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+is paper attempts to disclose the features of the mixed traffic flow of manually driven vehicles (MVs) and autonomous vehicles
(AVs). Considering dynamic headway, the mixed traffic flow was modelled based on the improved single-land cellular automata
(CA) traffic flowmodel (DHD) proposed by ZhangNingxi.+e established CAmodel was adopted to obtain themaximum flow of
the mixed traffic flow and was analyzed under different proportions of AVs. On this basis, the features of the mixed traffic flow
were summarized. +e main results are as follows: the proportion of AVs has a significant impact on the mixed traffic flow; when
the proportion reached 0.6, the flow of the whole lane was twice that of the MV traffic flow. At a low density, the AV proportion
has an obvious influence on mixed traffic flow. At a high density, the mixed traffic flow changed very little, as the AV proportion
increased from 0 to 5. +e reason is that the flow of the whole lane is constrained by the fact that MVs cannot move faster.
However, when the AV proportion reached 0.8, the flow of the whole lane became three times that at the proportion of 0.6. At the
speed of 126 km/h, the flow rate was 2.5 times the speed limit of 54 km/h. +e findings lay a theoretical basis for the modelling of
multilane mixed traffic flow.

1. Introduction

In traffic engineering, the traffic flow model is an important
research tool to facilitate the understanding of complex
traffic phenomena. For more than half a century, many have
theorized the traffic flow of manually driven vehicles (MVs),
creating numerous traffic flow models and traffic flow
predictionmodels [1–5]. Among them, the traffic flowmodel
based on cellular automata (CA) stands out for its abilities to
reproduce various complex phenomena in the traffic flow
system and reflect the features of traffic flow.

In recent years, artificial intelligence (AI) and machine
learning (ML) have made rapid progress [6, 7].+anks to the
constant updates of algorithms and sensing techniques,
autonomous vehicles (AVs) are poised to make up an im-
portant part of road traffic. In addition to their excellence in
driving, AVs may bring a huge impact on the safety and
efficiency of the operation of the traffic system [8–10].
However, the proportion of AVs will be limited early after

their deployment. MVs and AVs are expected to travel
together on roads for a long period of time.

+e mixture of MVs and AVs will complicate the fea-
tures of the traffic flow, which originally only involves MVs.
+e Institute of Electrical and Electronic Engineers (IEEE)
predicted that the AV proportion will reach 75% by 2040.
With the advancement of autonomous driving technology,
the growth in the number of AVs will gradually pick up
speed, due to their ultrashort reaction delay, low require-
ment for spacing or headway, and broad spectrum of speed.
+e mixed traffic flow of MVs and AVs will exert an
enormous influence on the traditional road traffic system.

So far, only a few scholars have explored the mixed traffic
flow of MVs and AVs. In 2003, Bose and Ioannou [11]
analyzed the flow densities of MVs and AVs and discussed
the shock waves in the mixed traffic flow, using the car
following model and the semiautomatic vehicle model.
Davis [12] applied the car following model to simulate the
traffic phenomena of the mixed traffic flow in the confluence
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area of the ramp, evaluated the local stability of traffic flow in
the presence of AVs, and suggested AVs be provided with
interconnected information, such as to debottleneck the
traffic congestion on the reduced road. Kim and Liu [13]
presented the concept of cooperative autonomous driving,
which provides the drivers with the traffic situation ahead,
enabling them to make better decisions that favor the effi-
ciency and safety of traffic flow.

+rough modelling, Levin and Boyles [10] found that AVs
improve the traffic pattern in links and intersections, and the
degree of improvement depends on the proportion of such
vehicles. However, Levin’s model only takes account of the
driver’s reaction time, without considering the interaction
between MVs and AVs. Sharma et al. [14] and van Lint et al.
[15] simulated the driving behavior of drivers in the mixed
traffic flow model and identified the features of mixed traffic
flow but failed tomeasure the restriction effect ofMVs on AVs.
Ngoduy [16] noticed the significant improvement to the ca-
pacity of the traffic system and travel time, when the AV
proportion in the mixed traffic flow reached 30%.

