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Abstract—The fast emergence of autonomous vehicles promises
a drastic change on how road traffic congestion is detected,
controlled, and mitigated. To this end, we believe that it is
beneficial to explore different ways of collaboration between
autonomous vehicles, with the aid of modern road infrastructure,
to optimize the commuters’ travel time. We, therefore, propose in
this paper a novel solution based on a multi-parties collaboration
framework and built upon the WAVE standard to optimize the
usage of the road network and lower commuters’ travel time. Our
solution, which is based on a Belief-Desire-Intention architecture,
enables autonomous vehicles to opt for selfish or collaborative
behaviors depending on their goals and current situations. The
results obtained from our preliminary prototype under three
representative road maps demonstrate the effectiveness of our
approach in dealing with traffic congestion.
Keywords – Smart transportation, road traffic congestion,
vehicular communication, multi-parties collaboration.

I. I NTRODUCTION
The concept of Smart City continues to attract high attentions worldwide. Its successful implementations in many
cities, including Amsterdam, Barcelona, Milton Keynes, and
Stockholm is motivating governmental, industrial, academic
and social actors to join their efforts and build sustainable
ecosystems promoting citizen welfare and economic growth.
Smart City is mainly based on advanced ubiquitous ICT
technologies to monitor the city assets, such as energy, water,
and transportation infrastructure. In a smart city context,
advanced and efficient technology-based monitoring of critical
infrastructures is predominant to make the city more sustainable while promoting its economic development. Smart
transportation is considered a key enabler of such growth
since the efficiency of several other services are reliant on
its robustness. Such robustness cannot be achieved without
developing advanced solutions to deal with traffic congestion
problems and their resulting impact on the commuters’ travel
experience and safety.
In the context of transportation management, the problem of
traffic congestion is being addressed by enabling appropriate
V2X (Vehicle-to-everything) communications based on realtime data collected by smart sensors. These sensors are commonly deployed on vehicles or in well-selected locations along
roads. Although important progress is being made, traffic
congestion remains an enduring problem, particularly because

current transportation infrastructures are not being expanded
as fast as the growing human and goods transportation needs
in modern cities. A study conducted by Texas Transportation
Institute has shown that, in 2014, the economic loss due to
road traffic congestion in terms of additional travel delay and
fuel consumption was almost $160 billion [1]. During this
period, American drivers traveled an extra 6.9 billion hours
and purchased an additional 3.1 billion gallons of fuel as a
consequence of traffic congestion.
Congestion normally occurs when a section of a road is
overflowing with traffic, resulting thereby into extended trip
durations, slower speeds, and longer cars queuing. Congestion
can also occur during ongoing road maintenance, making
it difficult for vehicles to navigate the road normally. The
two congestion cases above are known as recurring and nonrecurring. Non-Recurring congestions are particularly difficult
to cope with because they occur when sporadic events (e.g.,
road accidents, environmental accidents, festivals and road
maintenance) take place.
Due to the fast growing urbanization worldwide causing the
number and complexity of recurring and non-recurring congestions to considerably increase, more appropriate congestion
management systems, responding to the specific needs of smart
cities, are needed. To this end, we propose in this paper an
advanced system where intelligent mechanisms are embedded
on-board of vehicles to boost their decision-making process
and optimize their collaboration toward a better controlling
of road traffic congestion and an improved commuters’ travel
experience. Our contributions could be summarized as follows:
(1) developing a novel collaboration mechanism between
smart cars and advanced road infrastructure; (2) supporting this
mechanism by proposing an extended Belief-Desire-Intention
framework; and (3) adaptive driving policies depending on
traffic conditions.
The remainder of the paper is organized as follows. Section
II reviews the existing works that have addressed the management of road traffic congestion. Section III presents the
fundamentals of our solution along with its detailed operation.
In Section IV, we evaluate the performance of our solution and
analyze the obtained simulation results. Finally, we conclude
in Section V.

