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Abstract
This paper takes L0 (ordinary vehicles), L2 and L4 (autonomous vehicles) as the research objects, adopts
different car-following rules and improves them respectively based on driver's personality factors and
variable time headway (VTH) strategy, introduces a benefit parameters to distinguish lane changing
ability of them, and evaluates road capacity under mixed traffic flow with a basic diagram model and
average travel time. Use SUMO to build a simulation platform and conduct a real-time systematic
research based on Python. The results prove that: (1) After the penetration rate of autonomous exceeds
60 %, road capacity can be effectively improved, and the maximum increase of 32.52 % occurs in 100 %
penetration scenario. (2) When traffic density is less than 27 vehicles/km, the average speed continues
to be the maximum in 100 % scenario, and when it is greater than 27 vehicles/km, the critical penetration
scenario is 80 %. (3) The average travel time begins to decrease after the penetration rate exceeds 20 %,
and can be reduced by 23.38 % in 100 % scenario. It shows that traffic efficiency is closely associated
with penetration rates of autonomous vehicles.
(Received in October 2021, accepted in February 2022. This paper was with the authors 1 month for 1 revision.)
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1. INTRODUCTION
As the fusion of vehicles and technologies like artificial intelligence, autonomous will become
an inevitable trend of modern traffic development. However, the full popularization of
automation will not be achieved overnight, the traffic flow is bound to experience a gradual
increase of autonomous. Scale of the quantity of autonomous on the road to the total vehicles
is known as autonomous vehicles penetration. Mastering the impact of different penetration
scenarios of autonomous on road capacity is the main problem we are facing, which will benefit
the deployment and control of autonomous in the future.
Traffic simulation can reflect the real traffic phenomenon by testing various traffic
scenarios, which is the most appropriate method to analyse the characteristics of vehicle driving
behaviour [1, 2]. Traffic simulation technology can be classified as macro, meso and micro
according to the granularity [3, 4]. In recent years, many scholars all over the world have studied
the mixed traffic flow of autonomous penetration scenarios by building traffic simulation
platforms and using microscopic models. For example, Hu et al. [5] conducted a sensitivity
analysis on traffic benefit of hybrid traffic-flow infiltrating different scales of intelligent
vehicles under peak and flat peak environments based on Vissim simulation. Lu et al. [6]
considered the influence of autonomous penetration and level on traffic flow, and analysed the
evolution law of macroscopic fundamental diagram (MFD) based on SUMO. Ye et al. [7]
analysed the dynamic evolution law of traffic flow under heterogeneous flow scenarios with
different penetration rates of autonomous. Kerschbaumer et al. [8], Yao et al. [9], and Arvin et
al. [10] described driving behaviours of vehicles with different categories and levels through
different models, and based on Vissim, analysed the interaction process of vehicles with
different permeability under various road sections and special conditions.
It is not difficult to find that the penetration rate and level of autonomous are closely bound
up with the evolution of traffic. Up to now, researches in this field have the following problems.
First, the level of automation is generally limited to L1~L2, second, there are few investigations
https://doi.org/10.2507/IJSIMM21-1-CO4
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on hybrid multi-level autonomous. In view of the shortcomings of existing studies, this paper
will be based on SUMO (Simulation of Urban Mobility) and combined with Python language
to study the traffic capacity of different levels of autonomous in different penetration scenarios.
However, since a single driving model cannot accurately account complex driver behaviours
under actual conditions, this paper selects diverse following models respectively to its
description, namely, the intelligent driver model (IDM) is applied to trace ordinary vehicles,
and the Adaptive Cruise Control (ACC) model is used for depicting autonomous vehicles, and
improving them with driver personality factors and variable time headway (VTH) strategies
respectively. Meanwhile, based on LC2013 lane-changing model, the benefit parameters of
autonomous driving level are introduced to distinguish the lane-changing ability by parameters
values. Simulation results show that considering the influence of the driver's personality can
better reflect the actual uncertain driving scenarios, the autonomous after integrating the VTH
strategy can run more stably and the simulation is more appropriate. The improvement of the
model can provide a real and reliable basis for the research on the road capacity mechanism of
ordinary-multi-level autonomous mixed traffic flow in this paper.

