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Abstract: An improved cellular automata model (CA model) considering driving styles is proposed
to analyze traffic flow characteristics and study traffic congestion’s dissipation mechanism. The
data were taken from a particular case in the Next Generation Simulation (NGSIM) program, which
selected US-101 as the survey location from 7:50 a.m.–8:05 a.m. to investigate vehicle trajectory
information. Different driving styles and the differences in vehicle parameters (speed, acceleration,
deceleration, etc.) were obtained using principal component analysis and the k-means clustering
method. The selected model was proposed for improvement based on analyzing the existing CA
models and combining them with the actual road conditions. Considerations of driving styles
and two operation mechanisms (over-acceleration and speed adaptation) were introduced in the
improved model. The result obtained after the traffic simulation shows that the improved CA model
is effective, and the mutual transformation of different traffic flow phases can be simulated. In the
improved CA model, dissipating traffic congestion effectively and balancing the overall flow of the
road are realized to improve the traffic capacity up to around 115% compared to the NaSch model
and meet the demand of all kinds of drivers expecting to drive at the safest distance, which provides a
theoretical basis for relieving traffic congestion. The various driving styles in terms of safety, comfort,
and effectiveness are performed differently in the improved CA model. An aggressive driving style
contributes to increasing traffic capacity up to around 181% compared to a calm driving style, while
the calm style contributes to maintaining traffic flow stability.

Keywords: cellular automata model; driving styles; traffic flow; traffic simulation

1. Introduction

With the development of technology and the increase in transportation demand, many
scientists have been attracted to the study of traffic problems of high complexity and
practical significance. Many models have been proposed to understand the characteristics
and mechanisms of traffic flow evolution, which can be broadly classified into microscopic,
macroscopic, and mesoscopic models [1–5].

The cellular automata model (CA model) is a type of microscopic model. The basic
idea of the CA model is to use a large number of simple structures, simple links, and simple
rules running in parallel in time and space to simulate complex and rich phenomena. It has
the following advantages.

(1) The complex system’s collective phenomena and evolutionary dynamics can be
portrayed well.

(2) It has simple and efficient calculation.
(3) The update rule is flexible and intuitive.
The first traffic flow CA model can be traced back to the Wolfram184 model [6]. In a

time step, the vehicle either remains motionless (if the preceding cell is occupied) or moves
forward one cell (if the preceding cell is empty). Another CA model was proposed by
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Cremer and Ludwig (1986) [7]. However, these early models did not get attention until
the NaSch model was proposed [8]. In the NaSch model, the transition from free flow to
congested flow is of the first order. To describe the first-order leap in traffic flow, several
scholars introduced the slow-start rule to represent this feature [9–12].

Based on long-term empirical data analysis, Kerner proposed a three-phase traffic
theory [13–15], which divides congested traffic into a synchronized flow phase (S) and
a wide moving jam phase (J), in addition to a free flow phase (F). In the synchronized
flow phase, when the speed is not low (or density is not high), the congestion does not
appear spontaneously, then this “synchronized flow” is stable. As the speed decreases
(or the density increases), the synchronized flow becomes unstable, and congestion will
appear spontaneously.

To reproduce synchronized flow, many CA models have been proposed. The com-
fortable driving (CD) model was proposed by Knospe et al. in 2000, which considers the
driver’s requirement for smooth and comfortable driving [16]. The system is a coexistence
of the free flow and wide moving jam, but the model cannot reproduce the synchronized
flow correctly. Jiang and Wu proposed a modified comfortable driving (MCD) model in
2003 to reproduce the synchronized flow [17]. This model can reproduce synchronized
flow, wide moving jam, and the S→J transition, but it fails to reproduce the F→S transition.

The Kerner–Klenov–Wolf (KKW) model is one of the first CA models in the framework
of three-phase traffic theory, in which the two-dimensional region of steady-state and speed
adaptation effect is explicitly considered [18]. The updated rules include deterministic and
stochastic rules.

Gao proposed a model based on the generalized NaSch model in 2007 and combined
the model with the slow-start rule [19]. The basic diagram obtained is similar to the KKW
model, and this model can reproduce synchronized flow, wide moving jam, and the S→J
transition, but it fails to reproduce the F→S transition. To overcome this deficiency, Gao et al.
later proposed an improved model [20]. However, the velocity of the vehicles fluctuates
too much in the synchronized flow, which seems unrealistic.

Tian proposed a two-state model (TS model) in 2015, and the TS model considers two
driver states: defensive state and normal state [21]. The model can reproduce free flow,
synchronized flow, wide moving jam, and F→S and S→J transition. To make the TS model
more realistic, Tian introduced a logistic function of safe speed and random probability
in the two-state model, called the two-state model with safe speed (TSS model) [22]. The
model can reproduce the three phases of traffic flow well, and in the improved two-state
model, synchronized flow can coexist with free flow.

