the tire adhesion
coeﬃcient. More speciﬁcally, we have collected 108, 106, and
108 samples for the three typical tire patterns (i.e., ordinary,
cross-country, and mixed patterns) and further test the tire
adhesion coeﬃcients. Typical training samples are shown in
Table 3.

4. Methodology
4.1. Outline. For the purpose of readability, we ﬁrstly introduce our model ﬂowchart in brief. We ﬁrst analyze the
vehicle breaking procedure, and the vehicle breaking distance (i.e., minimal safety distance) is estimated considering
varied leading-vehicle states. Then, we explore speed correlations between two neighboring vehicles (leading and
following vehicles) at diﬀerent driving states. After that we
establish an improved minimum safety distance model
considering the factors of driver response time and road
adhesion coeﬃcient correction. Besides, we have collected
data sources used in our study with the empirical and experimental manners.
4.2. Analysis of Vehicle Braking Process. During braking, the
deceleration of vehicle changes with time, as shown in
Figure 2 [1, 30]. Phase I is the reaction phase before

performing, and Phase II is the coordination phase between
the brake pedal and the vehicle. The time of the two phases is
combined to obtain a value of 0.8–2.0 s. Phase III is the stage
of deceleration growth and has a value of 0.1–0.2 s. Phase IV
is a stage of stable uniform deceleration.
The reaction time of each stage is set to tI,II , tIII , and tIV ;
the driving distances are sI,II , sIII , and sIV ; the initial speed of
leading vehicle A and following vehicle B is v1 and v2 , respectively; and the maximum deceleration is amax .
According to the research in the literature [1], the calculation
formula of the braking distance of the vehicle during a
complete braking process is
s � v1 tI,II +

tIII
v2
+ 1 .
2
2amax

(9)

4.3. Minimum Safe Distance Model. Vehicles A and B are set
to drive in the same direction at speeds of vA and vB , respectively. The distance and speed diﬀerence of the two
vehicles are S andv0 . The driving distance and acceleration of
the two vehicles are SA , SB , aA , and aB , respectively. The
actual driving situation can be divided into three types as
follows.
4.3.1. Leading Vehicle Is at the Static State. When vehicle A
is at the static state, that is, vA � 0 and SA � 0. Thus, when
vehicle B brakes to stop, it should maintain the safe distance
D of 2–5 m with vehicle A. Therefore, the initial safe distance
between vehicles B and A should be
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Table 3: Corresponding relationship between diﬀerent tire patterns and adhesion coeﬃcient under main inﬂuencing factors.
Tire pattern

Ordinary pattern

Cross-country pattern

Mixed pattern

No
1
2
3
4
...
108
1
2
3
4
...
106
1
2
3
4
...
108

Tire pressure (kPa)
0.90
0.90
0.75
0.75
...
0.10
0.90
0.90
0.75
0.75
...
0.10
0.90
0.90
0.75
0.75
...
0.10

Speed (km/h)
238
238
180
180
...
112
238
198
180
160
...
238
238
198
180
160
...
238

Road condition
90
75
60
45
...
60
40
40
75
75
...
90
40
40
75
75
...
90

Adhesion coeﬃcient
1.02
1.13
0.94
0.92
...
0.16
0.98
1.01
0.95
0.82
...
0.14
1.02
1.03
0.92
0.89
...
0.12

a (m/s2)

amax

tI

tII

tIII

tIV

t (s)

Figure 2: The changing process of deceleration.

S � vB tI,II +

tIII
v2
 + B + D.
2
2aB

2

(10)

4.3.2. Leading Vehicle Is at the Uniform Driving State.
When vehicle A is at the uniform driving state, there are two
situations to be analyzed:
(a) vB > vA , the relative speed v0 is large, and the vehicle
following safety can be guaranteed only when vehicle
B decelerates to vB � vA .
(b) vB > vA , the relative speed v0 is small, and vehicle B is
assumed to decelerate to vB � vA at a certain time tIII′
in the tIII interval. Accordingly, the vehicle following
safety can be guaranteed at the same speed.
After calculating the driving distances of vehicles A and B,
the initial safe distances between the two vehicles are obtained as

t
v − vA 
⎪
⎧
⎪
⎪
v0 tI,II + III  + B
+ D,
⎪
⎪
2
2aB
⎪
⎨
S �⎪
⎪
⎪
⎪
′2
⎪
⎪
⎩ v t + t ′ − aB tIII + D,
0 I,II
III
6

vB > vA , v0 is large,

vB > vA , v0 is small.
(11)

4.3.3. Leading Vehicle Is at the Decelerating Driving State.
When vehicle A is at the decelerating driving state, it can be
further divided into three types:
(a) vB > vA , in this state, the vehicle B must brake to
decelerate in time. Otherwise, there will be a rearend collision accident. However, the vehicle B will
apply brake after a certain reaction time when the
driver ﬁnds that vehicle A is decelerating.