2. IMPACT OF DIFFERENT PENETRATION RATES OF
AUTONOMOUS VEHICLES
From the perspective of autonomous driving level and its technical development, autonomous
vehicles can be regarded as a kind of machine that can control vehicles partially or completely
without human operation by virtue of advanced vehicle sensors, controllers and actuators, and
by integrating artificial intelligence and other technologies [11]. Autonomous is the vehicle's
understanding, learning and materialization of the driver's "perception-decision-control"
driving process. At present, there are four authoritative grading standards for autonomous
technology in the world, including NHTSA, SAE, ERTRAC, and SAE-China [12]. Among
them, the SAE standard is the most detailed and specific, as shown in Table I.
Table I: SAE classification standard.
Automation
level

Name

L0

Manual
driving

L1

Driving
assistance

L2

L3

Partially
automation

Conditional
automation

L4

Highly
automation

L5

Fully
automation

Driving
control

Class definition
The whole process is
controlled by driver, the
system only provides
auxiliary information
Perform one operation of
steering or acceleration and
deceleration, others are
controlled by driver
Perform multiple operations
in steering or acceleration
and deceleration, others are
controlled by driver
The system does most of the
operations, but driver needs
to be ready to respond to
system requests
The system does all driving
has environmental
limitations
The system completes all
driving operations without
driver intervention
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Environmental
monitoring

Take
over
object

driver

driver
and
system

System
scope

none

driver
driver

part

system
system
system
all
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L0 (ordinary vehicle), which means that the vehicle is only equipped with a alerting system
to warn drivers. L1~L2 belong to auxiliary driving, the automatic driving system only plays an
auxiliary role, ADAS represented by L1 and L2 in the market is technically mature now, but
the L1 can only control the vehicle in one direction, while the L2 can control both horizontally
and vertically. L3 belongs to conditional automatic driving, which requires the driver to respond
to the system's takeover request in a timely manner at critical moments, involving information
exchange and control authority switching between driver and system. L4 is highly autonomous
driving, the driver does not need to observe the surrounding environment, the difference from
the L5 is that the L4 is limited by the design operating conditions ODD, while the L5 does not.
Therefore, in terms of the driving subject alone, the driving subject of L0~L3 is driver, and
L4~L5 is system. The driver can only adjust himself based on the subjective judgment, this
uncertainty makes them behave differently in the process of controlling the vehicle. Since the
automatic driving system can reduce the randomness, uncertainty and variability, the overall
response level to the surrounding environment can be improved.

Figure 1: The impact of autonomous level and penetration rate on driving subject.

Fig. 1 shows the abstract impact of changes in automatic driving level and penetration rate
on driving subjects, which shows that with the improvement of vehicle automatic driving levels
and the increase of penetration rates, on the one hand, human intervention ability gradually
decrease, on the other hand, due to the increasing dependence of vehicles on advanced driver
assistance systems, there are more and more requirements on sensor combination, control effect
of automatic driving system, vehicle communication and other functions [13], and the overall
automation level of the road and system control sensitivity has been improved.
However, it still takes a long time for L5 production applications in the market. Therefore,
this paper will take L2 and L4 as the research objects, and use the influence of different grades
of autonomous on vehicles as the main basis to distinguish the different levels of vehicles
driving characteristics.

3. RESEARCH MODEL
Vehicle following and lane changing are the process of vehicle speed adjustment and lane
selection, which are the core driving behaviours in microscopic traffic flow [14]. The platform
has implemented 15 car-following models, such as Krauss, ACC/CACC, IDM, and 3 lanechanging models, such as LC2013 [15]. These models analyse the interactions between vehicles
from different perspectives based on different principles and through different parameters.
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3.1 Car-following models under different penetration rates of autonomous vehicles
(1) Ordinary car-following model
Intelligent driver model (IDM) [16] was originally presented by Treiber through a large
number of experiments, since it was proposed, it has been widely used in the research on the
car-following behaviour [17]. The model used speed and distance between itself and the
preceding vehicle as bases for decision-making, and output its own acceleration [18]. Described
as follows:
𝑣𝑛 (𝑡) 𝛿
𝑠 ∗ (𝑣𝑛 (𝑡), 𝛥𝑣𝑛 (𝑡)) 2
(𝑡)
𝑎𝑛
= 𝑎0 (1 − (
) −(
) )
𝑣0
𝑠𝑛 (𝑡)
𝑠𝑛 (𝑡) = 𝑥𝑛−1 (𝑡) − 𝑥𝑛 (𝑡) − 𝑙
𝛥𝑣𝑛 (𝑡) = 𝑣𝑛 (𝑡) − 𝑣𝑛−1 (𝑡)
𝑠 ∗ (𝑣𝑛 (𝑡), 𝛥𝑣𝑛 (𝑡)) = 𝑠0 + max(0, 𝑣𝑛 (𝑡)𝑇 +