In previous models, the vehicle has an infinite deceleration and can immediately stop
in one step. In some models, a finite deceleration capability of vehicles is considered [23–28].

Driving style is closely related to driving behavior and can be used as a representation
to predict and explain driving behavior. As a central part of the traffic system, the driver’s
behavior plays an important role in the traffic flow.

Kaur et al. introduced driver behavior characteristics into the lattice point model and
studied driver behavior during curves using a lattice point hydrodynamic approach [29].
Wang et al. used factor analysis to extract the main factors affecting driving emotion. They
established a driving emotion recognition model based on fuzzy integrated judgment and
the AD emotion model. The model was validated by actual driving, virtual driving, and
interactive simulation experiments [30]. Zheng et al. considered the effect of driver memory
and proposed an extended car-following model in which the control signals of vehicles
and following vehicle speed contrast were considered. Through numerical simulations, the
application of this model was shown to be effective in suppressing traffic congestion [31].
Thompson et al. investigated the effects of habits and expectations on driver behavior and
attention allocation in familiar and unfamiliar environments [32]. Peng et al. analyzed the
generation and development of overtaking-induced driver road rage using 32 overtaking
accidents as examples [33]. Yang et al., based on driving configured on the diversity of
driving tendencies, proposed a two-lane CA model to simulate the average speed, flow
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rate, and frequency of lane changes under different lane change and deceleration rules [34].
Shi et al. investigated the effects of distracting behaviors such as cell phone use by drivers
during driving on traffic safety [35]. Sharma et al. used a lattice-hydrodynamic traffic flow
model to study the influence on behavior of driver aggressiveness and conservatism while
driving [36]. Li et al. proposed a new grid model to analyze the effect of aggressive driving
behavior on traffic flow stability based on consideration of the driver aggression effect [37].

Currently, the impact on traffic flow is mainly analyzed qualitatively in terms of
individual driver behavior. At the same time, relatively few quantitative studies have
been conducted on the effects of drivers on traffic flow. Most previous studies on driving
heterogeneity were based on experimental and questionnaire methods, such as in [33–37].

The questionnaire analysis method options are fixed and cannot restore the actual
driving condition of the vehicle. The current research on driving style is not comprehensive,
so this paper analyzes driving styles from the perspective of a model based on the real
driving condition of the vehicle.

The driver’s personality characteristics also have an impact on the driving effect. For
the same driving scenario, different drivers sustain different physiological and psychologi-
cal conditions and thus produce different fuel consumption and emissions, affecting the
sustainable development of transportation.

Since the daily driving habits of drivers can affect vehicle emissions, some scholars have
trained up drivers or made operational recommendations to encourage drivers to adopt eco-
logical driving behaviors, such as avoiding sudden-stop and excessive idling, and accelerating
gently, which can significantly reduce vehicle energy consumption and emissions [38].

Miotti et al. states regulating driving styles can help reduce the energy consumption
and emissions of driving without requiring infrastructure or vehicle technology change [39].

Meseguer et al. experimentally verified that an aggressive driving style always leads
to more energy consumption and CO2 emissions [40].

Gonder et al. experimented on light vehicles and found that changing the driving
style can cause a 20% change in fuel consumption for aggressive drivers, and the change in
fuel consumption for drivers compared to mild drivers can also reach 5% to 10% [41].

Rafael et al. evaluated the impact of three driving styles on fuel efficiency and emis-
sions on the chassis dynamometer. The results showed that the aggressive driving style
had low fuel efficiency and high emissions [42].

Mansfield et al. studied the pre- and post-intervention bias changes in driving behavior
and showed that the effect of intervention on driving behavior depends on individual
driver factors and driving motivation [43].

Barth et al. proposed the provision of dynamic driving advice during the driving trip.
Dynamic driving advice can reduce fuel consumption and CO2 emissions by 10–20% and
does not affect the overall trip time significantly. The percentage savings also depends
on the congestion level, with little effect on free flow and significant savings in congested
conditions [44].

Zhai et al. proposed a continuous traffic flow enhancement model considering the
effects of driver characteristics and traffic fluctuations, obtaining model stability under
linear and nonlinear conditions. The effects of driver characteristics and traffic fluctuations
on traffic flow and emissions were investigated [45].

Jiao et al. analyzing the relationship between driver characteristics and following
optimal speed by using the grey correlation method, proposed a new optimal speed
function (OVF) and vehicle following model, and numerically simulated the influence of
different driver characteristics on the vehicle following behavior and fuel economy [46].

Frequent start-stops and idling of vehicles increase fuel consumption and emissions.
Therefore, studying the formation and dissipation mechanism of congestion can help
implement reasonable traffic control, effectively reducing the waiting time in congested
areas and thus can reduce energy consumption and emissions, which is conducive to the
sustainable development of transportation.
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Pan et al. investigated the effect of traffic congestion on particulate matter emissions
and the energy consumption of single-lane traffic streams using the NaSch model with
periodic and open boundary conditions [47].

