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Abstract

In this study, a traffic flow analysis was conducted using a multi-agent simulation to evaluate the
effect of reducing CO: emissions through the penetration of connected autonomous vehicles (CAVs)
equipped with vehicle-to-vehicle (V2V) communication functionality. By exchanging local
information among CAVs, alleviating traffic congestion without the need for cooperative vehicle
control, and reducing CO:z emissions by up to 20% is possible. In addition, we analysed the impact of
CAV penetration rate and communication range on CO:z emissions, demonstrating that the reduction
effect in CO:z emissions tends to appear more prominently once the penetration of CAVs reaches a
certain threshold. In particular, when the communication range is narrow, a significantly high
penetration rate is required before the benefits of CO: reduction become evident. Furthermore, a
wider communication range is not necessarily more desirable. These findings suggest that limiting
the communication range may enable more efficient use of road traffic information. Although each
CAV acts solely based on its own self-interest, route selection based on local information leads to the
emergence of swarm intelligence, resulting in improved efficiency at the collective level.

Keywords: multi-agent simulation; intelligent transportation systems (ITS); traffic congestion
mitigation; vehicle-to-vehicle (V2V) communication; connected autonomous vehicle (CAV); swarm
intelligence

1. Introduction

The advancement of artificial intelligence (Al) technology has ushered in a transformative era of
automobile traffic with the emergence of autonomous vehicles and highway congestion modeling.
The development of intelligent transportation systems (ITS) — wherein people, roads, and vehicles
exchange information — has therefore become highly anticipated. In ITS, the intelligent capabilities of
vehicles are expected to enable a more effective utilisation of road traffic information. Research on
vehicle-to-vehicle (V2V) communication has largely focused on controlling platoons for autonomous
driving or accident avoidance [1-3], while studies that have used this information for route selection
are fewer [4]. Furthermore, studies using local information for route selection are limited [5].
Therefore, this study aims to CO2 emissions using local traffic information obtained through V2V
communication in connected autonomous vehicles (CAVs) to optimise route selection.

However, in traffic engineering, measures implemented to reduce travel time can sometimes
have opposite effects. This is best demonstrated by Braess’s paradox [6,7], which suggests that adding
a new road to increase network capacity can reduce overall efficiency. Moreover, a phenomenon
sometimes referred to as the reverse Braess’s Paradox has occasionally been observed, where traffic
flow improved as roads were temporarily closed due to construction or events [8].

A prior study by [9] has demonstrated that when vehicles selfishly choose the shortest route to
their destinations, the traffic network ultimately reaches a Nash equilibrium, wherein travel time is
wasted by up to 30% compared to that in socially optimal traffic conditions. They also found that
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while vehicles could achieve socially optimal traffic conditions through cooperative route selection,
traffic flow can be improved by closing specific roads, thereby preventing selfish route choices. Even
in the context of CAVs, [10] demonstrated that when the penetration rate reached 100%, the frequency
and severity of NO2 hotspots (air pollution) increased, contrary to expectations.

Whereas Braess’s paradox concerns the addition of new roads, similar effects have been
observed in information sharing. In a state of congestion saturation, informing all visitors at an
amusement park of the waiting times for attractions has been shown to lower the overall utility for
all visitors. As an effective measure to reduce waiting times even under such congested conditions,
[11] proposed the “designation of attraction visitation sequence.” Ultimately, the key lies in
controlling selfish behaviours.

Cooperative and automated vehicles have been proposed as a means of controlling self-
interested driving behaviours. The introduction of cooperative and automated vehicles reduced CO2
emissions by 10-19% as reported by [5], and [12] reported energy savings of 3-20%. However,
cooperative and automated vehicles require system designs that enable the distribution of route
assignments to avoid road congestion, and control architectures become increasingly complex as the
number of communicating vehicles increases. This issue was also noted by [13], who argued that
feedback links with all vehicles were not necessarily the optimal solution. They demonstrated that
when the penetration rate of CAVs exceeded 50%, feedback links with vehicles up to two cars ahead
were sufficient. Moreover, their findings were based on simulations conducted on a hypothetical
single-lane straight road, and in large-scale and complex real-world traffic networks, cooperative and
automated vehicles were likely to face even greater challenges in control system design. Therefore,
this study focuses on a practical and easily implementable method for local information exchange
between vehicles via wireless communication as a decentralised control method suitable for large-
scale real-world traffic networks. By limiting the range of shared traffic information, we aimed to
avoid traffic paradoxes. The key point here is that vehicles in different situations obtain different
information. Because each vehicle chooses a route based on slightly different information, traffic flow
is naturally distributed as if the vehicles cooperate in their route choices. The system neither centrally
allocates routes to each vehicle nor forcibly forces them to take cooperative action, instead aiming to
improve the efficiency of traffic flow as a result of the autonomous actions of each vehicle. [14-16]
explored the concept of building communication networks for V2V information exchanges using
wireless communication. Moreover, [17,18] conducted such evaluations; their simulations were
based on grid-like virtual cities or straight roads, and the traffic network of a real city was not used.