𝑣𝑛 (𝑡)𝛥𝑣𝑛 (𝑡)
)
2√𝑎0 𝑏

(1)

(2)

Here, 𝑎𝑛 (𝑡): acceleration of the following car; 𝑎0 : maximum acceleration of the following
car; 𝑣𝑛 (𝑡): speed of the following car; 𝑣0 : desired speed; 𝛿 : acceleration index; 𝑠 ∗ (𝑣𝑛 (𝑡), 𝛥𝑣𝑛 (𝑡)):
expected space headway of the following car; 𝑠𝑛 (𝑡): actual space headway between itself and
the preceding car; 𝑥𝑛 (𝑡): following car displacement; 𝑥𝑛−1 (𝑡): preceding car displacement; 𝑙:
length of the car; 𝛥𝑣𝑛 (𝑡): speed difference between itself and the preceding car; 𝑣𝑛−1 (𝑡): speed
of the preceding car; 𝑠0 : minimum space headway in congested state; T: minimum safe time
headway; b: comfortable deceleration.
Some studies have shown that the driver behaviour is the primary influencing factor of
traffic accidents [19]. Drivers with different personalities will have different reactions and
decisions when facing same traffic scenes, which directly affects driving conditions. Therefore,
the driver's personality factors should be fully considered when modelling. Generally speaking,
the driver's personality can be divided into aggressive, steady and cautious, in order to
distinguish the difference of them, this paper introduces the parameter 𝜆 into the calculation of
the speed difference between two adjacent cars to represent the driver's risk degree. Typically,
the driver adjusts its speed based on the relative conditions (speed and distance) between itself
and the preceding vehicle [4], 𝜆𝑖 𝑣𝑖 represents his estimated speed of the preceding vehicle, a
higher 𝜆 means a more adventurous driver. According to the relevant literature [20], 𝜆 ∈
[0.7, 0.9]. Described as follows:
0.7 (cautious)
𝛥𝑣𝑛 (𝑡) = 𝑣𝑛 (𝑡) − 𝜆𝑣𝑛−1 (𝑡) 𝜆 = { 0.8 (steady)
0.9 (aggressive)

(3)

The model comparison results after considering driver's personalities are proved in Fig. 2.

Figure 2: Comparison of car-following models of ordinary vehicles.
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Fig. 2 shows that the average speed of vehicles after considering influence of driver's
personalities is reduced, indicating that driver's personalities can indeed affect the running state
of vehicles. Among them, the average speed of all cautious drivers is lower than that of
aggressive drivers, and drivers who randomly mix various personalities are located between the
two situations, which is more tally with the actual situation.
(2) Autonomous car-following model
Autonomous driving is to replace the driver to control the vehicle through the automatic
driving technology, and the realization of the control requires the cooperation of multiple
technologies. Among them, the speed and distance control of vehicles are the key technologies
to realize the longitudinal control. Based on the related researches of Milanés, Shladover, Xiao
et al. [21-23], this paper proposes an ACC car-following model considering the variable time
headway (VTH) strategy. According to Xiao's [23] research results, the control strategies of the
model are fallen into four types: speed, gap, gap-closing and collision avoidance.
When sensors senses that there is no car ahead or the distance between the two adjacent cars
is greater than 120 m, it will take the preset speed as the control target, drive the preset and realtime speed error as the control variable. Described as follows:
𝑎𝑛 (𝑡 + 1) = 𝑘1 (𝑣𝑑 − 𝑣𝑛 (𝑡))

(4)

Here, 𝑎𝑛 (𝑡 + 1): acceleration of the following car at the next time; 𝑣𝑑 : desired speed; 𝑣𝑛 (𝑡):
speed of the following car; 𝑘1 : control gain of determining the speed deviation rate for
acceleration, 𝑘1 = 0.4 s −1 [23].
When distance and speed deviation are short of 0.2 m and 0.1 m/s at the same time, the
vehicle's acceleration at the next moment will be adjusted according to the distance and speed
deviation from the preceding vehicle. Described as follows:
𝑎𝑛 (𝑡 + 1) = 𝑘2 𝑒𝑛 (𝑡) + 𝑘3 (𝑣𝑛−1 (𝑡) − 𝑣𝑛 (𝑡))