II. R ELATED WORK
Reducing recurrent road traffic congestion and mitigating their overwhelming consequences are still challenging
problems for traffic authorities as well as the transportation
research community. For instance, intensive efforts are being
made to eliminate the congestion causes, mitigate congestion
effects, maintain safe driving, and lower environmental impact.
The solutions presented in [2] cover the different phases
of modern Traffic Management Systems (TMSs), ranging
from advanced data collection techniques and technologies,
route planning and re-routing solutions, and short to medium
term traffic forecast approaches to smart parking reservation
and management systems. Among the most recent significant
contributions, Wang et al. [3] have designed a multi-agent
based solution called Next Road Rerouting (NRR) that provides drivers with the most suitable next road choice, thereby
minimizing the incurred delay after the occurrence of an enroute event such as car crashes and other unpredictable events.
To further improve the efficiency of NRR, the authors have
proposed the Adaptive NRR (A-NRR) [4] approach in which
an automatic and smart calibration of NRR’s algorithmic
and operational parameters is achieved using a coefficient of
variation based method and K-means algorithm. Moreover, the
inputs of induction loops were replaced by traffic information
acquired through Vehicular Ad-hoc Networks (VANETs) capabilities (since VANETs can cover larger road network area
and provide richer traffic information at higher update rate).
To ensure that future traffic congestion solutions developed
for autonomous vehicles are more accurately evaluated, a new
reinforcement learning based computational framework was
proposed in [5]. Its major aim is to support the rapid growth
of autonomy in ground traffic and enable the development of
reliable controllers for complex problems, such as controlling
mixed-autonomy traffic in a ring road.
In addition to the above-mentioned works, many simple
and/or practical solutions have been proposed and implemented to reduce traffic congestion in and around several
cities. In this perspective, parking cash-outs 1 and free parking
at work (e.g., [6]) have been proposed as parts of solutions to
traffic congestion wherein financial incentives are offered by
companies to their employees to leave their vehicles at home
and use alternative public transport means. Patrick Siegman
2
has presented a study where data is collected from 10
different parking cash-out cases covering 50,000 employees.
The analysis of this data revealed that an average payment of
$46 per month to each employee yields an average decrease
of 25% in parking demands. The proposed study has also
suggested that traffic congestion could be lowered if cashout solutions are implemented appropriately. Mobile Transit
Society (MTC) has proposed to mitigate the impact of traffic
congestion by abolishing automobile subsidies (such as free
parking) in towns and cities in order to encourage the usage
of alternative and environment friendly transportation means.
MTC has also proposed to introduce the so-called Fare Lanes
wherein instead of imposing a tax to use a road (i.e. tolls) a
1 http://www.bestworkplaces.org/pdf/ParkingCashout_07.pdf
2 http://moderntransit.org/cashout/cashout.html

vehicle user installs a "Tag" device that transmits to a roadside
"reader" the vehicle details whenever a fare lane is used. A
monthly bill is then issued and sent to the driver for the total
cost for using the fare lanes. Here, the readers may apply
different fares based on the vehicle category (e.g. buses, trucks,
taxi, regular vehicle, etc.). Ultimately, the proposed solution
aims to create less congested lanes offering lower travel time
at higher costs.
Despite the variety of techniques being used to deal with
road traffic congestion, little attention only has been paid to
the potential of boosting the collaboration between smart cars
and road infrastructure to achieve better control of traffic
congestion. This shortcoming is the motivation behind our
current work where we present a solution that leverages
such collaboration and ultimately improve commuters’ travel
experience in congested roads. Moreover, our solution has the
potential to improve and extend some existing applications
provided by car manufacturers as discussed below.
The German automaker BMW was the first to launch an
application called EnLighten that displays to the driver the
status of the traffic light in front of the car and predicts
when this signal will change. In this case, drivers can start
braking earlier to prevent sharp braking when traffic lights
suddenly change. This application will certainly make driving
safer and economic by reducing the number of unnecessary
acceleration/deceleration. This application uses iPhone’s GPS
data as well as Traffic Management Systems data in some
cities to ensure accurate prediction of the remaining time for
the traffic light signal to change. Our proposed solution (or
at least one of its main features) can be easily integrated
with this application, if adequate smart traffic lights are in
place, to make the journey of future smart cars (or self-driving
cars) safer, faster, and more economic. Indeed, this aim is
highly achievable at mid-term as the age of self-driving cars
is approaching very fast and gaining an increasing acceptance
by the drivers’ community, especially in emerging markets like
China and India [7].
III. P ROPOSED S OLUTION
In this section, we will present the key idea of our solution,
its operational details as well as the proposed multi-parties
collaboration framework.
A. Fundamentals of the proposed solution
Basically, our main idea is about finding an efficient way of
collaboration between smart cars and advanced road infrastructure (such as advanced Traffic Light Controllers (TLCs)). More
specifically, the ultimate goal of our idea is to guarantee better
mitigation and monitoring of road traffic congestions resulting
from random en-route events (i.e. non-recurrent congestion) or
the excessive number of cars in road networks (i.e. recurrent
congestion). The idea is supported by a cognitive radiolike approach. The approach is inspired from cognitive radio
principle used in wireless networks [8]. According to this
principle, wireless devices, thanks to their smart transceivers,
are able to detect and opportunistically use the unused frequency bands in their vicinity. Similarly, our approach enables