Shankar et al. found that if a significant reduction in traffic congestion can be achieved,
a significant reduction in energy consumption could be obtained [48].

The rest of this article is arranged as follows: The second part introduces the data
processing of driving style classification; the method is introduced, and statistical analysis
is performed to obtain the differences in vehicle speed, acceleration, deceleration, etc.,
under different styles. The third part discusses the classical CA models and the main
rules for improving the model. The fourth part focuses on the simulation analysis from
the perspective of the fundamental diagram and spatio-temporal characteristics analysis.
Finally, in the fifth part, the paper’s findings are summarized.

2. Driving Style Analysis
2.1. Data Preparation

In this study, we used NGSIM data to classify driving styles, obtained driving data for
the following vehicles, and used the data to validate an improved meta-automata model.

The NGSIM data were obtained from the Next Generation Simulation program [49],
which collected vehicle trajectory data on US-101 and Lankershim Avenue in Los Angeles,
California, I-80 in Emeryville, California, and Peachtree Street in Atlanta. The data provide
precise location information for each vehicle, recorded at 10 Hz, resulting in precise lane
locations and positions relative to other vehicles. The data from US-101 were selected for
analysis in this study.

The US-101 data contain 25 attributes: vehicle ID, frame ID, global time, local X, and
local Y, etc. [49]. The length of the study area is about 640 m, including eight lanes, five
driving lanes, two ramp lanes, and one merging lane, shown in Figure 1. The dataset
contains 45 min of US-101 vehicle trajectories divided into three 15-min periods: 7:50
a.m.–8:05 a.m., 8:05 a.m.–8:20 a.m., and 8:20 a.m.–8:35 a.m. The trajectory data from 7:50
a.m.–8:05 a.m. was used in this study.
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To ensure the accuracy of the data, we selected the vehicles on the main lane, which
accounted for about 97% of the total, chose the cars as the study object, and then converted
the imperial units to international standard units.

The contents of the processed data are shown in Table 1.

2.2. Data Preprocessing

The NGSIM raw data were obtained from video analysis, which contains a lot of errors
and noise [50]. Using the raw data directly would lead to greater bias in the analysis results,
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affecting the calibration of the microscopic traffic flow model and reducing the accuracy of
the subsequent analysis. Therefore, a Savitzky–Golay filter using a third-order polynomial
with a window length of 21 was used to smooth the velocity and acceleration data [51].

Table 1. Basic information of NGSIM data.

Number Name Unit

1 Vehicle ID number
2 Frame ID 100 ms
3 Total frames 100 ms
4 Global time h
5 Local X m
6 Local Y m
7 Vehicle length m
8 Vehicle width m
9 Vehicle velocity km/h
10 Vehicle acceleration m/s2

11 Lane Identification number
12 Space headway m
13 Time headway s

(Source: Own compilation based on [49]).

2.3. Car-Following Process Extraction

The car-following process is mainly expressed in the process of the following vehicle
(FV) to the driving state of the leading vehicle (LV). Figure 2 shows the following scenario.
In the same lane, the driver of the following vehicle adjusts the driving speed of his vehicle
in real-time according to the driving behavior of the previous vehicle to maintain the
desired distance; d is the workshop distance between the two vehicles.
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Since vehicle following behavior is driving behavior in a single lane, the data need to
be pre-processed. To study the heterogeneity of the following behavior, it is necessary to
extract the following vehicle data that meet the requirements from the US-101 dataset, with
the following specific screening conditions.

• The following behavior data is extracted in a way that the two vehicles driving
continuously in the same lane are extracted as a combination.

• The following vehicle and the vehicle in front will not change lanes within a cer-
tain time.

• The vehicles of 1–5 lanes are selected for following behavior data extraction. The
vehicle driving in or out of the ramp may affect the following behavior.

• The vehicle type as “car” is only considered. The various types of vehicles in the
following performance are considered differently, while the car accounts for a large
proportion.

• For each data group, the vehicle following time is required to be above 20 s to ensure a
relatively stable vehicle following state.

• For each data group, the time headway between the vehicle and the preceding vehicle
must be kept within 5 s to ensure that the distance between vehicles will not be too
large, resulting in the following effect not being obvious.
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According to the above rules, a total of 1104 data sets (653,568 vehicle trajectory
samples) were collected from the processed NGSIM data. For the extracted vehicle fol-
lowing data, 70% were used for driving style analysis and determining the model design
parameters, and 30% were used to test the model’s accuracy.

2.4. Driving Style Division

Driving styles are closely related to driving safety, and aggressive driving styles
are usually more likely to lead to traffic accidents. For example, aggressive drivers are
easily affected by the road environment (e.g., rainy day, snowy day) and other road
users (e.g., disobeying traffic rules) during the driving process, appear driving anger
cognition (e.g., frustration, mild irritation) and driving aggressive behavior (e.g., cursing,
honking, etc.). To incorporate the actual situation and reduce the influence of subjective
questionnaires on the results, vehicle kinematic data were used in this paper.

