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Abstract. With the rapid development of Connected Vehicles (CVs), it is inevitable that Human-driven
Vehicles (HVs) and CVs run on the same road in the near future. Besides the traffic efficiency, the sustainable
development in society has become more and more concerned with Particulate Matter (PM) emissions very
recently. In this work, mixed traffic flows with both CVs and HVs on a two-lane expressway are proposed;
the effects of CV penetration rate on the traffic flow, and the PM emission are the focus. The results of the
numerical simulation show that the traffic flow is effectively improved as the proportion of CVs increases.
However, there are two stages of PM emissions. When the density is lower, the greater the proportion of
CVs, the lower the PM emissions. When the density is higher, the situation reverses. Furthermore, traffic flows
in two lanes are not the same, and the symmetry is terribly broken when the penetration of CVs is high. In
terms of the forward observable interval of CVs, it can limit PM emissions and increase traffic flow. Thus, a
high traffic efficiency and a low PM emission require a high CV penetration but an appropriate observable
interval.

Keywords: Connected vehicles, Human-driven vehicles, Mixed traffic flows, Particulate Matter (PM)
emissions.

1 Introduction

With the development of the urban economy, the number
of vehicles has increased rapidly. Traffic congestion has
become more and more serious and has also contributed
to the emission of Particle Matter (PM) [1–5]. These
sustainability problems pose a threat to the environment
[6]. Road traffic is the main contributor to PM emissions
in urban cities [7]. Therefore, there is a growing need to
develop sustainable and environmentally friendly urban
road transport systems. In urban transport systems,
expressways are an important component of vehicle travel.
However, traffic congestion occurs frequently on highways,
causing wasted travel time, traffic accidents, and high PM
emissions [8, 9]. Frequent traffic congestion on urban
expressways poses significant challenges to traffic manage-
ment and environmental protection.

However, benefiting from advances in vehicle network-
ing communication technology, as a product combining
the automobile industry and emerging technologies, Con-
nected Vehicles (CVs) have developed rapidly worldwide
[10, 11]. On the one hand, CVs are expected to improve

the operational quality of traffic flow from the micro-vehicle
level and alleviate the current traffic congestion problem
through Vehicle-to-Vehicle (V2V) and Vehicle-to-
Infrastructure (V2I) technologies [12–18]. On the other
hand, the application of CVs can reduce transportation
emissions [19]. Compared to Human-driven Vehicles
(HVs), CVs can perceive the environment with more
accuracy and perform coordinated control [20, 21]. As the
market penetration rate of CVs is gradually increasing,
the transition towards a fully autonomous road system
would require a considerable amount of time. Within this
transition period, we can see that HVs and CVs run on
the same road [22]. Therefore, it is of great significance to
study the mixed traffic flow composed of CVs and HVs.
This is a prerequisite before formed pure CV on the road
[23, 24]. As the two types of vehicles have different beha-
vioural characteristics, when they interact with each other,
the mixed traffic flows formed may present characteristics
not seen in pure HV traffic flows [25, 26].

To mitigate the impact of CVs on the road as soon as
possible, scholars have conducted many simulation analyses
on the running characteristics of CVs under Vehicle-to-
Vehicle (V2V) environment, including road capacity and
pollutant emissions. A large number of existing studies have
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proposed different physics-based models to replicate the
car-following and lane-changing behaviors of HVs and
CVs in the mixed traffic flow [27–30]. Among many of
the physics-based models, the Cellular Automata (CA)
model is a very flexible and efficient in calculation. It can
factually simulate complex traffic phenomena by simple
rules and consider many complex factors [31–33]. Specifi-
cally, Chen et al. proposed a CA model to analyze the influ-
ence of the degree of foresight and the ratio of CVs on traffic
capacity [34]. Hu et al. constructed a CA model in which
CV forward movement rules were derived based on the
dynamic headway, considering the vehicles’ driving perfor-
mance [35]. Liu et al. introduced a probability parameter in
the deceleration rule and analyzed collision risks in mixed
traffic flows [36]. Jiang et al. focused on the safety distance
for mixed traffic flow that contains HVs, CVs, and CV
platoons and proposed a CA model that different kinds of
cars have a different calculation method for safety distance
[37]. Yang et al. proposed a two-lane CA model that
captured the differences between HVs and CVs [38]. Hua
et al. proposed a multi-lane CA model to analyze the influ-
ence of lane policies on mixed traffic flows with various
traffic volumes and CV penetration rates [39]. Liu et al. pro-
posed a CA model that considered the lane changing of
vehicles. This model was applied to evaluate the impact
of different lane-changing behavior on traffic flow in a
three-lane expressway [40].