6
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(b) vB � vA , under these circumstances, the vehicle B
decelerates in order to reach the condition that two
vehicles’ speed is equal. At meantime, in order to
ensure the safety of car-following, the distance between two adjacent vehicles should be equal to the
minimum safety distance.
(c) vB < vA , in this state, the car-following is safe at
beginning, but it will change when the vehicle A
drives at a constant deceleration and the vehicle B
drives at a constant speed. When the vehicle A
decelerates to reach the condition vA ≤ vB , this state

will change to the ﬁrst two situations. For convenience of calculation, the deceleration of vehicle A is
assumed to reach the maximum when vA � vB . Then,
the required deceleration time can be calculated as
follows: tm � tIII + (vA − aA tIII /2 − vB )/aA . Thereafter, vehicle B must decelerate to ensure the safe
following of the two vehicles. After calculating the
driving distances of vehicles A and B, the initial safe
distances between the two vehicles in three cases are
obtained as

vB − vA tIII v2B
v2A
⎪
⎧
⎪
v
t
+
−
+ D,
+
⎪
B
I,II
⎪
⎪
2
2aB 2aA
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎨
v2
v2
S � ⎪ vB tI,II + B − A + D,
⎪
2aB 2aA
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎪
2v2 − 2vB vA + v2A + v2A v2B vA tIII
⎪
⎪
⎩ vB tI,II + tIII  − B
+ D,
+
−
2aA
2aB
2
4.4. Correction of Minimum Safe Distance Model. In the
process of vehicle braking, the brake deceleration is limited
by the adhesion coeﬃcient of road surface, that is,
a ≤ μg,

(13)

where μ is the adhesion coeﬃcient and g is the gravitational
acceleration. When the model is corrected, the constraint is
taken as an equal sign, and the maximum deceleration of
vehicles A and B in the model is replaced by the adhesion
coeﬃcient.
Correction of the model: according to the analysis results
of Section 3.1.1, the response time is tr � ktI,II � 1.25k and
the 
minimum
safety distance is Dr � k D � 2.5k, where
����
k � 75/y. Take the ordinary tires, for example, the calculated value of the output parameter is a3 � 0.892 under the
combination conditions of dry asphalt pavement, the tire
pressure of 238 kPa, and the driving speed of 40 km/h.
Therefore, the maximum deceleration is a � μg � 0.892g.
After that the two parameters are integrated with the traditional minimum safety distance model.

vB > vA ,

(12)

vB � vA ,

vB < vA .

4.4.1. Leading Vehicle Is at the Static State. The corrected
model is
S � vB 1.25k +

tIII
v2
 + B + 2.5k.
2
2μB g

(14)

4.4.2. Leading Vehicle Is at the Uniform Driving State.
The corrected model is
2

t
v − vA 
⎧
⎪
⎪
⎪
+ 2.5k,
v0 1.25k + III  + B
⎪
⎪
2
2μB g
⎪
⎨
S �⎪
⎪
⎪
⎪
⎪
μ gt′2
⎪
⎩
v0 1.25k + tIII′ − B III + 2.5k,
6

vB > vA , v0 is large,

vB > vA , v0 is small.

(15)

4.4.3. Leading Vehicle Is at the Decelerating Driving State.
The corrected model is

vB − vA tIII
v2B
v2A
⎪
⎧
⎪
1.25kv
+
+
−
+ 2.5k,
⎪
B
⎪
2
2μB g 2μA g
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎨
v2
v2
S � ⎪ 1.25kvB + B − A + 2.5k,
⎪
2μB g 2μA g
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎪
2v2 − 2vB vA + v2A
v2
v t
⎪
⎪
⎩ vB 1.25k + tIII  − B
+ B − A III + 2.5k,
2μA g
2μB g
2

vB > vA ,

vB � v A ,

vB < vA .