In China, Jiang and Wu [17] were the first to propose a
single-land CA model involving AVs. However, Jiang’s
model retains the random deceleration step reflecting the
psychological changes of the driver, causing fluctuations to
the speed of AVs. Inspired by Gipps’ safety distance rule, Qiu
et al. [18] put forward a CA model for AVs based on safety
distance.+rough simulation, Qin et al. [19] learned that the
traditional traffic flow became more stable with the growing
proportion of AVs. Liu et al. [20] set up a vehicle following
model and proved that connected vehicles improve the
stability of traffic flow. Many other simulation experiments
[21–25] agree that introducing AVs to the road greatly
improves the traffic flow and free flow speed, and the degree
of improvement increases with the AV proportion.

Our research is based on the improved single-land CA
traffic flow model (DHD) proposed by Zhang et al. [26]. +e
DHD assumes that daredevil and skillful drivers will resort
to dynamic headway to adjust speed and follow the front car.
+e DHD model can simulate free flow, synchronous flow,
and wide-range motion congestion in traffic flow, indicating
that synchronous flow will also occur where there is no
traffic bottleneck. +e AVs, fully controlled by a computer,
are similar to vehicles driven by the daredevil drivers in the
DHD. In this paper, the mixed traffic flow ofMVs and AVs is
modelled based on the CA, in the light of the dynamic
headway. After that, the maximum flow of the mixed traffic
flow was analyzed under different proportions of AVs. In
this way, the authors summarized the features of the mixed
traffic flow.

2. Modelling

2.1. Motion Rules of MVs. CA traffic flow model is very
popular because of its simplicity and ease of computer
operation. One of the most important CA traffic flowmodels
is the NaSch model proposed by Nagel and Schrekenberg [1]
in 1992. Being a random single-lane CA traffic flow model,
the NaSch model regards the lane as a pattern of one-di-
mensional (ID) discrete lattice points with a length of L and

assumes that N vehicles are randomly distributed on the
lane. At each moment, a lattice point is either empty or
occupied by a vehicle. +e state of each vehicle is charac-
terized by its speed Vn (n � 1, 2, . . . , N), which falls within
the interval 0, 1, 2, . . . , Vmax , where Vmax is the maximum
allowable speed. +e position of the n-th vehicle is repre-
sented as Xn. +e distance between the n-th vehicle and the
n + 1 previous vehicles is represented as dn � Xn+1 − Xn − 1.
From t to t + 1, the position and state of all vehicles are
updated in parallel at each time step by the following rules:

Step 1. Acceleration: Vn(t + 1) � min(Vn(t) + 1, Vmax)

Step 2. Deterministic deceleration: Vn(t + 1) �

min(Vn(t), dn(t))

Step 3. Probabilistic random deceleration: Vn(t + 1) �

max(Vn(t) − 1, 0)

Step 4. Position updates: Xn(t + 1) � Xn(t) + Vn(t + 1)

Albeit its simplicity, the NaSch model can depict actual
traffic phenomena like spontaneous congestion and stop-
and-go wave in crowded traffic. In this paper, the motion
rules of MVs are the same as those of ordinary drivers in the
DHD; that is, the traffic flow evolves in accordance with the
NaSch model.

2.2. Motion Rules of AVs. Considering the motions of the
front car, the DHD focuses on the change law of the syn-
chronization between the front and rear cars. Unlike the
NaSch model, the DHD no longer treats the headway at the
current moment as that at the next moment. Let Vn−1(t + 1)

be the expected speed of the front vehicle. +en, Step 2 of the
NaSch model can be modified as

Vn(t + 1) � min Vn(t), dn(t) + Vn−1(t + 1)( . (1)

In this way, the headway increases from dn(t) to
dn(t) + Vn−1(t + 1), setting a rule for high-speed following.
Obviously, AVs can follow the front car at a high speed just
like daredevil drivers, owing to the numerous sensors
onboard and advanced techniques of information process-
ing. +erefore, the DHD was selected as the basis for the
motion rules of AVs.