In this study, CO:2 emissions were adopted as a metric to evaluate traffic flow, and the extent of
the expected impact was investigated using local information. Although the Value of Time (VoT) for
vehicles is often used as an evaluation indicator, more recent studies have increasingly focused on
greenhouse gas (GHG) and SO2 emissions owing to the progression of global warming [19]. In this
study, CO:z emissions were used as an indicator of smooth traffic flow. CO2 emissions are influenced
not only by the distance travelled, but also by vehicle speed, with emissions especially known to
increase during low-speed travel. Therefore, a reduction in CO2 emissions can serve as a proxy
variable for alleviating traffic congestion.

The contributions of this study can be summarised as follows: (1) improvement of traffic flow
through non-cooperative route choice using local traffic information shared via V2V communication
among CAVs and (2) examination of the optimal range for traffic information sharing among CAVs.
In particular, the results of this study demonstrate that even self-interested route choices can lead to
substantial CO, reduction when based on locally obtained traffic information within a limited
communication range. To this end, simulation experiments were conducted to investigate the effects
of both the CAV penetration rate and the range of traffic information sharing. In this regard, while
studies such as those by [10,20] focused on the penetration rate of CAVs under mixed traffic
conditions with both conventional vehicles and CAVs, they did not consider the spatial scope of
traffic information sharing. Rather than pursuing the first-best solution of traffic flow optimisation
through cooperative vehicle control, this study proposes the potential of a second-best solution: the
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optimisation of traffic flow through swarm intelligence emerging from non-cooperative vehicle
behaviour.

The remainder of this paper is organised as follows. Section 2 describes the traffic flow
simulation model used in the study. Section 3 presents the simulation results for a real city. Finally,
Section 4 presents the conclusions of this study.

2. Traffic Flow Simulation Model

This study was conducted to analyse traffic flows using a Multi-Agent Simulation (MAS). In this
section, we describe the behavioural rules of the vehicle agents used in the simulation and the
estimation formula for CO:z emissions.

2.1. Driving Rules of Vehicle Agents

The behavioural rule for each vehicle agent can be simply stated as driving in a manner that
avoids collisions with the vehicle ahead. To achieve this, each agent must adjust their driving speed
to maintain a sufficient distance from the vehicle in front.

At time ¢, the vehicle agent has the following parameters: distance to the vehicle ahead d:, current
speed v, acceleration 4, and maximum speed vmax. If there is no risk of collision with the vehicle in
front when travelling at the current speed (i.e., the minimum safe distance dmin is maintained), the
position change per unit time At (one step in the simulation) is determined by the current speed vy,
and the change in speed per unit time At is determined by the acceleration a. Therefore, the travel
distance Ad: of the vehicle agent from time ¢ to time t+1 is given as ”vrAt+%aAt2” by the equation for
uniformly accelerated motion. However, if “v:At + %aAtz” exceeds the distance covered at the
maximum speed vUmax, then Adi= vmaxAt.

If it appears that the vehicle cannot maintain a safe distance (minimum distance dmin) from the
vehicle ahead when continuing to travel at the current speed, the travel distance Adt for the next step
will be adjusted to d; — d;,. This is referred to as “applying the brakes.” The condition for applying
the brakes can be summarized as follows: min {vtAt + %aAtZ, vmaXAt} + dpin > d;. Thus, the travel

distance Adt of the vehicle agent from time t to time t+1 can be written as follows:

1
di — diin if min {vtAt + EaAtZ, UmaXAt} + dmin > d;

1
v At + 2 aAt? otherwise

2.2. Route Selection of Vehicle Agents

Throughout this paper, vehicles equipped with V2V communication functionalities are referred
to as connected vehicles. [21] demonstrated that information exchange between vehicles can help
avoid collisions and enable efficient autonomous driving control. By utilising the information
exchange between vehicles for route selection, traffic flow efficiency can be improved. Vehicle agents
tend to select routes that allow them to travel from their origins to their destinations in the shortest
possible time. At this point, there is a difference in the traffic congestion information available
between conventional and CAVs (see Table 1).