(16)

Mathematical Problems in Engineering

7

5. Numerical Simulation and Analysis

5.3. Simulation Analysis

5.1. Overview. We analyzed the main factors (i.e., vehicle
condition, road status, weather condition, type speed, etc.)
which inﬂuence the minimal vehicle safety distance. We
have proposed an improved vehicle rear-end collision
model to analyze such inﬂuence. More speciﬁcally, we
ﬁrstly employed the response time correction and road
adhesion coeﬃcient parameters to quantify typical factors’
inﬂuence (e.g., vehicle condition, road status, weather
condition, and type speed). Then, the integrated weighting
model and BP neural network were introduced to determine the optimal values for the two parameters for the
improved minimal safety distance model. We have collected both the questionnaires and empirical data to obtain
the weighting matrices and empirical tire patterns, which
serves as the inputs for the integrated weighting model and
BP neural network, respectively. Based on that we have
further analyzed the relationships between the correlation
between varied factors and minimal safety distance at ﬁve
hypotheses. The experimental design overview is shown in
Figure 3.

5.3.1. Leading Vehicle Is at the Static State. Figure 4 shows
the results when the speed of following vehicle B changes
from 40 km/h to 60 km/h. Under the ﬁve simulation situations, the minimum safe distance increases with the increase of speed of vehicle B (the value of the safe distance is
between 147 m and 157 m). The x-axis represents the speed
of vehicle B, and the y-axis represents the required minimum
safe following distance in Figure 4. It appears that the
minimum safe distance in condition of “Hypothesis 1” is the
smallest and is the biggest in condition of “Hypothesis 3.”
On the basis of “Hypothesis 1,” when the speed of vehicle
B is constant, changing any of the four factors changes the
minimum safety distance at diﬀerent degrees. By contrast,
the greatest change in the minimum safe distance is in
condition of “Hypothesis 3,” that is to say the vehicle situation has the greatest impact on the minimum safe distance, whereas the smallest change in minimum safety
distance is in condition of “Hypothesis 5,” that is to say the
road condition has the least impact.

5.2. Parameter Setting. Based on experimental tests and
existing research literature, this study considers that the
reaction time is tIII � 0.18 s and tIII′ � 0.12 s and the gravitational acceleration is a constant (g � 9.8 m/s2). In Section
3.1, the value of each weight coeﬃcient has been calculated
(i.e.,w1 � 0.497, w2 � 0.264, w3 � 0.080, and w4 � 0.040,
where wj (j � 1, 2, 3, 4) represents the characteristics of the
driver, the weighting coeﬃcient of the vehicle, and weather
and road conditions.).
In order to carry out single factor impact analysis, ﬁve
comparisons are assumed (as shown in Table 4). The condition of “Hypothesis 1” is the standard state (as a comparative object), and other hypothesis is set by changing a
certain factor based on the case of “Hypothesis 1” for
comparing the analysis results (e.g., when analyzing the
impact of weather on driving safety, set the condition of
“Hypothesis 4” based on the case of “Hypothesis 1”). The
variable y denotes comprehensive evaluation value, and the
variable k denotes correction factor. For each hypothesis, the
value of variable y and k can be calculated.
Ordinal note: Driver, set two categories, very experienced and generally experienced. The main diﬀerence of
two kinds of drivers is the reaction time and the estimation
of car-following distance. Vehicle, set two categories, and
the ﬁrst category is the high-end and well-maintained
vehicle and the other is the medium-end and generally
maintained vehicle. Weather, set two categories, sunny and
rainy. In sunny weather, the drivers have good driving
sight and can more accurately judge the distance and
relative speed from the front car. In rainy weather, the
opposite occurs. Road, set two categories, new and old. The
new road denotes that the road is newly built, and the
pavement condition is better. The old road denotes that the
road has been built for many years, and the pavement
condition is worse.