smart cars to opportunistically use underutilized reserved lanes
on the roads, based on certain policies and under certain
circumstances. In our design, the role of smart transceivers
is ensured by the TLCs that monitor the road traffic, detect
the underutilized reserved lanes (e.g., bus lanes) and regular
lanes, and take/recommend actions to best balance the road
traffic and mitigate possible traffic jams and bottlenecks.
Our approach, which is depicted in Figure 2 (see Section
III.C for more details), can be implemented by embedding
intelligent mechanisms into communicating devices, including
cars and road traffic monitoring equipment. Thanks to the
recent advances in vehicular communications, the use of multiradio Wireless Access in Vehicular Environments (WAVE)
devices over multi channels (i.e. Control Channel (CCH)
and the set of available Service Channels (SCHs)) will lead
to a drastic shift of inter-vehicle communications’ reliability [9]. Consequently, more efficient coordination between
neighboring vehicles could be achieved. This coordination is
particularly important as it allows vehicles to take the right
actions at the right moments (such as accelerating/decelerating,
changing lane or direction) to serve their individual needs as
well as the needs of neighboring vehicles, while avoiding any
breach of the driving safety requirements (e.g. safety distance,
speed limits etc.).
In order to implement an efficient coordination, the contextawareness of vehicles should be extended. To meet this goal,
we propose to use information received from two types of
beacons: Regular beacons and TLC beacons. Regular beacons
are broadcast by each vehicle to share its own information,
objectives, and actions with other vehicles within its transmission range. They are generated periodically at an adequate
transmit rate and power. This rate is continuously adjusted
accordingly to the observed channel collision rate and vehicles
density in order to ensure higher transmission reliability. TLC
beacons are broadcast periodically by each TLC to advertize
the remaining time for the current traffic cycle, any update in
driving policies as well as any recommendation to vehicles.
Each TLC beacon concerns a specific road section. It is also
transmitted during regular intervals as follows:
R − segl
max − speed
(1)
T LC − BI =
R
Where T LC − BI is the TLC beacon transmission interval,
R − segl refers to road segment length and max − speed
denotes the maximum speed allowed on this road segment.
R (i.e. rate) is an integer value representing the minimum
number of times the TLC beacon is broadcast while a car is
moving at the maximum speed along the road segment. The
TLC beacon transmission interval is thoroughly selected based
on the contextual information of the road segment (such as
length and average speed of vehicles) controlled by the TLC.
This ensures that each vehicle will receive a TLC beacon at
least R times before it reaches the next road intersection (next
TLC).
In our solution, we assume that the cars (i.e. the drivers)
tend to be collaborative in their actions. Each car (ultimately
the driver) should, indeed, adjust its current speed (i.e. ac-