Velocity and acceleration can show driving habits, and frequency change of velocity
and following distance can reflect driving personality. In this paper, 10 evaluation indicators
on driving styles were selected, as shown in Table 2.

Table 2. Driving style evaluation index.

Number Name Unit

1 Average velocity km/h
2 The standard deviation of velocity
3 Average space headway m
4 The standard deviation of space headway
5 Average time headway s
6 The standard deviation of time headway
7 Average acceleration m/s2

8 Average deceleration m/s2

9 Speed difference m/s
10 Maximum velocity km/h

(Source: Own elaboration).

When classifying driving styles, if all the parameters of the follow-the-leader model are
used for classification, all the information about driving behavior is retained. The accuracy
and convergence of the analysis results can be affected if the driving style is classified
directly using the parameters. Principal component analysis (PCA) is a statistical algorithm
that converts correlated variables into linearly uncorrelated variables using orthogonal
transformations. The transformed variables are called principal components (PC).

We calculated each PC contribution and cumulative contribution rates, as shown
in Figure 3. The first five PCs were selected based on the 85% cumulative contribution
principle to reflect the original indicators’ information fully. The PC coefficient matrix is
shown in Table 3.
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Table 3. The PC coefficient matrix.

Standardized Variable x1 x2 x3 x4 x5

Average velocity −0.091 0.255 −0.287 0.068 0.538
The standard deviation of velocity 0.023 −0.205 0.272 0.164 0.142

Average space headway 0.237 0.100 −0.304 −0.300 0.091
The standard deviation of space

headway 0.320 −0.034 −0.133 −0.334 −0.200

Average time headway 0.248 −0.039 0.123 0.249 0.289
The standard deviation of time

headway 0.224 −0.109 0.293 −0.011 −0.156

Average acceleration −0.368 −0.234 0.255 −0.349 0.468
Average deceleration 0.063 0.284 −0.107 0.360 −0.271

Speed difference 0.205 0.022 0.355 0.380 0.416
Maximum velocity 0.014 0.383 0.319 −0.214 0.176

(Source: Own elaboration).

The scores of each PC were calculated based on the PC score coefficient matrix and
used as the input for the subsequent classification and driving style recognition models.
Among them, the main influencing factors of the first three PCs are average acceleration,
maximum velocity, and average deceleration.

Then the number of driving style classifications was determined using cluster analysis
methods. In this paper, the k-means algorithm was used to classify driving styles. The
essence of the algorithm is to determine new cluster centers through iterative operations,
and the calculation converges when the cluster centers do not change.

However, the disadvantage of k-means is that it is difficult to determine the number
of “k” clusters. The main methods to determine the value of k are the silhouette measure
and elbow method. The elbow method is based on the idea that the number of clusters k is
taken from 1 to k = 8, with each step of 1. The sum of squared errors (SSE) is calculated for
each value of k. The formula is shown in Equation (1).

SSE =
k

∑
h=1

∑p∈sh
‖p−ch‖

2

2

(1)

where ch is the cluster midpoint in cluster Sh, p is the sample in cluster Sh, and k is the total
number of clusters in the dataset.

When the number of clusters increases, the degree of aggregation of each cluster also
increases, and the SSE decreases gradually. When the value of k is less than the correct
number of clusters, the increase in the value of k will significantly increase the degree of
aggregation of each cluster, and the decrease in SSE is greater. However, when k reaches the
optimal number of clusters and then increases the number, the decrease of SSE will become
slow and eventually level off. Therefore, the relationship between SSE and k is in the shape
of an elbow, and the value of k corresponding to that elbow is the optimal number of data
clusters. It is calculated that when the value of k is greater than 3, the SSE change tends to
level off. Therefore, the number of driving styles classified in this study was three, and the
three driving styles were named: calm, moderate, and aggressive.

Then the first three principal components were derived from arriving at the driving
style identification results, shown in Figure 4. The clustering results show that 24% of the
vehicles are of aggressive driving style, 54% of vehicles are of moderate driving style, and
22% of vehicles are of calm driving style.

To characterize the parametric features of the following behavior under different
driving styles, the cluster centers in each cluster are taken to represent the following
behavior of the class of drivers, shown in Table 4. According to the analysis of the clustering
results, the aggressive driver will be close to the preceding vehicle, drive fast, and likely act
boldly in the following process; acceleration and deceleration are greater than in the other
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two styles. Calm drivers always stay away from the vehicle in front of them and drive
cautiously and slowly. The surroundings have less influence on moderate drivers.
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Table 4. Clustering centers of car-following variables for different driving styles.

Driving Style Driver Number Maximum
Velocity (km/h)

Average
Acceleration

(m/s2)

Average
Deceleration

(m/s2)

Aggressive Style 936 73.21 4.32 4.74
Moderate Style 2467 65.18 2.62 2.43

Calm Style 771 60.86 1.58 1.33
(Source: Own elaboration).