Table 1. Availability of traffic information by car type.

. Traffic Speed Sensor Shared Information
Car Type Standard Travel Time Information Between CAVs
Conventional car Y Y N
CAV Y Y Y
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Two types of information are available from the perspective of a conventional vehicle: the
standard travel time between points (road segments), and the travel time calculated from the average
speed collected by traffic speed sensors. In addition to the information available to conventional
vehicles, a CAV can obtain the driving speeds of nearby CAVs through local communication. The
priorities of these types of information are as follows: (1) the O/D travel time estimated from shared
CAV speed data, (2) O/D travel time estimated from sensor-based average speeds, and (3) O/D
standard travel time. Based on this prioritisation, the information used for the route choice is updated
accordingly. Consequently, the information used by a CAV for route selection follows the
synthesized O/D estimated travel time matrix shown in Figure 1. The standard travel time refers to
the time required when there is no congestion, representing the theoretical shortest travel time. If no
other information is available, the route is selected based only on the standard travel time.

1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
1 1 1
2 2 2
3 3 3
4 4 4
5 5 5
O/D Standard Travel Time OIDf::::‘;le.lr-::c‘:er-EBsat:::ted g:i;r:t:ﬂ ;rr';“n?
Average Speeds Shared CAV Speed Data

5

Synthesized O/D Estimated
Travel Time Matrix

Figure 1. Estimated travel time for route selection.

Information from traffic speed sensors can be likened to that from a typical car navigation system.
Driving speed data collected by traffic speed sensors installed at locations such as traffic signals are
first aggregated at a traffic management centre and then transmitted to individual vehicles. Each
vehicle uses this congestion information to estimate the shortest arrival time and select its route
accordingly. The specific mechanisms of car navigation systems vary between nations, with the
Japanese system illustrated in Figure 2. The data collected by each traffic speed sensor are sent to the
traffic management centre and transmitted to the vehicle during FM broadcasting.
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Traffic Management Center

Road Traffic
Information

Traffic Speed
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Figure 2. Overview of car navigation system.

The exchange of information between CAVs assumes limited-range communication through
wireless technologies (Figure 3). Various methods for V2V communication have been proposed,
including systems using LED transmitters and camera receivers [22], the 5GHz spectrum [23,24], and
communication technologies such as Wi-Fi, DSRC, and LTE [25]. The present study does not consider
which specific communication system is used, instead focusing on the exchange of information
between nearby CAVs. This concept is very simple: if another CAV is within communication range,
information exchange occurs. The information shared between CAVs pertains to the congestion on
the current road. Specifically, a CAV receives the average speed data on the road from its entrance to
its current position, as experienced by other CAVs, and uses these data to estimate the time required
to pass through the road. This enables real-time route selection based on fresh information, ensuring
quicker avoidance of traffic congestion. When multiple CAVs are present on the same road segment,
the average speeds received from those vehicles are averaged and used for estimation.

Communication
range r

Figure 3. Information sharing between CAVs.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.1241.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 November 2025 d0i:10.20944/preprints202511.1241.v1

6 of 15

2.3. Estimation Formula for CO2 Emissions

In this study, CO:z emissions were used as the evaluation metric. Although these emissions are
known to vary with respect to the sizes and production years of vehicles, we assumed an equivalent
fuel efficiency for all vehicle agents to instead focus on the effects of local information sharing.
Following [26], the amount of CO: emitted by an individual vehicle ¢ was estimated based on the
average driving speed ¥ on the road.

lnC = bo + blﬁ + bzﬁz + b3l73 + b4l74 (2)

We converted the values of parameters bo — bs using a unit conversion of 1 mi = 1.60934 km (see
Table 2). In the simulation, every time a vehicle agent reached the endpoint of a road, the CO:
emissions (g/km) were calculated based on the average speed (km/h) at which the vehicle was
travelling.

Table 2. Parameters for estimating CO2 emissions.