In addition, Many researchers have conducted research
on transportation emissions of transportation systems
[41–43] Stogios et al. explored the effects of Automated
Vehicles (AVs) and Electric Vehicles (EVs) on transporta-
tion emissions based on microscopic traffic simulation and
emissions models [44]. The result showed that different
Automated Vehicle (AV) strategies have different effects
on emissions. Moreover, the result means that a good AV
strategy can reduce emissions; on the contrary, it may
increase emissions. A dynamic distributed routing algo-
rithm was proposed by Tu et al. to reduce greenhouse gases
for Connected and Automated Vehicles (CAVs) [45]. The
results indicated that with the increase of CAVs, the
NOx emission decreases significantly. Xiao et al. investi-
gated the emissions of a hybrid traffic flow consisting of
electric vehicles and conventional fuel vehicles, and compar-
atively analyzed the effect of the mixed ratio on the overall
emissions [46]. In light of these considerations, Coppola
et al. (2022) proposed an eco-driving control architecture
for platoons of heterogeneous, nonlinear connected autono-
mous electric vehicles under uncertain conditions. Their
research demonstrates that by employing a combination
of Model Predictive Control (MPC) and Deep Reinforce-
ment Learning (DRL), it is possible to manage the unique
characteristics of heterogeneous vehicles, improving energy
efficiency and reducing emissions through Vehicle-to-Every-
thing (V2X) communication [47]. Furthermore, Li et al.
(2023) evaluated the benefits of CVs in mixed traffic
flows, finding that increasing the proportion of CVs can
significantly reduce fuel consumption and emissions,
particularly during congested traffic conditions. Their
findings highlight the importance of understanding and
optimizing mixed traffic scenarios to maximize environmen-
tal benefits [48].

The above research shows that CA models can effec-
tively simulate mixed traffic flows and be applied to study
the PM emissions on the road. However, the existing
research only considers the surrounding vehicle information,
and does not consider the vehicle information over long dis-
tances. This makes the operating mechanism analysis of
mixed traffic flows appear inaccurate. This article discusses
traffic flow and PM emissions based on the mixed situation
of CVs and HVs. The main contributions of this paper are
summarized as follows.

� Time Headway (TH) and Time to Collision (TC) of
CVs are introduced in the car-following model of
CVs. In the lane-changing behaviour of CVs, CVs
consider lane-changing incentive criteria for the for-
ward observable interval based on the Symmetric
Two-lane Cellular Automata (STCA);

� The influence of penetration rate of CVs on traffic
flow is discussed from the aspects of the fundamental
diagram and PM emission;

� Analyzing the driving efficiency of different lanes with
the same proportion of CVs and same forward observ-
able interval;

� In the case of the same proportion of CVs, the impact
of traffic conditions and PM emissions on the lane
under different forward observable intervals.

The result of this paper is structured as follows. Section 2
introduces different models that are used in CVs and
HVs. In Section 3, the simulation results of mixed traffic
flows are analyzed. Finally, the conclusion is given in
Section 4, and future work directions are put forward.

2 Model

In this work, we study a two-lane traffic flow CA model
with two types of vehicles and their PM emission, based
on a Symmetric Two-lane Cellular Automata (STCA)
model [31, 32], and the schematic diagram is shown in
Figure 1. There are two parallel lanes in the model, and
each lane is composed of L cells. Each cell has two states
at any time. One is occupied because there is a vehicle,
the other is vacant because there is no vehicle here. There
are two types of vehicles, one is a Human-driven Vehicle
(HV), and the other is Connected Vehicle (CV). Both types
of vehicles obey two behaviors in sequence, the lane-
changing behaviors and the car-following behaviors. But
HVs and CVs follow different rules, and the following
subsections show them in detail.