celerate or decelerate) and move to a new lane, whenever
possible, to accommodate as many requests from neighboring
cars as possible, as long as its own objectives are met. To
this end, vehicles’ actions will be decided individually and
collaboratively according to our multi-parties collaboration
framework presented in Figure 1. In order to boost vehicles’ collaboration, individual vehicles could identify selfishly
acting neighboring vehicles and exchange information about
them by piggybacking their identity into the regular beacon
messages, subject to the presence of a sophisticated reputation
and trust management system such as REPLACE proposed in
[10].
B. Model of Collaboration
The rapid changes in technology as well as resource scarcity
are amplifying our needs to live in an increasingly interconnected world [11]. To accomplish the requirements of this
world, collaboration mechanisms and facilities have attracted
intensive focus from research and development communities
(e.g., [12] and [13]). Several conceptualizations of collaboration have been proposed without agreeing on a common
definition. We retain, however, the vision that collaboration
is a process involving shared rules and mutually beneficial
interactions, in which autonomous or semi-autonomous actors
interact through formal and informal negotiation, jointly creating rules and structures governing their relationships and ways
to act or decide on the issues that brought them together [14].
Based on this vision, we propose a new model that we illustrate
in Figure 1. In what follows, we outline this model and explain
its relevance in reducing travel time in a smart city context.
1) Multi-parties Collaboration Framework: In order to allow the vehicles to reason individually about occurring events
in their surrounding environments, we proposed in a related
work [2] a Belief-Desire-Intention (BDI) architecture, where
beliefs represent the local information that a vehicle has about
itself (e.g., its current speed, position, and remaining distance
to the next intersection) and its environment (including the
road infrastructure, neighboring vehicles, and events of interest
like announced obstacles/crashes ahead), desires reflect the
objectives or the situations that the vehicle would like to
accomplish, and intentions refer to the actions that the vehicle
has chosen to do. In this paper, we extend and reformulate
this architecture by integrating some mechanisms to support
collaboration between vehicles.
The initial BDI architecture was focusing on the individual
interests of each vehicle and there was no collaboration
mechanisms implemented between the different vehicles. The
operations of the system were, therefore, not optimized and
did not allow any mutual support on tasks which are beyond
the individual capabilities of vehicles. In the new architecture,
we are endowing each vehicle with mechanisms to decide on
whether to act for its own benefits or for the benefits of the
group to which it belongs (i.e., the group of vehicles with
which the vehicle has some relations such as members of
the same cluster). For instance, the vehicle can decide to act
selfishly (i.e., according to the setup of the initial architecture)
or can aim to achieve the mutual goals and benefits of the

vehicles with which it is collaborating. To this end, the vehicle
exchanges with peers several information, including contextual
information, ongoing actions, and plans and then sets up its
plan accordingly. To meet this end, we added the component
"Administration Management" where the vehicle can assess
its costs and benefits, do the necessarily data analytics, and
checks its current rules and commitments with peers.
Let us suppose that our system is composed of several distributed, autonomous entities (i.e. vehicles). These entities hold
knowledge about themselves as well as about other entities
(e.g., the road traffic system and neighboring vehicles) in their
surrounding environments. They would need to collaborate in
order to cope with any event of interest in the vicinity (e.g.,
vehicle crash, water accumulated because of rain, etc.). To this
end, every vehicle will be always listening to beacons and
communications from neighboring vehicles and TLCs. When
new information are received, they will be analyzed and the
different modules described in our framework (see Figure 1)
will be activated accordingly.
If a vehicle is going to plan an individual action (e.g.,
accelerate, decelerate, change lane, etc.), it generates its own
desires (objectives) as well as its own intentions (actions).
If it is going to coordinate with third parties, then mutual
desires and mutual intentions are generated. In this case, the
Plan Generation Module has to combine the individual and
mutual intentions in order to generate a plan that will achieve
joint objectives (e.g., improve the traffic flow throughput
at intersections) while fulfilling the individual goals of the
vehicle. After the execution of this plan, the beliefs of the
vehicle are revised, the trust on third peers is assessed by the
Norms Management Module and new collaboration rules may
be created by the Governance Module.
According to our framework (Figure 1), each entity (i.e.
vehicle) contains three components: Administration Management (AM), Concurrency Management (CM), and Execution
Management (EM). When data is received from a third party
(e.g., the TLC or a neighboring vehicle), the AM module
will filter the data and assess the costs and the benefits of its
individual and collaborative actions. To this end, it analyzes
the outcomes of its previous actions and consults its current
governance norms to delimit the legitimacy and the scope of
its expected actions. The CM module will then concurrently
implement a BDI architecture for individuality management
(i.e., serving individual benefits) and a BDI architecture for
mutuality management (i.e., serving collective benefits). The
individuality management module will make the necessary
actions to revise the current beliefs, generate the individual
options (e.g., accelerate, decelerate, change lane, etc.), and
identify the actions (e.g., accelerate) serving the sole benefits
of the vehicle. Furthermore, based on the analysis of the AM
module, if collaboration is needed, the mutuality management module will revise the shared beliefs, generate shared
options to meet shared objectives (e.g., improve the traffic
flow throughput at intersections), and determine the actions
that will serve the benefits of the collaborating vehicles.
Once individual and mutual action plans are made, they are
checked for conflicts and a final action plan is generated. This
plan is then going to be sent to the EM module. Once the