(5)

𝑒𝑛 (𝑡) = 𝑥𝑛−1 (𝑡) − 𝑥𝑛 (𝑡) − 𝑑0 − 𝑡𝑑 𝑣𝑛 (𝑡)

(6)

Here, 𝑒𝑛 (𝑡): distance error between the following and preceding car; 𝑥𝑛−1 (𝑡): displacement
of the preceding car; 𝑥𝑛 (𝑡): displacement of the following car; 𝑑0 : minimum safe distance; 𝑡𝑑 :
preset constant time headway; 𝑣𝑛−1 (𝑡): speed of the preceding car; 𝑣𝑛 (𝑡): speed of the following
car; 𝑘2 , 𝑘3 : control gains for position and velocity deviations, 𝑘3 = 0.23 s−2 , 𝑘3 = 0.07 s−1 [23].
When space between two adjacent vehicles is short of 100 m, by modifying the parameters
in the gap control strategy, that is, let 𝑘2 and 𝑘3 be 0.04 s-2 and 0.8 s-1 respectively to achieve
the gap-closing control strategy. When space is among 100 m and 120 m, it is converted to the
previous control strategy. When the distance is under 100 m, distance deviation is negative, and
speed deviation is inferior to 0.1 m-1, let 𝑘2 and 𝑘3 be 0.8 s-2 and 0.23 s-1 respectively to realize
the collision avoidance control strategy.
The determination of the safety distance is the most important link in ACC model. The
existing spacing control incorporates constant and variable. The variable strategy is further
segmented into constant time headway (CTH) and variable time headway (VTH).
The spacing control in the original ACC model adopts the variable spacing strategy of CTH.
However, in real life, the CTH strategy cannot cope with some complicated situations.
Therefore, this paper adopts the VTH strategy based on the original ACC model. The VTH
strategy means that the time headway will vary with the speed and acceleration of the front
vehicle. Yanakiev and Kanellakopoulos [24] considered the influence of relative speed of the
two vehicles on headway, and uses the saturation function to make the headway stay within a
reasonable range. Described as follows:
𝑡ℎ,𝑚𝑎𝑥 𝑡0 − 𝑘𝑣 𝑣𝑟 > 𝑡ℎ,𝑚𝑎𝑥
𝑡ℎ = sat(𝑡0 − 𝑘𝑣 𝑣𝑟 ) = {𝑡0 − 𝑘𝑣 𝑣𝑟 , 0 < 𝑡0 − 𝑘𝑣 𝑣𝑟 < 1
0
otherwise
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Here, th: time headway; 𝑡0 : basic time headway; 𝑘𝑣 : time headway parameter and greater
than 0; 𝑣𝑟 : the relative speed of two adjacent cars; sat(): saturation function, upper and lower
limits 𝑡ℎ,𝑚𝑎𝑥 and 0 of the time headway are set by it. Described as follows:
𝑒𝑛 (𝑡) = 𝑥𝑛−1 (𝑡) − 𝑥𝑛 (𝑡) − 𝑑0 − 𝑡ℎ 𝑣𝑛 (𝑡)

(8)

In this paper, based on the standard of space headway in flow, the model is compared and
verified from the disturbance stability of car-following behaviour. Verify the simulation
condition settings: start to set the original speed of the preceding vehicle at 30 m/s at 100 s of
simulation, take 20 s as the span, and the acceleration and deceleration are both 1 m/s2, the
vehicle ahead from the original velocity of 30 m/s to slow down to 10 m/s, from 10 m/s up to
30 m/s, the whole disturbance process is 350 s in total. Comparison results are shown in Fig. 3.

Figure 3: Comparison of car-following models of autonomous vehicles.