5.3.2. Leading Vehicle Is at the Uniform Driving State.
When vehicle A is at the uniform driving state and its speed
is 40 km/h, the results under diﬀerent situations are as
follows:
(a) vB > vA , the relative speed v0 is large.
Figure 5 shows the simulation results when the speed
of vehicle B changes from 60 km/h to 65 km/h and
the relative speed changes to 20–25 km/h. The x-axis
represents the relative speed of two adjacent vehicles
and the y-axis represents the required minimum safe
following distance in Figure 5. The value of the
minimum safe distance is between 51 m and 61 m.
(b) vB > vA , the relative speed v0 is small.
Figure 6 shows the simulation results when the speed
of vehicle B changes from 45 km/h to 50 km/h and
the relative speed changes to 5–10 km/h. The representation of x-axis and y-axis in Figure 6 is the
same with that of Figure 5. The value of the minimum safe distance is between 8.5 m and 12.5 m.
Figures 5 and 6 show that the required safe following
distance is positive proportional to the relative speed of two
adjacent vehicles. When the relative speed is large, the required safe following distance under the three other hypotheses changes more than that under “Hypothesis 1.” It
appears that the minimum safe distance in condition of
“Hypothesis 1” is the smallest and is the biggest in condition
of “Hypothesis 3.”
Similarly, on the basis of “Hypothesis 1,” when the speed
of vehicle B is constant, changing any of the three remaining
factors changes the minimum safety distance at diﬀerent
degrees. By contrast, the greatest change in the minimum
safe distance is in condition of “Hypothesis 3,” that is to say
the vehicle situation has the greatest impact on the minimum safe distance, whereas the smallest change in
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Driver
characteristics

Vehicle
condition

Road
condition

Weather
condition

Road
conditions

Tire pressure

Integrated
weighting

Speed

BP neural
network
Three empiricaltire
patterns

Weighting matrices
Response time
correction coefficient

Road adhesion
coefficient

Improved vehicle rear-end collision
model
Five hypothesis
setting
The relationship between varied factors
and the minimum car-following distance

Figure 3: Schematic view of the experimental design.

Table 4: Simulation condition setting.
Hypothesis
Hypothesis
Hypothesis
Hypothesis
Hypothesis

Driver
Very experienced
Generally experienced
Very experienced
Very experienced
Very experienced

1
2
3
4
5

Vehicle
High-end car, well maintained
High-end car, well maintained
Medium-end car, generally maintained
High-end car, well maintained
High-end car, well maintained

157

Road
New
New
New
New
Old

y
76.838
70.751
68.930
74.049
76.046

k
0.988
1.030
1.043
1.006
0.993

62

156

61

155
Minimum safe distance (m)

Minimum safe distance (m)

Weather
Sunny
Sunny
Sunny
Rainy
Sunny

154
153
152
151
150
149
148

60
59
58
57
56
55
54
53

147

52

146
40

42

44

46 48 50 52 54
Speed of vehicle B (km/h)

Hypothesis 1
Hypothesis 2
Hypothesis 3

56

58

60

Hypothesis 4
Hypothesis 5

Figure 4: Simulation results at static state of vehicle A.

51
20.0 20.5 21.0 21.5 22.0 22.5 23.0 23.5 24.0 24.5 25.0
Relative speed of vehicle A and vehicle B (km/h)
Hypothesis 1
Hypothesis 2
Hypothesis 3

Hypothesis 4
Hypothesis 5

Figure 5: Simulation results at large relative speed.
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13.0

Minimum safe distance (m)

12.5
12.0
11.5
11.0
10.5
10.0
9.5
9.0
8.5
8.0

5.0

5.5 6.0 6.5 7.0 7.5 8.0 8.5 9.0 9.5 10.0
Relative speed of vehicle A and vehicle B (km/h)
Hypothesis 1
Hypothesis 2
Hypothesis 3

Hypothesis 4
Hypothesis 5

minimum safety distance is in condition of “Hypothesis 5,”
that is to say the road condition has the least impact.