Parameter Mph kmph
bo 7.613534994965560 12.252766408797900
b1 -0.138565467462594 -0.222998949406251
b2 0.003915102063854 0.006300730355443
bs -0.000049451361017 -0.000079584053339
ba 0.000000238630156 0.000000384037055

Source: Barth & Boriboonsomsin [26].

3. Simulation
3.1. Settings

We conducted a simulation using Kyoto City as an example of a real city. The simulation used
artisoc, a platform for multi-agent simulation developed by [27]. The screen used in the simulation is
shown in Figure 4. Vehicle agents were colour-coded to distinguish between conventional vehicles
and CAVs, as well as to indicate low-speed driving conditions. The communication range of each
CAV is indicated by a blue circle.
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Figure 4. Visual output of the simulation.

In the simulation, we used a road network extracted from national highways (trunk), major
prefectural roads (primary), and general prefectural roads (secondary) in Kyoto (Figure 5). The road
network in Kyoto comprises 112 points (nodes) and 152 roads (links).

The parameters associated with the driving behaviours of vehicle agents were set as follows:
maximum speed vmax = 1, acceleration a = 0.334, and minimum safe distance dmin = 1. In addition,
because the maximum standard travel time was 248, data collection was initiated after 250 steps and
ended when 3,000 vehicles reached their destinations. Although a larger number of vehicles reaching
their destinations would improve the stability of the simulation results, the number was set to 3,000
considering the trade-off with computation time.

In the simulation, the communication range of the CAVs was varied in increments of 10 from a
radius of 10 to 100, and the penetration rate of the CAVs (generation ratio) was varied in increments
of 5% from 0% to 100%. A penetration rate of 0% represents a scenario in which the vehicle agents
are conventional cars, whereas a penetration rate of 100% corresponds to a scenario in which all
agents are connected.
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The generation probability of vehicle agents is determined by the population assigned to each
road endpoint (node). It is assumed that the higher the population assigned to a node, the higher the
corresponding departure frequency. The population assigned to each node was based on the “500-
meter Mesh Estimated Future Population Data (FY2018 National Government Office Estimate)”
obtained from [28]. Figure 6 presents a colour-coded map indicating population density, with
warmer colours representing areas with higher populations and cooler colours representing areas
with lower populations. The population within each mesh block was allocated to the nodes contained
within that block, and the population assigned to each node was proportionally determined based
on the number of nodes in the mesh.
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Figure 6. 500-meter mesh population.
The probability of generating a vehicle agent with point (node) i as its origin is given by:
Pr, = 6 3)
r. =
b ZkPu

where 6 is a parameter used to adjust the overall traffic volume in the simulation. In the simulation
for Kyoto City, considering the numbers of nodes and generated agents, 0 was set to 0.25.

Similarly, the destinations of the generated vehicle agents were determined probabilistically
based on the population. The traffic demand between nodes was determined by the following gravity
model, which is based on the population P: of origin node i, population P; of destination node j, and
the straight-line (Euclidean) distance Lijbetween the nodes.

o (]
P7'P

i
o3
Ll.j

Ay = 4)
Here, 01, 02, and o3 represent parameters of the gravity model, set as 01=0.5393192, 62=0.3702117,
and 03=1.666391, based on estimates from data on Japan’s three major metropolitan areas as reported
by [29].
The probability that a vehicle agent generated at the origin node i will have node j as its
destination is given by the following equation:

Prij = _l] (5)

3.2. Results

Table 3 lists the CO, reduction rates, calculated using the average values from five experiments
conducted for each parameter, with the CO, emissions at a CAV penetration rate of 0 used as the
benchmark. In Table 3, a colour scale from red to blue is applied based on the CO, reduction rate.
Additionally, the values for the highest CO, reduction, observed at a penetration rate of 1.0 and
communication range of 75, are highlighted in bold white text. The results indicate that as the CAV
penetration rate increases, CO, emissions decrease. Moreover, when the communication range is
narrow, the benefits of CAVs are difficult to realise, even with a high penetration rate. For example,
when the communication range is 5, the CO, reduction effect is at most just over 10%. A
communication range of at least 30 is required to achieve a CO, reduction effect of more than 20%.
However, the maximum communication range does not necessarily result in the highest CO,
reduction effect.
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Table 3. Experimental results.