2.1 Human-driven vehicle model

The car-following rule of HVs is based on the NaSch model
[33] when the inner or external cause for random braking is
considered. HVs run in a single parallel lane according to
the following four rules,

� Acceleration:

vn t þ 1
3

� �
¼ min vn tð Þ þ 1; vmaxð Þ: ð1Þ

The Author(s): Science and Technology for Energy Transition 81, 2 (2026)2



� Deceleration:

vn t þ 2
3

� �
¼ min vn t þ 1

3

� �
; dn

� �
: ð2Þ

� Randomization with probability p:

vn t þ 1ð Þ ¼ max vn t þ 2
3

� �
� 1; 0

� �
: ð3Þ

� Movement of vehicles:

xn t þ 1ð Þ ¼ xn tð Þ þ vn t þ 1ð Þ; ð4Þ
where vn (t) and xn (t) denote the speed and position of the
vehicle n at time step t respectively. dn = xn�1 � xn � ln�1 is
the free space in front of the vehicle n and ln�1 is the
length of the vehicle n � 1. p denotes the randomization
probability and vmax is the maximum allowed speed.

The lane-changing rule of HVs follows the STCA model
proposed by Rickert et al. [31],

� Incentive criteria:

minðvn þ 1; vmaxÞ > dn

dn < dn;other

�
: ð5Þ

� The safety criteria:

dn;back > dsafe: ð6Þ
where dn,other is the free space in front of the vehicle n on
the other lane. Where dn,back is the free space behind the
vehicle n on the other lane. dsafe is the safe space, and
set the value of dsafe to vmax. As shown in Figure 1, the
HV n will change its lane to the other one and wants to
reach a higher speed when the lane-changing rule is met.

2.2 Connected vehicle model

CVs can get more information through the Internet, such
as the velocities of vehicles ahead. Drivers can drive their
vehicles more aggressively according to the threat assess-
ment [49] after being informedabout their local environ-
ments. The threat assessment is measured by the
Time Headway (TH) [50–52]. TH is the time for the follow-
ing vehicle to reach the momentary position of its front
vehicle,

TH ¼ dnðtÞ=vnðtÞ: ð7Þ
TH has not used the velocity information of the vehicle
ahead. It just measures the remaining time as the safest
strategy for drivers to stop their vehicles at the current
speed. For the highest traffic efficiency of the following
vehicles under a safe condition without breaking, the follow-
ing CVs should be better at catching the speed of their front
vehicles. As it is assumed in the NaSch model where vehicle
can always slow down their speed to a safe one, CVs behave
more aggressively in a safe manner to catch up to their front
vehicles’ speed. Thus, the Time to Collision (TC) is intro-
duced to measure the time needed for the focus vehicle to
speed up to the front vehicle’s current speed with the
maximum acceleration amax. It can be written as

TC ¼ vn�1ðtÞ � vnðtÞ
amax

: ð8Þ

TC < 0 means the front vehicle with a slower speed than
the focus one, and the focus vehicle should not be too
aggressive. While TC > 0 means the front vehicle with a
higher speed and the focus one can still boost its speed.
When TC < TH, it means that the vehicle can catch up
to the speed of the front vehicle at the maximum accelera-
tion within a time not exceeding TH. In this case, the vehi-
cle can safely boost its speed. Here, we set the maximum
acceleration amax = 2, which permits the vehicle to speed
up to a higher speed. When TC > TH, it means that even
if the vehicle catches up to the speed of the preceding vehi-
cle at maximum acceleration, it may cause a collision.
Therefore, the vehicle should adjust acceleration more care-
fully (reduce or maintain the same, here choose to maintain
the same) to ensure safety. Therefore, the following rule is
modified as,