3. Model Description
3.1. NaSch Model

The NaSch model is a classical single-lane CA model, and the evolutionary rules
mainly include acceleration, deceleration, random slowing rule, and update rule. The
random slowing rule is set, so that the vehicle does not drive on the road at a fixed speed,
and the vehicle will randomly slow down with a certain probability p. The evolution rules
of the NaSch model in the one-time step are as follows.

Acceleration : vn = min(vn + 1, vmax) (2)

Deceleration : vn = min(dn + 1, vn+1). (3)

Random slowing rule : vn+1 = max(vn+1 − 1, 0) (4)

Update rule : xn+1 = xn + vn+1 (5)

where, vmax is the maximum velocity, dn is the distance between two vehicles, xn, vn are
the position and velocity of the vehicle at the moment n, respectively.

3.2. KKW Model

This subsection briefly introduces the core part of the KKW model, the speed adapta-
tion rules [52]. The updated rules include dynamic rules and stochastic rules.

Step 1. Dynamical part of the KKW model:

ṽ = max(0, min(vmax, vs, vc)) (6)
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in which vc is calculated by the following equation:

vc =

{
vn + at, i f dis > Dn

vn + at× sign(vlead − vn), i f dis ≤ Dn
(7)

In the above equation, vmax is the maximum speed of the vehicles, vs is the safe speed
that the vehicle cannot exceed to avoid a collision, vc is the adaptation speed of the vehicles
within the synchronized flow distance and the preceding vehicle’s speed. t is the time step,
set to 1 s. a is the acceleration or deceleration. The sign(x) is a sign function, if x > 0, sign(x)
= 1, if x = 0, sign(x) = 0, otherwise sign(x) = −1. Dn is the synchronized distance, dis is the
distance between the following vehicle and the preceding vehicle.

The updated rule of vc reflects the “speed adaptation”. The “speed adaptation” means
that when the front vehicle is within the synchronization distance, the following vehicle
will judge whether to accelerate according to the preceding vehicle’s speed. When the
distance is greater than Dn, the influence of the preceding car on the following car is weak,
and the acceleration of the following car is almost not affected by the speed of the preceding
car. When the distance is less than Dn, the front car acts powerfully on the following car,
and the following car adjusts its speed to approach the speed of the preceding car. The
“speed adaptation” ensures that the speed of the following car can be very close to the
speed of the front car in a certain distance range, which causes a synchronized flow state.

Synchronized flow distance is a function of the speed. In the literature [15], Kerner
gives the following linear and nonlinear relations for

Dn = d + kvnt (8)

Dn = d + vnt + βv2
n/(2a) (9)

where d, k, and β are constants. In this paper, the linear relationship of Dn is selected as the
improved model parameter design.

Step 2. Stochastic part of KKW models:

v′ = max(0, min(ṽ + aηt, v + at, vmax, vs)) (10)

In which a is the vehicle’s acceleration. η is the parameter set to control the speed
disturbance, its value is set by setting a random number, representing the slow start and
“pinch” phenomena, depending on the corresponding conditions, as in Equation (11).

η =


−1, i f r < pb,
1, i f pb ≤ r < pb + pa,
0, otherwise.

(11)

pb =

{
p1, i f v = 0,
p2, i f v > 0.

(12)

pa =

{
pa1, i f v < vp,
pa2, i f v ≥ vp.

(13)

where r is a random number between 0 and 1. pa and pb are functions used to control the
rate of addition and subtraction.

p1 and p2 are constants between 0 and 1, and p1 > p2. pa1, pa2, vp are constants,
pa1 > pa2.

Step 3. Vehicle movement:
xn+1 = xn + v′t (14)
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3.3. The Improved CA Model

Based on the previous presentation, a new CA model was proposed by considering
the driving styles and introducing two principles (the speed adaptation principle and the
over-acceleration principle), which are improved and combined with the NaSch model.

Over-acceleration rule on a single lane [53]: in the current driving lane, when the
distance between a car and the preceding car is within the synchronized flow distance
and the speed of the preceding car is less than or equal to its speed, the following car will
accelerate with probability in addition to adapting to the speed of the preceding car; this
probability is related to the current speed and the difference of the synchronized flow speed.
The over-acceleration rule was modified to make it more suitable for the model proposed
in this paper.

vn+1 = min(vn+1 + acc, vmax) i f dn ≤ Dn and vn ≥ vlead (15)

The over acceleration occurs in the lane when

r < pa (16)

where r is a random number between 0 and 1, vlead is the preceding vehicle’s velocity, pa is
the same as defined in the previous section.

To describe the diversity of driving styles, the vehicle’s maximum speed and accel-
eration are subdivided according to the driving types. The subscripts denote variables
regarding aggressive, moderate, and calm styles, respectively. Consequently, vmax,agg,
accagg, and decagg are the vehicle parameters of aggressive style. vmax,mod, accmod, and
decmod are the vehicle parameters of moderate style. vmax,calm, acccalm, and deccalm are the
vehicle parameters of calm driving style.