Moreover, Step 3 (probabilistic random deceleration)
was deleted, for AVs are completely controlled by com-
puters, which make no uncertain behavior as traditional
drivers do [27]. Considering dynamic headway, the motion
rules of AVs can be summed up as follows:

Step 1. Acceleration: Vn(t + 1) � min(Vn(t) + 1, Vmax)

Step 2. Deterministic deceleration: Vn(t + 1) �

min(Vn(t), dn(t) + Vn−1(t + 1) )

Step 3. Position updates: Xn(t + 1) � Xn(t) + Vn(t + 1)

+e AV proportion in the traffic flow was defined as ρ. If
ρ � 1, the traffic flow is purely AVs that evolve according to
the above three steps; if ρ � 0, the traffic flow is purely MVs
that evolve according to the rules of the NaSch model; if
0< ρ< 1, the traffic flow is a mix of MVs and AVs, and the
flow change varies with the ρ value.
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3. Numerical Simulation

+e mixed traffic flow of MVs and AVs on a 5000m-long
single-land road was simulated on MATLAB. +e entire
road was simulated under periodic boundary condition, and
the vehicle density was strictly controlled: once a vehicle
leaves the road, it will reenter the road from the starting
point. +e road was divided into 1000 cells, each of which is
5m long. +e cell length is approximately the average length
of a vehicle. Each cell could be empty or occupied by a
vehicle.

+e vehicle speed was divided into 6 discrete levels: 0, 1,
2, 3, 4, and 5 cell(s) per time step. Level 0 means that the
vehicle is at a standstill; level 5 means the vehicle travels
across 5 cells in a time step, corresponding to the speed of
90 km/h. For MVs, because human drivers have some
random behaviors during driving, they will cause braking
measures, and the probability P of random deceleration was
set to 0.1.

+e traffic flow was initialized randomly for the simu-
lation. N vehicles with different initial speeds and positions
were generated on the road. +at is, initial position, speed,
and vehicle type are completely random.+e total density of
the road can be calculated as ρ � N/L.

3.1. Simulation of MV Traffic Flow. +e flow-density dia-
gram ofMV traffic flow was plotted. Based on the speed limit
Vmax � 5, the total number of MVs in the lane was deter-
mined, and then the density of the lane was obtained. +e
entire simulation lasted 20,000 time steps. +e first 10,000
time steps were removed to eliminate the transient influence.
+en, the average speeds of all MVs in each of the next
10,000 time steps were recorded and multiplied with the
current density to produce 10,000 flow values. +e above
operations were repeated at different initial densities to
create more points on the flow-density diagram. +e flow-
density diagram of MV traffic flow is presented in Figure 1.

As shown in Figure 1, the flow of MV traffic flow peaked
at the density of 0.16, which corresponds to an actual flow of
1440 veh/h, an optimal density of 32 veh/km, and a critical
speed of 45 km/h. +e results shown in Figure 1 are con-
sistent with actual traffic flow.

3.2. Simulation ofMixedTrafficFlow. Next, the flow density
of the mixed traffic flow of MVs and AVs was simulated at
different proportions of AVs. +e simulation results are
displayed in Figures 2–5.

As shown in Figures 2–5, the maximum possible flow
increased with the AV proportion, indicating that intro-
ducing AVs can boost the flow of the whole lane. In Figure 2,
the flow-density relationship is linear as density changed
from 0 to 0.2 (i.e., actual density changed from 0 to 40 veh/
km). Hence, the vehicles in the area of density 0–0.2 belong
to the free flow state, and 40 veh/h is the critical density
under the AV proportion of 0.2.

With the growing AV proportion, the critical density
continued to increase. Once the density surpassed the critical
density, the flow of the whole lane started to decline gently,
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Figure 1: Flow-density diagram of MV traffic flow.
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Figure 2: Flow-density diagram of mixed traffic flow at an AV
proportion of 0.2.
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Figure 3: Flow-density diagram of mixed traffic flow at an AV
proportion of 0.4.
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and the points on the flow-density diagram became scat-
tered. In addition, when the penetration reaches 0.6, the flow
of the whole lane was twice that of the MV traffic flow.

3.3. Influence of AV Proportion on Mixed Traffic Flow.
Figures 6–10 present the variation of the mixed traffic flow
with AV proportions, as the density increased from 0.1 to 0.9
with a step length of 0.2.

As shown in Figures 6–10, the mixed traffic flow was
linearly correlated with AV proportion at the density of 0.3;
the mixed traffic flow peaked at 2700 veh/h at the AV
proportion of 0.6; after AV proportion surpassed 0.6, the
mixed traffic flow no longer changed, that is, not correlated
with AV proportion. In addition, at the density� 0.9, the
mixed traffic flow increased by 2 times, as the AV proportion
grew from 0.6 to 0.8.