As can be seen from Fig. 3, contrasted to the original model, the current model using the
VTH strategy has a smaller variation in space headway, indicating that the VTH strategy makes
the vehicle more stable.
3.2 Lane-changing model under different penetration rates of autonomous vehicles
SUMO's default lane change model LC2013 obtains an effective path by calculating the
occupancy rate of all lanes, the distance that can continue to travel without changing lanes, and
the deviation value from the optimal lane, so as to perform lane change selection. The
calculation method of the minimum lane change distance is described as follows [15]:
𝑑𝑙𝑐 (𝑡) = {

𝑣(𝑡) ∙ 𝛼1 + 2𝐿
𝑣(𝑡) ∙ 𝛼2 + 2𝐿

(9)

Here, 𝑑𝑙𝑐 (𝑡): the change lanes for the shortest distance; 𝑣(𝑡): speed of the car; 𝛼1 , 𝛼2 : the
scale factor; 𝐿: length of the car.
This model divides lane-changing behaviours into four types according to lane-changing
purposes: strategic, cooperative, tactical and regulatory. Strategic change is an act performed
under the condition that the present lane of the vehicle is not connected to the destination,
cooperative change is an act performed to facilitate the normal driving of adjacent vehicles,
tactical change is an act performed when one wants to pursue a high speed but is blocked by
the slow speed of the ahead, regulatory change is an act performed to comply with traffic
regulations. The parameter settings of different change behaviours have different effects on
vehicles' lane-changing behaviour. Therefore, this paper introduces an abstract effect parameter
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𝐸𝑇𝜃 (𝑔) (Effect Type (Gread)) based on parameters determined by lane-changing type to

represent the influence of vehicles with different autonomous levels on lane-changing
behaviours, where g refers to L0, L2 and L4. Described as follows:
𝑣(𝑡) ∙ 𝛼1 + 2𝐿
𝐸𝑇𝜃 (𝑔)𝑑𝑙𝑐 (𝑡) = {
𝑣(𝑡) ∙ 𝛼2 + 2𝐿

(10)

𝐸𝑇𝜃 (𝑔) = 𝐸𝑇lcStrategic (𝑔) + 𝐸𝑇lcSpeedGain (𝑔) + 𝐸𝑇lcAssertive (𝑔) + 𝐸𝑇lcCooPerative (𝑔)

(11)

In summary, the relevant parameters that affect autonomous levels are shown in Table II.
Table II: Related influencing parameters of driving behaviour model.
Model

IDM/
ACC

L0

Value
L2

L4

2.5

2

1.2

Acceleration (m/s2)

2.6

3.5

3.7

decel

Deceleration (m/s2)

4.5

4.5

4.5

Sigma

Driving proficiency

0.5

0.25

0

tau

Desired minimum time headway (Reaction time, s)

1

0.9

0.6

lcStrategic

Strategic lane change willingness, the larger the value, the
earlier the change

1

1.2

3

lcSpeedGain

Tactical lane change willingness, the larger the value, the
more frequent changes

1

1.2

5

1

1.2

3.4

0.5

0.5

1

Parameters

Meaning

minGap

Minimum distance between cars (m)

accel

LC2013
lcAssertive
lcCooPerative

Willingness to accept smaller vehicle clearances in the
target lane
The willingness to change lanes for cooperation, the
larger the value, the stronger the willingness to cooperate

For car-following behaviour, as the automatic level increases, the driver's imperfect
parameters, minimum space headway and time headway will be significantly reduced. Starting
from the L4, since the driving subject of vehicles are transformed from human to system, this
paper sets L4 as defect-free, the intermediate value between it and L0 is taken as the L2. For
lane-changing behaviour, Highly autonomous vehicles will show an increase in strategic
forward-looking, tend to change lanes frequently in pursuit of high speed, the minimum safe
distance required for lane-changing is smaller, the satisfaction value of staying in the right lane
is low. Therefore, based on the performance of drivers and vehicles, and related studies, such
as Kudarauskas [25], Erdmann [26], Lackey [27], Lu et al. [6] and Guériau and Dusparic [14],
relevant parameter values are determined so that the established model can more accurately
reflect the level of automatic driving.

4. SIMULATION AND RESULTS
4.1 Simulation platform construction
Based on SUMO, this paper builds a co-simulation platform with the help of the Python
programming language to analyse the change rule of the road capacity of ordinary-multi-level
autonomous mixed traffic flow. The interface principle is shown in Fig. 4. The platform
construction method is simple and easy to implement, which is of great significance to the
research related to traffic simulation.
There are three road modelling methods: one is to integrate the node file (node.xml), edge
file (edge.xml), and additional file (add.xml) through netconvert command, the second is to
import from the outside, such as OSM, Vissim, etc, the third is to draw directly through the
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netedit visual interface. Based on the netedit visualization interface, a 10 km one-way two-lane
section is drawn in this paper, as shown in Fig. 5. Section 1 and Section 2 are both 1 km long,
and Section 3 is 8 km long, which are used to represent common situations on expressways.
Information collection is performed by adding E1 and E2 fixed detectors, and relevant speed
limit information signs are set to control vehicle speed. Variable speed limit control is an
effective management strategy to improve road safety [28], this paper adopts the previous
method to make drivers choose driving speed within the specified range, for example, the design
speeds of the lanes (running direction from left to right) are: 80 km/h and 60 km/h.