The evolution rules for the improved CA model are given here.
Rule (a): Classification of driving style characteristics

vmax =


vmax,agg i f driver is aggressive style,
vmax,mod i f driver is moderate style,
vmax,calm i f driver is calm style.

(17)

acc =


accagg i f driver is aggressive style,
accmod i f driver is moderate style,
acccalm i f driver is calm style.

(18)

dec =


decagg i f driver is aggressive style,
decmod i f driver is moderate style,
deccalm i f driver is calm style.

(19)

Rule (b): determine whether the distance is within the synchronization distance

i f dn ≤ Dn (20)

Follow rules (c), (d), skip rule (e),

i f dn > Dn (21)

Skip rules (c), (d), follow rule (e).
Where, dn is the distance between the following vehicle and the preceding vehicle.
Rule (c): the improved speed adaptation rules

ṽ =


vn + acc× t, i f vlead > vn,
vn − dec× t, i f vlead < vn,
vn, i f vlead = vn.

(22)
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vn+1 =


max(0, min(ṽ− dec× t, v− dec× t, vmax, dn)), i f r < pb,
max(0, min(ṽ + acc× t, v + acc× t, vmax, dn)), i f pb ≤ r < pb + pa,
max(0, min(ṽ, v + acc× t, vmax, dn)) , otherwise.

(23)

pb =

{
psts, i f vn = 0,

pslow, i f vn > 0.
(24)

pa =

{
pa1, i f vn < vp,
pa2, i f vn ≥ vp.

(25)

where, psts is the slow start probability when the vehicle’s speed is 0, pslow is the random
slowing probability, and r is a random number between 0 and 1.

Rule (d): The over-acceleration rule within the synchronized flow distance is shown in
Formulas (14) and (15) for details.

Rule (e): The process of acceleration

vn+1 = min(vn + acc, vmax) (26)

Rule (f): The process of deceleration

vn+1 = min(vn+1, dn) (27)

Rule (g): Improved random slowing rule

r > pb (28)

vn+1 = max(vn+1 − dec, 0) (29)

Rule (h): Update location

locn+1 = locn + vn+1t (30)

where, locn is the vehicle position when the timestep is n.

4. Simulation and Analysis

In the model of this paper, Simulations are carried out on a circular road with the
periodic boundary condition. In the model, each cell represents 1 m. Each vehicle occupies
7 cells, the road length is 2000 cells, and the simulation time is 2000 s. Referring to the
driving style analysis results in Section 2, 20% of the vehicles are of aggressive driving
style, 60% of vehicles are of moderate driving style, and 20% of vehicles are of calm driving
style, while the parameters of driving styles are set as shown in Table 5 and the model
parameters in Table 6.

Table 5. The parameters of driving styles.

Driving Style Maximum Velocity
(Cell/s)

Acceleration
(Cell/s2)

Deceleration
(Cell/s2)

Aggressive Style 19 4 4
Moderate Style 18 2 2

Calm Style 16 1 1
(Source: Own elaboration).

Table 6. The model parameters.

k d pa1 pa2 psts pslow t vp

2 0 0.3 0.2 0.3 0.2 1 s 9 cell/s

(Source: Own elaboration).
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4.1. Fundamental Diagram Analysis

Figure 5 represents the flow-density diagram of the NaSch model and the improved
CA model. When the NaSch model’s density increases, the traffic flow also increases. The
traffic flow reaches a maximum value of 0.751 when the density reaches 0.165, which means
the optimal density is 0.165. Before reaching the optimal density, the traffic flow on the road
is generally in a free-flow phase. After reaching the optimal density, the traffic flow changes
from the free-flow phase to the congestion phase. The traffic flow starts to decrease, similar
to the traditional traffic fundamental diagram. Analysis of the flow density diagram of
the improved CA model shows that when the density reaches 0.133, the maximum flow
is 0.896, and the optimal density is 0.133. The flow has a sudden drop process when the
optimal density is reached. When the density is less than 0.133, the few vehicles on the
road can all drive at the desired speed without being affected by the previous vehicle. The
traffic flow can maintain a steady state at a higher speed, and the flow increases linearly,
that is, the free flow phase. When the density falls between 0.103 and 0.26, the number of
congested vehicles increases, and the distance between vehicles decreases. When the speed
fluctuation amplitude exceeds the critical limit, the free flow turns into the synchronized
flow, and the spontaneous phase transition for F→S occurs. Flow drops sharply, but no
serious congestion occurs on the road. When the density is greater than 0.26, the traffic
flow changes from a synchronized flow to a wide moving jam, and the spontaneous phase
transition for S→J occurs.
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When the density of the two models is in the range of 0.143 to 0.805, the NaSch model
traffic flow is slightly larger than the improved CA model. This is because the improved
model considers the speed adaptation principle. When the distance between the preceding
and following two vehicles is less than the synchronization distance, as well as the slower
speed of the front vehicle, the following vehicle will choose to slow down to ensure a
safe distance, while the NaSch model only considers whether the distance between the
preceding and the following two cars can guarantee that the following car will not collide
with the preceding car in the next time step. So, in this density, the average speed of the
NaSch model will be slightly larger than the improved CA model’s, resulting in a slightly
higher density. However, as the density gradually increases, the gap between the two
models becomes smaller and eventually converges.