� Acceleration:

vn t þ 1
2

� �
¼ minðvnðtÞ þ 2; vmaxÞ; 0 < TC < TH

vn t þ 1
2

� �
¼ minðvnðtÞ þ 1; vmaxÞ; others

8>>><
>>>:

ð9Þ
� Deceleration:

vn t þ 1ð Þ ¼ min vn t þ 1
2

� �
; dn

� �
: ð10Þ

� Movement of vehicles:

xn t þ 1ð Þ ¼ xn tð Þ þ vn t þ 1ð Þ: ð11Þ
HVs tend to change their lanes once their front distances
cannot allow them to accelerate. What they only know is
that the front distance on the other lane is longer in current
time. This means that HVs are short-sighted. However,
CVs are not. They can not only obtain the current speed
of their front vehicles, but also all the speeds and positions
of vehicles in front of their Ls distance both on their lanes
and on the other lanes. They will use more information to
decide whether to change their lanes. Considering that
the average speed describes the traffic efficiency, CVs
mainly compare the average speed in front Ls distance of
two lanes. In many cases, numbers of vehicles in Ls dis-
tances on these two lanes are not exactly the same.mother(t)
is the number of vehicles on the other lane in the interval Ls

Figure 1. Car-following scenarios in mixed traffic flow.
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and n(self)(t) is the number of vehicles on the current lane
in the interval Ls. Then, the average speeds on these two
lanes are

vother tð Þ ¼

Pm otherð Þ

j¼1
v otherð Þ;j tð Þ

m otherð Þ tð Þ : ð12Þ

vself tð Þ ¼

Pn selfð Þ

j¼1
v selfð Þ;j tð Þ

n selfð Þ tð Þ : ð13Þ

If vother (t) > vself (t), the focus vehicle prefers moving onto
the other lane. Otherwise, they prefer the current lane. In
this article, the CV lane changing rule modified from STCA
is

� Incentive criteria:

minðvn þ 1; vmaxÞ > dn;

vselfðtÞ < votherðtÞ
�

: ð14Þ

� The safety criteria:

dn;back > dsafe: ð15Þ

2.3 Emission model

In this work, traffic PM emissions on expressways are also
considered [53], where the emission model proposed by
Panis et al. is involved with the velocity and the accelera-
tion, and it is derived from the nonlinear multivariate
regression of real urban driving conditions [54]. The calcula-
tion formula is as follows,

EnðtÞ ¼ max½E0; f1 þ f2vnðtÞ þ f3v2nðtÞ þ f4anðtÞ

þf5a2
nðtÞ þ f6vnðtÞanðtÞ�; ð16Þ

where En(t) is the pollutant emission for the vehicle n in
unit time. E0 is a lower limit of emission (g/s) specified
for each vehicle and pollutant type, and f1 to f6 are emis-
sion parameters specific for each vehicle and pollutant
type, determined by the regression analysis. All of the
specified parameters value is given in Table 1.

3 Results and analyses

In the CA model, the road segment is subdivided into cells
and time into time steps. At each time step, each cell has
only two states, which are either occupied by a vehicle or
are empty. Each cell corresponds to 7.5 m and the maxi-
mum velocity is vmax = 5 cells per simulation steps, which
corresponds to 135 km/h in the real world. The simulation
is carried out on two-lane road segments, in which each lane
is composed of 1000 cells, under periodic boundary condi-
tions, which reduces the boundary effect and mimics an infi-
nitely large system. The number of vehicles on each lane is
denoted as N, all HVs have the same randomization proba-
bility p = 0.25. The observation interval Ls for connected

vehicles is equal to 100 cells. The CV penetration rate r is
defined as the percentage of the number of connected vehi-
cle in all the vehicles. The CV penetration rate r = 0, 0.2,
0.4, 0.6, 0.8, 1. The average vehicle emissions and the aver-
age velocity are obtained in the process of simulations by
averaging over 30 independent initial realizations up to
4000 iteration steps T for each run and by discarding the
first 2000 iteration steps as a transient time t0. The average
velocity �v of traffic flow is defined as follows,

�v ¼ 1
T � t0

1
N

XT
t¼t0þ1

XN
n¼1

vn tð Þ: ð17Þ

The fundamental diagram of mixed traffic flows is obtained
for different mixing ratio r by numerical simulations. The
global density is

q ¼ N
L
: ð18Þ

The mixed flow is defined as follows.