204
202
200

5.3.3. Leading Vehicle Is at the Decelerating Driving State.
There are three situations:
(a) vB > vA , Figure 7 shows the simulation results when
the speed of vehicle A changes from 40 km/h to
50 km/h and that of vehicle B changes to 60–70 km/
h. The x-axis represents the speed of vehicle B, the yaxis represents the speed of vehicle A, and the z-axis
represents the required minimum safe following
distance in Figure 7. The value of the minimum safe
distance is between 192 m and 204 m.
(b) vB � vA , Figure 8 shows the simulation results when
the speed of vehicle A changes from 40 km/h to
50 km/h and the speed of the two vehicles is equal.
The representation of x-axis, y-axis, and z-axis in
Figure 8 is the same as that of Figure 7. The value of
the minimum safe distance is between 51 m and
58 m.
(c) vB < vA , Figure 9 shows the simulation results when
the speed of vehicle A changes from 60 km/h to
70 km/h and the speed of vehicle B changes to
40–50 km/h. The representation of x-axis, y-axis, and
z-axis in Figure 9 is the same as that of Figure 7. The
value of the minimum safe distance is between 30 m
and 37 m.
Comparison of Figures 7–9 indicates that when vehicle A
is at the uniform decelerating state, the required minimum
safety distance is the largest when the speed of vehicle B is
large than that of vehicle A, and its value is more than 190 m
and is the smallest when the speed of vehicle A is large than
that of vehicle B, and its value is below 35 m. The required
minimum safe distance is between the abovementioned two

198
196
194

60

62
Speed

64
66
of veh
icle B
(k

Hypothesis 1
Hypothesis 2
Hypothesis 3

68
m/h)

70

Minimum safe distance (m)

Figure 6: Simulation results at small relative speed.

192
50
48
)
/h
m
46
(k
44
eA
icl
42
eh
v
f
40
do
ee
Sp
Hypothesis 4
Hypothesis 5

Figure 7: Simulation results of rear vehicle at high speed.

values when the speed of vehicle A is equal to that of vehicle
B, and its value is about 50 m. The simulation results coincide with the actual driving situation. From the three
ﬁgures, it can be seen that the minimum safe distance in
condition of “Hypothesis 1” is the smallest and is the biggest
in condition of “Hypothesis 3.”
Similarly, on the basis of Hypothesis 1, when the speed of
vehicle B is constant, changing any of the three remaining
factors changes the minimum safety distance at diﬀerent
degrees. By contrast, the greatest change in the minimum
safe distance is in condition of “Hypothesis 3,” that is to say
the vehicle situation has the greatest impact on the minimum safe distance, whereas the smallest change in minimum safety distance is in condition of “Hypothesis 5,” that is
to say the road condition has the least impact.
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Figure 8: Simulation results of two vehicles at constant speed.

Data Availability

36

34
34
33
32

40

42

44
Speed
of veh

46
icle B
(

Hypothesis 1
Hypothesis 2
Hypothesis 3

48
km/h
)

50

Minimum safe distance (m)

37

35

positive correlation was found between the minimal
safety distance and the relative speed of the ahead
and behind neighboring vehicles. Larger relative
vehicle speed requires larger minimum safety distance, and vice versa.
(2) We have tested the minimum safety distance distribution considering impact from driver, vehicle,
road, and environment. It is noted that the minimum
safety distance is more sensitive to the vehicle situation and less aﬀected by the road condition. In that
manner, traﬃc regulations are suggested to pay more
attention to the vehicle state (e.g., tire peruse and
engine healthy state) for the purpose of ensuring
roadway safety.
(3) The ﬁndings of our study can beneﬁt autonomous
driving vehicle safety and provide theoretical support for enhancing roadway traﬃc eﬃciency and
safety.

30
70
)
68
/h
m
66 A (k
e
64
icl
eh
v
62
f
do
60
ee
Sp
Hypothesis 4
Hypothesis 5

Figure 9: Simulation results of front vehicle at high speed.

6. Conclusions
Minimal car-following distance is very crucial for ensuring
roadway traﬃc safety. By analyzing driving interference
factors in both qualitative and quantitative manner, we estimated the minimal traﬃc safety distance between neighboring vehicles. More speciﬁcally, we employed response time
and road adhesion coeﬃcient for the purpose of quantifying
various factors impact on the minimal traﬃc safety distance,
which were integrated with the traditional minimum safety
distance model. We conducted a series of experiment to verify
our model performance in the typical car-following state, with
the vehicle-ahead in diﬀerent driving conditions (i.e., static
state, uniform driving state, and decelerating driving state).
The speciﬁc conclusions were shown as follows:
(1) By considering typical vehicle-ahead states, we analyzed the relationship between the vehicle speed and
the minimum safety distance. More speciﬁcally,

All data used to support the ﬁndings of this study are included within the article.
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