In our CA model, the AVs receive the expected speed of
the front car and gain a wider driving space following the

1

0.9

0.8

0.7

0.6

0.5

0.4

0.3

0.2

0.1

0
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Density (veh/km)

Fl
ow

 (v
eh

/h
)

Figure 4: Flow-density diagram of mixed traffic flow at an AV
proportion of 0.6.
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Figure 5: Flow-density diagram of mixed traffic flow at an AV
proportion of 0.8.
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Figure 7: Flow-AV proportion diagram at density� 0.3.
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Figure 8: Flow-AV proportion diagram at density� 0.5.
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Figure 6: Flow-AV proportion diagram at density� 0.1.
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strategy of dynamic headway. +erefore, the AVs can
maintain the state of high-speed following. If the front car is
an MV, the human driver will experience probabilistic
random deceleration. +is experience, coupled with the
personality of the driver, makes it impossible for the front
car to maintain high-speed following. +en, the MV indi-
rectly limits the speed of the AVs behind. +e limiting effect
is obvious in dense mixed traffic flows with a low AV
proportion. As shown in Figures 6–10, when it was smaller
than 0.5, the AV proportion has little impact onmixed traffic
flow, for the high-speed following of AVs was limited by the
huge number of MVs.

If the front car and the rear car are both AVs, the two
vehicles will drive on the road like carriages of a train, with a very
small space between them, forming a self-organizing fleet in the
mixed traffic flow.With the growth in the AV proportion, more
and more AVs join the self-organizing fleet, which moves like
the uniform flow in fluid mechanics. +is explains why the
critical density increased with the AV proportion.

Focusing on the AV proportions of 0–0.2, the flow of the
whole lane was the largest at density ρ� 0.3 and relatively
small at ρ� 0.1 or 0.5. +e results are consistent with the
three-phase traffic flow theory, indicating that density� 0.5
is closer to the critical density. When the AV proportion fell
in 0.6–0.8, the peak flow of the whole lane increased with the
density.
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Figure 10: Flow-AV proportion diagram at density� 0.9.
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Figure 9: Flow-AV proportion diagram at density� 0.7.
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Figure 11: Flow-AV proportion relationship under the three speed
limits at density� 0.3.
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3.4. Influence of Speed Limits on Mixed Traffic Flow. To
characterize the mixed traffic flow, different speed limits were
introduced to the simulation: 3 cells/time step (54 km/h), 5
cells/time step (90 km/h), and 7 cells/time step (126 km/h).+e
flow-AV proportion relationships under the three speed limits
at different densities are displayed in Figures 11–13,
respectively.

As shown in Figures 11–13, regardless of the density, the
mixed traffic flow increased with the speed limit. +e peak
flow under the speed limit of 7 cells/time step was 2.5 times
that under 3 cells/time step. When the AV proportion was
low, whichever the speed limit, most points in the diagram
overlapped each other. +is is because MVs are uncertain in
driving, failing to maintain high-speed following. +eir
uncertainties affect the speed of AVs, dragging down the
speed of the mixed traffic flow. However, when the AV
proportion was high, the speed limit had a serious impact on
the simulation results. In this case, the promoting effect of
AVs cannot be ignored, while the limiting effect of MVs
dwindles.

4. Conclusions

Based on the DHD, this paper designs an improved CA
model, in which MVs update their positions by the rules of
the NaSch model, while AVs update their positions by the
dynamic headway rules. +e designed model was applied to
MATLAB simulation. +e results show that the AV pro-
portion has a significant impact on the mixed traffic flow;
when the proportion reached 0.6, the flow of the whole lane
was twice that of the MV traffic flow. At a low density, the
AV proportion has an obvious influence on mixed traffic
flow. At a high density, the mixed traffic flow changed very
little, as the AV proportion increased from 0 to 5. However,

when the AV proportion reached 0.8, the flow of the whole
lane became three times that at the proportion of 0.6. In
addition, speed limit also has a major impact on the mixed
traffic flow. Regardless of the density, the peak flow under
the speed limit of 7 cells/time step (126 km/h) was 2.5 times
that under 3 cells/time step (54 km/h).

+e proposed model is a single-lane model, in which the
motion rules of MVs and AVs are both grounded on the CA.
Our model can be extended into a multilane traffic flow
model. +e application prospect of our model is very broad.
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