Figure 6a,b represent the flow-density diagram and the velocity-density diagram
for the CA model considering only style and all styles. As can be seen from Figure 6a,b,
the overall trends in speed and flow for different driving styles for the same model are
similar. Still, all have some variability in the values, which becomes more pronounced as
the density increases. In particular, this difference is greatest at densities of 0.165 to 0.26,
where the spontaneous phase transition F→S occurs. Aggressive drivers are the first to
end the free-flow phase, which is because aggressive drivers have the highest speed and
the largest safety distance. Due to the existence of various types of traffic flow and the
interaction between various types, all style phase transition is induced, thus making the
density of the F→S transition in the mixed traffic flow approximately the same as that of the
aggressive flow. In addition, the speed and flow curves output oscillate to some extent. The
reason is that vehicles frequently perform acceleration and deceleration to obtain the best
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speed as the vehicle density increases. The mutual interference between vehicles makes
the average velocity show an unstable oscillating downward trend. However, when the
density is greater than 0.441, regardless of the driving styles, the traffic flow is basically in
the wide moving jam phase, and eventually, all the curves converge.
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4.2. Thermodynamic Diagram Analysis

Thermodynamic diagrams are created based on the speed of vehicles on the road. In
this experiment, the vehicle speed is divided into 20 levels from 0 to 20, where red is the
maximum speed of 20 cells/s and blue is the stationary state, 0 cells/s. The diagrams’
abscissa indicates the cell’s location, while the ordinate indicates the simulation time. The
driving direction is from left to right, and the time moves in the direction from bottom to
top. The spatio-time region consisting of spatial location 0–2000 cells and simulation time
1000–2000 s is selected for thermodynamic diagrams analysis.

Figure 7a–d represents the thermodynamic diagrams of the NaSch model at a density
of 0.4, the improved CA model at a density of 0.4, and the free flow and F→S→F transition,
respectively. Analysis of Figure 7a shows that vehicles present high speeds when there is
no congestion on the road. When the road is congested, the vehicle speed drops directly
from the maximum speed to 0 until the road is no longer congested. However, during the
following process, the vehicle’s speed will not maintain the maximum speed state for a long
time due to the preceding vehicle’s speed and distance. The thermodynamic diagram of
the improved CA model at a density of 0.4 is shown in Figure 7b, where the blockage zone
narrows and decreases as time passes, and the number of vehicles traveling at the desired
safe distance increases due to the speed adaptation principle, where the vehicle speed
changes frequently. Compared with Figure 7a, the improved CA model improves road
congestion, the vehicle’s free and synchronized flow area increases, and most vehicles are
in normal driving conditions. Therefore, the improved CA model can effectively dissipate
traffic congestion, balance the overall flow rate of the road, and meet the needs of all types
of drivers who expect to drive at the safest distance.
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The improved CA model presents a free-flow phase at lower density, shown in Figure 7c.
The distance between vehicles is large and not affected by the speed adaptation principle. Most
vehicles take the highest speed that can be taken in the current situation without congestion.
Traffic flow occurs in the state of mutual transformation between free flow and synchronized
flow, shown in Figure 7d. The road will not be congested, but the principle of speed adaptation
will control the vehicles. When the preceding vehicle is approaching, the vehicle will decelerate
and traffic flow occurs, F→S transition. However, when the distance becomes larger, the
vehicle will return to the highest speed that can be taken in the current situation, and the traffic
flow returns to the free flow state, and traffic flow occurs, S→F transition.

4.3. Trajectory Diagram Analysis

Figure 8a,b represents the trajectory diagrams of the NaSch model and the improved
CA model considering a density of 0.42, respectively. The diagrams’ abscissa indicates
the spatial location of the cell, and the ordinate indicates the simulation time. The most
representative spatial locations 0–2000 cell and simulation times 1000–2000 s are selected
to form the trajectory diagrams. The white area in the graph indicates no vehicle at that
location, and the black lines indicate the vehicles’ driving trajectory. The vehicles travel
from bottom to top, and the time goes from left to right.
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As shown in Figure 8a, the NaSch model indicates that traffic congestion gradually
propagates upstream of the roadway over time and that there are large bands of wide
congestion. The improved CA model changes the rules of operation of vehicles on the
road, which is more consistent with the reality of vehicles moving forward. As shown
in Figure 8b, the number of blocking strips decreases. The wide moving jam narrows
over time, the traffic congestion on the upstream side of the road gradually dissipates, the
free-flow area within the lane becomes larger, and there is no large-scale wide moving
jam. Compared with the NaSch model, the improved CA model significantly reduces the
number of congestion zones and traffic congestion is greatly improved.