J ¼ q�v: ð19Þ
In order to determine overall vehicle PM emissions, the
average vehicle PM emission is defined as follows.

�E ¼ 1
T � t0

1
N

XT
t¼t0þ1

XN
n¼1

EnðtÞ: ð20Þ

where En(t) represents the pollutant emission of the
vehicle n at time t.

3.1 Simulation results of the mixed traffic flow

Figure 2 depicts the volume–density and velocity–density
diagrams of mixed traffic flow. In Figure 2a, at the begin-
ning, the impact of r on the traffic flow J is very small. This
means there are few vehicles on the road and the interaction
between vehicles is small; they can move at their preferred
speeds without being influenced by other vehicles. The traf-
fic flow increases along with the density, until it reaches the
critical density point. After that, the traffic flow decreases
when vehicles are not free to drive. Furthermore, a higher
CV penetration rate r supports a higher traffic efficiency.
That is, the higher the proportion of CVs, the more efficient
the traffic flow. Figure 2b shows the result that the average
velocity of vehicles at different traffic densities for the differ-
ent penetration rates. At low density, there are only a few
vehicles on the road, and vehicles are free to drive. While
the density increases, vehicles should consider the state of
their front vehicles and the penetration rate r affects the
average speed. A higher penetration rate r allows a little
bit higher average speed. Specifically, when r is set to 1,
the road is fully occupied by CVs without random braking;
vehicles can travel at maximum speed.

Figure 3a shows the average emission of PM for mixed
flows. In the case of low density, vehicles are free to drive.
Because CVs are without randomization, the acceleration
and deceleration behavior is less. As PM emissions equation
(16) are mainly generated by the vehicle speed, the greater
the penetration of CVs, the less PM emissions from the
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road. With the increase in density, the situation is gradually
reversed, a higher penetration rate of CVs, the more PM
emissions. This is because the more CVs there are, the more
acceleration and deceleration behaviors there are, which
alleviates the decrease in average velocity, but also causes
an increase in PM emission. When the road is full of CVs,
the PM emissions are close to twice as high the PM emis-
sions without full CVs.

In order to further study the PM characteristics of
mixed traffic flows, the motion state of vehicles is divided
into acceleration behavior (vn(t + 1) > vn(t)), deceleration
behavior (vn(t + 1) < vn(t)) and uniform behavior
(vn(t + 1) = vn(t)). Figure 3b shows the percentage of speed
variation against the global density q. In a low-density envi-
ronment, the higher penetration of CVs, the smaller the
proportion of speed variation, indicating that most of the
vehicles on the road are driving at a constant high speed,
which can be seen in Figure 2b. When the roads are full

of CVs, the speed variation proportion is 0, indicating that
all vehicles on the road are driving at a constant speed at
maximum speed. As the density increases, more CVs lead
to a higher proportion of acceleration. As similar average
speeds for different penetrations, there will also be a much
higher proportion of speed variation. A high density needs
that vehicles pay more attention to front vehicles. There-
fore, vehicles with higher r will have a higher average speed.
A higher average speed and more frequent speed variation
will lead to a much higher average emissions as shown in
Figure 3a.

3.2 Symmetry breaking in two lanes

In ordinary works for traffic flows on two lanes [31, 37], traf-
fic flows on two lanes show little difference. However, the
symmetry is broken for the mixed traffic flow. Figures 4a
and 4b show the maximum difference between lane density

Table 1. PM emission [53].

Pollutant Vehicle type E0 f1 f2 f3 f4 f5 f6
PM Diesel car 0 0 0.000313 �0.0000184 0 0.00075 0.000378

Figure 2. The fundamental diagram of the mixed traffic flow. (a) the diagram of volume–density, and (b) the diagram of velocity–
density.