Penetration rate of CAVs
0.00 0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90 1.00

COs emissions

5 2.50% -1.55% 238% 2.74% 488% -6.39% -8.34% 949% -11.14%
10 0.63% -391% -4.67% -5.21% -7.86% -10.09% -11.99% -12.85% -13.01%
15 -1.12% -3.31% -5.67% -7.22% -9.80% -11.41% -12.41% -1457% -16.16%
20 -2.83% -3.43% -6.07% -7.77% -9.34% -11.25% -13.54% -16.36% -18.12%
25 -1.37% -3.32% -5.76% -8.40% -9.75% -13.54% -14.06%
30 2.11% 3.22% -6.74% -8.92% -10.76% -12.66% -15.75%
35 -2.60% -4.35% -6.43% 9.11% -10.89% -13.09% -16.86%
40 095% -5.00% -5.48% -8.56% -12.59% -13.75% -16.55%
45 -3.09% -437% -5.41% -8.54% -10.76% -13.15% -14.98%
Communication | 50 -3.38% -3.61% -6.97% -6.78% -12.15% -13.65% -16.48%
range 55 2.68% 4.05% -7.26% 9.48% -9.92% -12.63% -16.13%
60 0.54% -2.00% -5.76% -10.34% -11.93% -13.38% -16.80%
65 3.61% -3.75% -6.46% -10.03% -11.68% -12.96% -15.01%
70 0.66% -3.84% -6.12% -8.89% -12.77% -13.98% -16.68%
75 2.30% -2.86% -6.22% 9.22% -9.39% -15.76% -16.72%
80 -1.20% 296% -7.67% -10.25% -11.19% -14.33%
85 -1.40% -3.22% -5.57% -8.74% -11.65% -13.84%
90 2.75% 3.04% -6.13% -7.96% -11.44% -13.93%
95 0.75% -5.35% -5.84% -9.91% -10.18% -12.95%
100 -2.84% 5.55% -489% -8.89% -11.14% -13.95%

In addition, curve fitting to the logistic growth model was performed after applying Min-Max
scaling to the total CO, emissions y using the minimum value ymin and maximum value ymax from the
experimental data. The logistic growth model was originally developed to describe natural
population growth and has since been applied to various phenomena, such as product diffusion and
the spread of infectious diseases. The independent variable in the logistic growth model typically
represents time, or more generally, the progression or phase of growth. Given the theoretical
background and nature of the model, the logistic growth model was adopted in this study. The scaled
total CO2 emissions ysaled can be estimated as a function of the CAV penetration rate x using the
following equation:

K
= 6
Yscaled 1+ exp(—,B(x _ xo)) ( )
Y = Yscaled Ymax — Ymin) + Ymin 7)

where K represents the maximum CO, emissions (upper bound), f§ is a coefficient that controls the
slope (strength of the CO, reduction effect), and xo denotes the inflection point (penetration rate at
which CO; reduction is most effective). Because yscled is scaled using the maximum CO, emissions
ymax, K is fixed at 1.

The results of the curve fitting to the logistic growth model are presented in Table 4. For all
communication ranges of CAVs, the coefficient of determination R? exceeded 0.9, indicating an
excellent fit. The strong fit to the logistic model illustrates that the CO, reduction effect is relatively
small at low CAV penetration rates, increases rapidly as the penetration rate approaches the inflection
point xo, and eventually saturates as x approaches 100%. However, the strength of the CO, reduction
effect § and the location of the inflection point xo vary depending on the communication range of the
CAVs.

Table 4. Estimated parameters of the logistic growth model.

Communication range r B X0 R?
5 -3.083 0.962 0.974
10 -3.214 0.781 0.965
15 -3.653 0.690 0.985
20 -3.909 0.649 0.994
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25 -4.675 0.623 0.985
30 -4.505 0.593 0.991
35 -4.640 0.573 0.992
40 -5.041 0.567 0.987
45 -4.729 0.583 0.984
50 -4.917 0.572 0.986
55 -4.758 0.581 0.979
60 -5.528 0.573 0.986
65 -4.608 0.571 0.982
70 -5.390 0.567 0.992
75 -5.401 0.568 0.978
80 -5.095 0.562 0.982
85 -5.189 0.573 0.992
90 -5.126 0.576 0.990
95 -4.987 0.578 0.981
100 -5.022 0.564 0.980

When plotting the relationship between the scaled total CO, emissions and CAV penetration
rate, the logistic curve takes a gently inverted S-shape when <0 and |51 is small (Figure 7(a)) and a
steeply inverted S-shape when f < 0 and IB!| is large (Figure 7(b)). In this study, once the
communication range exceeded approximately 25, || reached approximately 5.0, and the logistic
function takes on a clearly inverted S-shape, indicating that beyond a certain penetration rate, the
CO; reduction effect emerges explosively. Furthermore, the inflection point xo was generally observed
between 0.5 and 0.6, meaning that when the CAV penetration rate reached approximately 50-60%, a
sharp decrease in CO, emissions occurred. However, when the communication range is narrow (e.g.,
20 or below), the penetration rate must be considerably higher before any meaningful CO, reduction
can be achieved.