execution finishes, individual and mutual beliefs are revised.
Some governance norms could also be revised based on the
experience that the vehicle just had with other vehicles.
C. Operational details: the different steps
The operation of our solution follows the steps described
in Figure 2 in which we distinguish three key components
of our design: the master TLC, the smart adaptation engine,
and the cluster of vehicles (i.e., the vehicles currently moving
on the same road segment). The master TLC is controlling
a set of incoming and ongoing lanes. It is responsible for
evaluating the traffic conditions in these lanes in terms of
Road occupancy Level (RoL) and Average Speed (AvS). It
also periodically exchanges its acquired knowledge (contextual
data) about local traffic conditions (i.e. traffic conditions on
the lanes that the master TLC controls) with its neighboring
TLCs (slaves). Upon reception of the external contextual data
from its TLC slaves, the master TLC aggregates the received
information alongside its local knowledge (collected through
induction loops as well as other inputs such as Bluetooth
sensors deployed at the corresponding road intersection) to
build more accurate information about the traffic conditions
on the lanes it controls as well as their surroundings. This
aggregation process is necessary to ensure higher efficiency
for the measures to be recommended by the Smart Adaptation
Engine (see Figure 2).
The Smart Adaptation Engine represents the main component of our solution, as its output will determine the
performance of the whole system. It is composed of two subcomponents: Learning Sub-Component (LSC) and Adaptation
Sub-Component (ASC). The role of the LSC is to build
and continuously update a knowledge base using the traffic
conditions information collected by the master TLC. It is also
responsible of defining a profile of a set of traffic conditions,
including normal conditions. The definition of these profiles
takes into account the perception/evaluation of the slave TLCs
as well. This knowledge and profiles built and defined by the
LSC are then used as input for the ASC to recommend the
most appropriate adaptations to apply.
The output of the Smart Adaptation Engine could be one
of the following decisions:
• In roads with more than one lane in both driving directions, if high congestion level is observed in one direction
whereas the other direction is having a normal traffic load,
a decision can be made (when applicable) to increase
the number of lanes dedicated to the congested direction,
subject to tolerated impact on the traffic conditions on
the opposite direction.
• If an occurring en-route event blocks the road, the Smart
Adaptation Engine applies a re-routing mechanism to find
adequate alternative routes. To this end, similar solutions
like in [3] and [4] could be used.
• Temporarily enabling a special driving policy by allowing
regular cars to use additional, non-emergency lanes (e.g.
lanes initially reserved for buses or carpooling) if they are
underutilized or clear (completely empty). To this end,
we are proposing cognitive radio-like policy whereby the

Figure 1: Extended BDI architecture supporting individual and collaborative actions

After receiving a TLC beacon carrying the decisions (recommendations) of the Smart Adaptation Engine as well as
the remaining time for the current traffic cycle, the vehicles
perform actions accordingly while taking into consideration
their individual contextual information as well as their individual objectives. Each action is performed in accordance to our
extended BDI framework (see Figure 1) described in Section
III.B.
D. Multi-radio based beacons transmission

Figure 2: Architecture of the proposed solution

selection of vehicles that will be temporarily permitted to
use a reserved lane is made based on car profiles (e.g.,
eco-friendly, carbon emission, etc.) as well as drivers’
profiles (e.g., police, doctors, professors during school
time, etc.). In certain circumstances, the driver/car can
also send to the TLC an access request to reserved lanes
that will be either accommodated or denied based on the
usage level of these lanes.