Figure 3. (a) PM emissions-Density diagram of mixed traffic flow. (b) Speed variation rate diagram of mixed traffic flow.
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and the maximum difference between lane average velocity
with different CV penetrations, respectively. To be remem-
bered, the penetration rate r = 0 means all vehicles are HVs
and r = 1 is for all CVs. In these cases, the symmetry
remains and the difference in lane density is caused by
the fluctuation of the finite size. However, when
0 < r < 1 the traffic flow is with both HVs and CVs, the
symmetry breaks, and it is obviously shown in Figure 4a
with r = 0.6 and r = 0.8. A lower density q provide much
larger spaces among vehicles and a much higher q will leads
to much more traffic jams and even traffic blocks, which
makes mechanisms of CVs and HVs have little effect. In
the interval of the density q 2 [0.2, 0.6] the lane density dif-
ference is visible in Figure 4a. This means the number of

vehicles on one lane is much larger than that on the other
lane. The maximum difference between lane average speeds
on two lanes in Figure 4b is similar with that of the lane
density difference. The maximum speed difference means
that traffic flows on different lanes are quite different, which
suggests the traffic flow on one lane is much more efficient
than that on the other one.

The average velocity, the Speed variation rate, and the
PM emission of each lane are shown in Figure 5 with the
penetration rate of CVs r = 0.8. When the density is very
low or high, the speeds, Speed variation rate, and PM
emissions on two lanes are relatively close. At a density in
[0.2, 0.5], the situation is not the same for the two lanes.
Measures on one lane are larger than those on the other

Figure 4. (a) Maximum lane density difference with different CV penetrations. (b) Maximum lane average speed difference with
different CV penetration.

Figure 5. The CV penetration rate of r = 0.8 on two lane. (a) Velocity-Density diagram, (b) Speed variation rate diagram, and (c)
PM-emissions diagram.
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lane. It shows that symmetries on different measures are
terribly broken, where the fluctuation does not diminish.
It is quite intuitive that the asymmetry in this interval will
be shown in each evolution of numerical simulations.

Figure 6 shows space-time diagrams of one evolution for
mixed traffic flow on two lanes. The subplots in the same
row are space-time diagrams on lane 1 and lane 2 respec-
tively. The first row (a1) and (a2) is for the global density
q = 0.16 with the CVs penetration r = 0.8 and the second
row (b1) and (b2) is for q = 0.16 and r = 1. The last rows

are for q = 0.3 fixed, r = 0.8 within (c1) and (c2) and r = 1
within (d1) and (d2) respectively. At a certain time step a
red dot in each subplot shows a CV is at the position and a
blue dot is for an HV. It shows clearly in Figures 6a1 and
6a2 that more HVs on the lane 1 than on the lane 2 with
mixed vehicles. The traffic congestion is caused by HVs
due to the randomization. However, the congestion spots
are eased and even disappear due to CVs. The average
velocity �v ¼ 4:33 cells=s on lane 1 is obversely smaller than
�v ¼ 4:49 cells=s on lane 2, which indicates that more HVs

Figure 6. Space-time diagrams of mixed traffic flow after the transient time. (a) with q = 0.16, r = 0.8, (b) with q = 0.16, r = 1, (c)
with q = 0.3, r = 0.8, and (d) q = 0.3, r = 1.
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on a lane will lead to a slower average velocity on this lane
due to the randomization of HVs. In contrast, when all
vehicles are CVs, the traffic flow on two lanes is with the
same velocity �v ¼ 5 cells=s, which is the maximum velocity
of vehicles, shown in Figures 6b1 and 6b2. The space-
time diagram for this case shows almost a homogeneous
distribution of dots on subplots. When the density is higher,
e.g. q = 0.3, there are too many vehicles to support vehicles
to run at their highest velocity. For the mixed traffic case
with r = 0.8 in Figures 6c1 and 6c2, it is more obvious that
more HVs are on the lane 1 with a slower average velocity
�v ¼ 1:75 cells=s and fewer HVs but most CVs are on lane 2
with a much higher average velocity �v ¼ 2:55 cells=s, which
is quite close to the average velocity of the case where
vehicles are all CVs in Figures 6d1 and 6d2.