Figure 4: Principle of interface between SUMO and Python.

Figure 5: Road network model.

The construction of traffic simulation scenarios starts from two aspects: penetration rates
and autonomous levels, as shown in Table III.
Table III: Simulation scene.
Autonomous
penetration (P)
0%
20 %
40 %
60 %
80 %
100 %

Vehicle composition
The composition of autonomous
L0 (Ordinary vehicle)
L2
L4
100 %
0%
0%
80 %
10 %
10 %
60 %
20 %
20 %
40 %
30 %
30 %
20 %
40 %
40 %
0%
50 %
50 %

4.2 Analysis of simulation results
(1) Fundamental diagram analysis
The fundamental diagram is an accepted theory for macroscopically describing the
dynamics of road traffic [29]. The density-flow, density-speed and maximum capacity
improvement diagram under different autonomous permeability scenarios in the mixed flow of
ordinary-multi-level autonomous are said in Figs. 6 and 7 separately. Where, the P value
represents permeabilities of all autonomous.
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a) Density-flow diagram

b) Density-speed diagram

Figure 6: Basic diagram under different penetration scenarios.

Figure 7: Maximum capacity under different penetration scenarios.

As demonstrated in Figs. 6 and 7, the density-flow and density-speed diagrams of
autonomous in different proportions have almost the same variation tendency. Along with
density increase, the average speed gradually decreases, and the flow first rises to the critical
value and then gradually declines.
Under the same density, as the permeability of autonomous increases, the road capacity
shows a tendency to climb up and then decline. When P value is in a small range (0 %~60 %),
the road capacity is reduced, but when P value is greater than 60 %, the road capacity is
significantly improved, especially when P value is 100 %, That is, when all the vehicles on the
road are autonomous, the capacity improvement reaches 32.52 %, which is the maximum value.
However, for the average speed, under the same density, as long as there are autonomous, the
overall average speed of the road will be improved, among them, when the density is less than
27 vehicles/km, it keeps the maximum value under the scenario of 100 % autonomous, but when
the density is greater than 27 vehicles/km, the critical penetration rate is 80 %. It is not difficult
to see that the automatic driving technology can effectively improve the traffic capacity and
efficiency, but the improvement strongly associated with autonomous driving permeability.
(2) average travel time
Table IV and Fig. 8 show the change trends of the average travel time and reduction value
of vehicles beneath different permeability of autonomous.
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Table IV: Average vehicle travel time under different penetration scenarios of autonomous vehicles.
Autonomous driving penetration (P)
0%
20 %
40 %
60 %
80 %
100 %

Average travel time (s)
197.2
200.8
193.1
174.0
160.8
151.1

Figure 8: Increased value of average travel time under different penetration scenarios.

As shown in Table IV and Fig. 8, along with the rising of the proportion of autonomous,
the average travel time of vehicles in the mixed flow increases firstly and then decreases, the
critical penetration rate is 20 %. When the proportion of autonomous is 100 %, the average
travel time is the least, reduced by 46.1 s, or 23.38 %, compared with the all ordinary vehicle
scenario. It indicates that infiltration of multi-level autonomous can reduce the average travel
time and improve the overall operation efficiency of road, but the improvement also strongly
associated with autonomous driving proportion.

5. CONCLUSION
Based on SUMO and Python co-simulation platform, this paper constructs the driving
behaviour rules of L0, L2 and L4 vehicles from a microscopic perspective, and analyses the
capacity of mixed traffic flow by quantifying penetration rates of autonomous vehicles. The
research results prove that automation technology can effectively improve road traffic
conditions. However, in this paper, there is a deviation between the construction of the ordinarymulti-level autonomous traffic flow simulation model and the real, it is assumed that the driving
simulation environment is not affected by various factors in real life. In the future, the model
parameters can be set more accurately built on the experimental material, and a more reasonable
and real traffic environment can be studied.
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