In order to allow reliable coordination between vehicles
while ensuring safe driving actions, we assume that each
vehicle is equipped with two radio transceivers; one is tuned
for transmitting periodic beacons and emergency messages on
the Control CHannel (CCH) and the other is tuned for sending
other types of IP messages on the available Service CHannel(s)
(SCH). In this way, the CCH will be available all the time to
carry the messages exchanged between neighboring vehicles,
as opposed to vehicles endowed with a single radio transceiver
where a periodic switching between CCH and SCH is required
[9]. The standard IEEE 802.11p developed specifically to
enable Wireless Access in Vehicular Environments (WAVE)
[9] is chosen as MAC protocol. This choice is justified by the
high popularity of this standard protocol, particularly in the US
and EU. Furthermore, communications in realistic scenarios
are performed in the licensed frequency band of 5.9 GHz.
In order to implement our approach, we propose a new
beacons format. In addition to the standard header of an
IEEE802.11 MAC frame, we dedicate a part of the available 2312-bytes data field for the vehicles and the TLCs
beacon payload. If needed, the payload will include adapted

authentication and data security mechanisms since the IEEE
802.11 standard mechanisms are not used in IEEE 802.11p
[9]. We depict in Figures 3(a) and 3(b) two wireless frames
representing the beacons broadcast by the TLC and individual
vehicles respectively.
The TLC beacon carries information about the sender TLC
(its ID), the current traffic light state (i.e. green or red) and
the remaining time in seconds before this state changes. It
also holds information about unplanned incidents (e.g., vehicle
collisions or accidents) or planned incidents (e.g., concerts or
sporting events) ahead. This information will be relayed by
the slave TLCs as well to vehicles in their road segments
to self-adapt appropriately to any potential delays, e.g., make
improved rerouting decisions. When the Smart Adaptation
Engine recommends a new driving policy, this policy is
advertised in the TLC beacon by indicating the policy code,
to which driving direction it is applied and which lanes are
concerned (in case of multiple lanes in one direction), as well
as its validity time in seconds.
Regular beacons broadcast by vehicles are mainly used for
neighborhood awareness purpose as well as to share individual
desires and intentions. For instance, the entity type field is used
to identify the sender vehicle special characteristics as some
categories of vehicles may require particular actions/decisions
to be taken such as ambulances and police cars. The remaining
fields are used to store important information, including the
Vehicle Identification Number (VIN), its current speed, its
position in a given lane and its destination. The last field
serves to share the vehicle desires and intentions by advertising
up to eight desired actions. Each action is recognized by its
code and corresponding value. An action value identifies the
type of action to undertake (such as acceleration, deceleration,
and changing lane), whereas its code could be either 0, 1,
or 2. An action code equals to 0 indicates that the vehicle
has no interest to achieve the action or the action is already
completed, the code 1 indicates the vehicle willingness to do
the action (desire), and 2 means that the vehicle decided to
take the action (intention). To protect the vehicle privacy and
prevent tracking its location the VIN is not a constant value but
instead a frequently changing pseudonym computed following
a robust pseudonyms generation scheme such as [15].

(a) TLC beacon format

(b) Regular beacon format

Figure 3: TLC and regular beacon formats used in our solution

Figure 4: The three maps used in our simulation: from left to
right, Manchester, Los Angeles and Tokyo
IV. P ERFORMANCE EVALUATION
In this section, we present the performance evaluation
results of our solution under three different sections of representative road layouts: Manchester, Los Angeles, and Tokyo
(see Figure 4). The primary goal for this was to test how our
solution’s performance would be affected by the road layout.
A prototype of the proposed solution was implemented
using the traffic simulator SUMO and TraCi client application.
In our simulation, each road map is tested under varying
vehicle densities: 400 vehicles (low density), 600 vehicles
(medium density), and 800 vehicles (high density), and every
vehicle is assigned a random route. In our simulation, we
generated a mix of cars, buses, and trucks to mimic a realworld road network traffic. Before running the simulation
to evaluate the efficiency of our solution, a baseline test
was generated to measure the achieved average travel time
in the three road maps and under the same three levels of
traffic densities. This baseline test represents a road network
controlled by regular TLCs that do not run our solution and
do not exchange any traffic related information among each
other, meaning that no adaptations like the ones recommended
by the Smart Adaptation Engine, as explained in Section III-C,
can be performed during the simulation when the baseline
test is run. All simulations were run 20 times with different
random seed values to get statistically meaningful results that
are reproducible. In total, we used 20 different seed values,
one value for each simulation run.
The obtained results of the achieved Average Travel Time
(ATT) and average ATT improvement in our simulation are
summarized in Table I and Figure 5, respectively. These results
highlight that although the travel time reduction achieved by
our solution, in Manchester map, was not significant in lowdensity scenario (1.7% only), it has increased to reach 4.5%
under medium and high densities. Since the simulated section
of Manchester map (the famous Oxford road) is a straightline road with limited number of traffic lights, the achieved
improvement (i.e. reduction) in the ATT was limited to almost
5% in the best case. This result confirms our expectations as
the impact of our solution is anticipated to be more significant
when the number of junctions (traffic lights) is higher.
The histogram shown in Figure 5 reflects that the ATT measured in the simulated section of Los Angeles road network has
a similar trend as the simulations with the Manchester map.
However, results in this case show much higher improvement,
especially in medium and high-density scenarios (up to 14%).
Here, the number of traffic lights is higher than in the Oxford
road, which gives the master TLCs more opportunities to
send the information regarding the remaining time for traffic
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Figure 5: Average improvement in ATT achieved by our solution in the three road maps
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Figure 6: Impact of our solution on vehicles’ individual efficiency in terms of their increased ATT