The asymmetry is not just about the average velocity
but also the lane density. Remembering the average velocity
of the whole vehicles r = 1 are quite close to the case r = 0.8
shown in Figure 2b and that the penetration r = 0.8 means
that HVs are only a small proportion of vehicles and CVs are
the most proportion, it is obviously that the lane density on
lane 2 is much larger than the lane density on lane 1. Thus,
the lane density symmetry is also hardly broken.While r= 1
without the disturbance of HVs, once the congestion is
formed, it is maintained by the traffic of CVs.

3.3 Different forward observable interval

Effects of the forward observable interval Ls on the PM
emission �E and the traffic flow J are with the penetration
rate r = 0.6 shown in Figure 7. It shows that a Larger value
of the observable interval helps the traffic flow pollutes less
emissions, characterized by the maximum �E. The larger the
observable distance in front of the vehicle, the greater the
flow rate and the smaller the pollutant emissions. Too short
a forward observable length does not benefit from less
pollution. The insect shows that the critical density for �E
reaching a maximum is increasing along with the increase
of Ls. Correspondingly, Figure 7b shows Ls shows less effect
on the traffic flow J but much higher than r = 0 in
Figure 2a. Thus, a proper forward observable interval can
help vehicles pollute less without affecting the traffic
efficiency.

4 Conclusion

In this work, a mixed traffic flow with connected vehicles
(CVs) and human-driven vehicles (HVs) is investigated by
the numerical simulation of the cellular automata. The traf-
fic efficiency and the PM emission are the focus of this work.
CVs and HVs obey different lane-changing and car-follow-
ing mechanisms. Besides, CVs can boost their speed faster
than HVs due to the car-following mechanisms; CVs are
without randomization. Thus, a higher penetration of CVs
supports a higher traffic efficiency but more PM emissions.
Furthermore, when CVs and HVs coexist on the road,
CVs prefer avoiding the lane where more HVs are. Consid-
ering that the lane-changing mechanism of CVs needs the
local lane efficiency, described by the average velocity of
vehicles in the forward observable interval, it makes CVs
play a long-sighted lane-changing rule. In contrast, HVs
only considering the front vehicle is a short-sighted lane-
changing rule. This makes the change lane behavior of
CVs more efficient. When the density is a medium value,
the traffic is get congestion. As all vehicles tend to change
to a faster lane to reach a faster speed, it results in a faster
lane with a higher lane density while the slower lane has a
lower lane density. However, it is known to all that higher
lane density will lead to a lower traffic efficiency, i.e., a
slower average velocity. Therefore, the role of the two lanes
exchanges. After many times of reorganizations, a dynamic
tradeoff of the mixed traffic in the steady state is that most
HVs are on a lane to reach a higher speed. Symmetries of
lane velocities and lane densities are broken. This is the rea-
son why a higher penetration makes the traffic reach a
higher average velocity and flow. However, a higher speed
and frequent speed up after lane changing make CVs
contribute much more to the PM permission.

Expanding upon our preliminary work, future research
can delve into a broader range of traffic scenarios, including
autonomous vehicles with varying levels of driving capabil-
ities and V2X communication technologies, as explored in
[55]. This expansion would incorporate more environmental
variables and vehicle behavior models, while also allowing
for a nuanced analysis of emissions, as explored in [56].
Additionally, the optimization of driving strategies for
autonomous vehicles, inspired by [57], could be central to

Figure 7. (a) Maximum PM emissions under different forward observableinterval and the inset is the diagram of PM–density under
different forward observable interval. (b) Maximum traffic flow under different forward observable interval and the inset is diagram of
volume–density under different forward observable interval.
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reducing emissions while maintaining traffic efficiency. The
long-term effects of differing autonomous vehicle penetra-
tion rates on traffic patterns, infrastructure adaptability,
and communication reliability will also be subjects of
further inquiry. These studies, collectively, will offer deep
insights and recommendations critical to the evolution of
intelligent transportation systems.
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