The F-S-J transition fragment is selected further to investigate the speed perturbation
under different traffic phases and justify the speed adaptation principle. The trajectory and
speed of individual vehicles are analyzed as follows. The trajectory fragment in Figure 9a,
the blue and red trajectories indicate the aggressive and the calm cars, respectively. The
thermodynamic diagram shown in Figure 9b indicates the vehicle’s current speed.
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In Figure 9, it can be seen that when the time is at 1345 s, the vehicle (vehicle 2 in
Figure 6) is slower and is not affected by the change in speed of the aggressive preceding
vehicle (vehicle 6 in Figure 6) because they are far away from each other. The vehicle will
close the distance between the two vehicles at a higher speed and take the same action to
adapt to the shifting behavior of the preceding vehicle, with the final distance remaining
relatively safe for the vehicle. This interaction between vehicles generates disturbance and
spreads backward into the traffic flow (e.g., vehicles 3, 4, and 7 in Figure 6). From the vehicle
trajectories (e.g., vehicles 3, 4, and 7 in Figure 6), it can be found that aggressive vehicles
have a relatively small distance from the vehicle in front during acceleration. However,
calm vehicles choose to adjust their acceleration at a safer distance to accommodate the
speed of the vehicle in front.
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5. Discussion and Conclusions

The primary purpose of traffic flow modeling and simulation is to analyze traffic flow
characteristics and study the formation and dissipation mechanism of traffic congestion
to better guide real traffic. Research on the formation and dissipation mechanism of
congestion can help implement reasonable traffic control, and reduce energy consumption
and emissions, which is conducive to the sustainable development of transportation [47,48].
In this paper, we extended the NaSch and KKW models, and proposed an improved CA
model to reproduce various traffic phenomena and behaviors on the single-lane road.
Compared to the previous models, the improved CA model takes into account the effect
of driving style, refines the length of each cell so that each car can fully occupy each cell
as it travels, and introduces two operational mechanisms (over-acceleration and speed
adaptation) to simulate the transformation among different traffic flow phases.

The specific research results are as follows.

• Unlike the general questionnaire survey method, we used a particular case in NGSIM
data as the research object, extracted 1104 data sets that reflect the characteristics of
driving styles, used the PCA method to reduce the dimensionality of the resulting
data, then used the k-means method for driving style classification and parameter
calibration. Compared with the general questionnaire survey method, our method
considers the vehicle kinematic data, which can truly reflect the actual motion of the
vehicle and not be affected by the subjective factors of the driver.

• In the process of modeling, we introduced two operational mechanisms and linear
equations to express the synchronous flow distance and combined them with the
driving style. We compared the results of the improved CA model and the NaSch
model through numerical experiments. It was shown that the improved CA model
has a 15% higher traffic flow rate. When the optimal density is exceeded, the flow rate
of the improved CA model is slightly lower than the NaSch model due to the two
operating mechanisms, which are in good agreement with the results obtained from
the previous literature [52].

• In the simulation process, the calm style will choose a safer and more secure way to
travel during the following process, and the road can remain stable for a longer time,
but the maximum flow is lower. The aggressive style is more reckless, and the traffic
flow cannot maintain a free flow state for a long time, but the aggressive style increases
the traffic capacity up to around 181% more than the calm driving style.

• Furthermore, the simulation results also show that the improved CA model can
generate well the free flow phase, the synchronized flow phase, the wide moving
jam phase, and the transition among the phases. Compared with the NaSch model,
the improved CA model has fewer congested areas, decreasing gradually over time.
Due to the speed adaptation principle, the overall vehicle speed is not high, but the
vehicles can maintain a uniform speed for a long time. The improved CA model can
effectively relieve road congestion and accelerate the dissipation of traffic congestion,
which can largely meet the drivers’ requirements and provide a theoretical basis
for relieving traffic congestion, which is conducive to the sustainable development
of transportation.

6. Future Work

First, the CA model proposed in this paper is a single-lane model. However, multi-
lane highways are more common in real traffic. Therefore, our next focus is to extend our
single-lane model into a multi-lane one and study the impact of vehicle differences and
speed fluctuations on traffic flow at the micro-scale; we will carry out a detailed comparison
with real-world traffic.

Second, traffic flow studies are an extremely complex problem. Multi-lane lane change
problems, weather influencing factors, etc., need to be considered, as well as whether the
model applies to mixed traffic flows; all still needs to be discussed and studied.
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Finally, as time progresses, transportation systems are gradually entering the Inter-
net and automated driving era. It is imperative to consider the influence of connected
automated vehicles in the design of future models.
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