cycle, updated policies, etc. towards the vehicles that, in turn,
adapt their speed accordingly and take some actions, whenever
possible, to reduce their travel time to destination. Finally,
in the same Figure, we observe that the ATT results for
the simulated road section of Tokyo map show a significant
reduction even in low-density scenario (7.4%). This reduction
in ATT further increases in medium and high densities to
reach 19.35% and 17.47%, respectively. We argue that this
significant improvement is achieved because this road network
is dense and has large number of traffic lights, thus the vehicles
have more opportunities to benefit from our solution.
Figure 6 shows the percentage of vehicles that have seen an
increase in their ATT when our solution is used. The plotted
results indicate that the vehicles affected by such increase in
ATT do not exceed 3.5% in Manchester, 4.5% in Los Angeles,
and 5% in Tokyo. These vehicles are usually the ones that were
involved in a large number of collaborative actions to achieve a
global benefit at the expense of their individual gain. Since our
solution has achieved a positive improvement in ATT across
all scenarios in the three road maps, this measured negative
impact on the individual efficiency of some vehicles can be
considered marginal given that at least 95% of other vehicles
have seen an improvement in their ATT.
Please note that the above tests are carried out under the
assumption that the penetration rate of autonomous vehicles
is 100% and that the required smart infrastructure is already
deployed. Therefore, the obtained results may vary if these
assumptions are not in place. Any variation in the penetration
rate and any missing component in the deployed infrastructure
will certainly affect, at different degrees, the achieved results
in terms of efficient collaboration between vehicles as well
as their capabilities in communicating with the TLC and
thus interpreting its transmitted updates of driving policies.
Moreover, drivers’ behaviours (if the penetration rate of autonomous vehicles is lower than 100%) and their driving
patterns may significantly affect the efficiency and feasibility

of the proposed system. Accurately studying and quantifying
such impact would require multi-disciplinary efforts, which is
beyond the scope of this work.
V. C ONCLUSION
In this paper, we studied the road traffic congestion issue
and proposed a novel solution that aims to foster autonomous
vehicles collaboration and ultimately reduce their travel time.
Our solution is built upon an extended Belief-Desire-Intention
(BDI) framework whereby vehicles can take collaborative
actions for their individual and mutual benefits. To achieve this
goal, vehicles are supported by an advanced road infrastructure
that could intelligently reason on ongoing events and road
settings to monitor road traffic and recommend actions to
vehicles. Our solution leverages the use of the WAVE standard
to optimize the usage of the available road infrastructure. It
proposes a slight modification to the standard beacon format
which is periodically broadcast by autonomous vehicles for
neighborhood awareness purposes. It also proposes the usage
of a new beacon designed for the TLC to communicate
relevant information as well as temporary update in driving
policies. The preliminary results of our solution prototype
under three representative road maps have proven its efficiency. As a future work, we plan to extend our solution to
accommodate the strict requirements of emergency vehicles
while maintaining a tolerated impact on traffic conditions on
road network and mitigate any potential risk of accidents.
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