Logistic Growth Curve Fitting

Logistic Growth Curve Fitting
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Figure 7. Logistic curve fittings.

Next, we examined the relationship between the CAV communication range and the strength of
the CO: reduction effect. As shown in the table within Figure 8, the strength of the CO: reduction
effect when CAVs are widely adopted varies depending on their communication ranges. In the
communication range of 5 to 65, the strength of the CO:2 reduction effect shows a decreasing trend. In
contrast, from 65 to 100, the strength increases. When the communication range is narrow, a CAV
may struggle to find other CAVs to share information, thereby limiting its functionality.

Moreover, the relationship between the communication range r of CAVs and the strength of the
COz reduction effect § can be approximated by a quadratic equation (as shown in the graph in Figure
8). This finding indicates that if the information-sharing range is too wide, the CO: reduction effect
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decreases. As the information-sharing range expands, the differences in the information obtained by
each CAV diminish, causing them to select the same route. Consequently, traffic congestion occurs
not only on the shortest routes but also on specific alternate roads. Vehicles that avoid congestion by
choosing detour routes based on traffic information may contribute to congestion on those roads,
resulting in an unintended increase in CO:2 emissions. This paradoxical outcome suggests that the
current centralised car navigation systems, which collect road traffic information and uniformly
distribute the same data to all vehicles, may be inefficient. In contrast, local information sharing can
prevent excessive concentration on detour routes and improve traffic distribution. In other words, by
appropriately limiting the communication range and allowing CAVs to make self-interested route
choices based on local information, traffic can be naturally dispersed through swarm intelligence,
without the need for cooperative control.

Communication range r
0 10 20 30 40 50 60 70 80 90 100
-3.000 B

L B =0.000572 - 0.0667r - 2.8155
-3.500 - R2-0.8787

-4.000
-4.500 ¢

-5.000 v | T e

CO2 reduction effect §

-5.500 .

-6.000

Communication

range r

CO, reduction

effect §

-1.69 -057 -067 -1.15 -091 -1.09 -109 -1.10 -149 -1.20 -112 -1.02 -088 -090 -145 096 -126 -1.37 -1.07 -1.44

Figure 8. CO:z reduction effect by communication range of CAVs.

4. Conclusions

In this study, we examined the effect of CO:2 emission reduction through the exchange of road
information between vehicles using a multi-agent simulation. Because the reduction in COz emissions
was limited when the penetration rate of CAVs was low, the proactive promotion of CAV adoption
was particularly important in the early stages. However, when the penetration rate was low, the
reduction effect on CO, emissions remained minimal; thus, actively promoting CAV adoption in the
early stages to achieve significant benefits was essential. In particular, when the communication
range of CAVs was narrow, a high penetration rate was required before any noticeable reduction in
CO; emissions could be achieved. Meanwhile, a wider communication range did not necessarily lead
to greater CO, reduction. In fact, when the communication range became excessively large, the
reduction effect weakened. In this study, non-cooperative control of CAVs was implemented, and
route choice was entirely left to individual CAVs. Even if each CAV behaved selfishly, CO, emissions
could still be reduced through information sharing among vehicles. Therefore, by adjusting the range
of shared information, it may be possible to alleviate traffic congestion and reduce CO2 emissions
without falling into this paradox, thereby maximising the use of road traffic information. However,
since the present simulation is based on a simplified model, the CO, reduction effect may have been
overestimated. For a more detailed analysis, it is necessary to conduct verification using a real-world
framework such as COPERT, which is the standard tool for calculating carbon dioxide emissions in
the EU. In future research, the optimal communication range for information sharing will require a
network of CAVs. However, the exchange of information between CAVs in the network can lead to
traffic paradoxes, making it necessary to limit the network distance over which information can be
shared.
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