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ABSTRACT KEYWORDS
Despite the fact that agent technologies have widely gained popularity in distributed systems, their potential Agent Technology,

for advanced management of vehicle traffic has not been sufficiently explored. This paper presents a traffic Coordination,
simulation framework based on agent technology and fuzzy logic. The objective of this framework is to act on Communication, Fuzzy
the phase layouts represented by its sequences and length to maximize throughput and fluidize traffic at an Logic, Traffic Signal
isolated intersection and for the whole multi-intersection network, through both inter- and intra-intersection Regulation.

collaboration and coordination. The optimizing of signal layouts is done in real time, and it is not only based on
local stream factors but also on traffic stream conditions in surrounding intersections. The system profits from
agent communication and collaboration as well as coordination features, along with decentralized organization,
to decompose the traffic control optimization into subproblems and enable the distributed resolution. Thus, the
separate parts can be resolved rapidly by parallel tasking. It also uses fuzzy technology to handle the uncertainty
of traffic conditions. An instance of the proposed framework was validated and designed in the ANYLOGIC
simulator. Instantiation results and analysis denote that the designed system can significantly develop the
efficiency at an individual intersection as well as in the multi-intersection network. It reduces the average travel
delay and the time spent in the network compared to multi-agent-based adaptative signal control systems.
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I. INTRODUCTION With this being considered, the Multi-agent Cooperative Traffic
Signal Optimization (MCTSO) is proposed to maximize the signalized
HE optimization of signal light control in urban areas is at the intersection throughput and reduce congestion in urban arteries
forefront of research in the field of Artificial Transportation with three contributions: (1) the real-time optimization is introduced
Systems (ATS). ATS can be implemented by different approaches to adapt the system in a timely way to the continuously changing
and technologies. The widely used artificial intelligence techniques  conditions and disturbances, supported by online monitoring of the
for optimizing traffic signals are the Genetic Algorithm, Artificial optimum indicators to detect congestion and maintain the system not
Neural Network, Fuzzy logic, Multi-Agent System (MAS), Case- far off from the suitable operating point as much as possible. (2) Two-
Based Reasoning, and Reinforcement Learning (RL). In this paper, we  stage coordination, including intra-junction coordination, which is
combine agent technology and fuzzy logic to design a cooperative real-  enabled to prioritize the higher congested stream, and inter-junction
time traffic signal optimization system, where the signal control plan  coordination, whichisused to generate a fluidized scenario downstream
is frequently updated to meet the non-stationary traffic state. Agent of the congested stream, is used. (3) Distributed collaboration control,
technologies have been widely accepted as one of the most responsive  splitting the network into sub-areas whose control is easier, is used to
tools to deal with a wide-reaching distributed system. That’s why  allow parallel-tasking. Therefore, the functionality of an MAS will not
agent-based systems are well suited for the traffic and transportation  reside in the agents themselves, but will be ubiquitously distributed to
domain, since these systems are geographically distributed in a non-  allow the system to perform tasks in parallel, avoiding an additional
stationary environment [1]. Agents can use perceptive data and  computational cost [3].
received information from other agents to achieve their goals. Each
agent can cooperate with neighboring agents and adjust his reactions
in real time to his surroundings as they change. Therefore, multi-
agent technology treats a complicated system in a distributed manner;
it splits the complex control system into simple subtasks, therefore
allowing parallel and fast decision-making [2].

In this article, we propose a distributed and adaptative, as well
as online, optimized traffic signal control scheme enabled by a
decentralized multi-agent system, where each group of agents
represents a signalized intersection control unit, each group
coordinates and collaborates with adjacent surrounding groups, and
each group achieves local optimization, taking into consideration
global network optimization. We use an artificial fuzzy logic algorithm
to tackle the fuzzy condition of the road environment. Our proposed
MCTSO differs from existing approaches due to agent specialization.
The group contains specialist agents for each role, and it is designed
E-mail address: a.ikidid@gmail.com and adapted to a specific task, which allows us to improve the agent
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efficiency and make its role more accurate. Additionally, in MCTSO
the combination of two-stages of coordination and collaboration
aims to develop a clearer view of the environment, make decisions of
common benefit, and avoid local optimization.

The rest of the paper is organized as follows: The second section
analyzes and discusses the related works about intelligent traffic signal
control and artificial intelligence techniques. The third section gives
a global overview of the traffic control problem. The fourth section
details the proposed multi-agent system. The fifth section provides
the detailed results of the simulation tests carried out on the AnyLogic
platform. Finally, we conclude in the sixth section.

II. RELATED WORKS

The MAS is rapidly growing as one of the most powerful popular
technologies proposed to solve complicated problems in different
fields, such as electrical engineering, computer science, electronic
commerce, civil engineering, and transportation systems.

In a transportation system and with the diversity of actors involved,
agent technology can be used in the various components of the system,
such as drivers and vehicles [4] [5], traffic light [6], phases [7], and to
handle diverse aspects, e.g., congestion [8], the green transportation
system [9], and route guidance[10]. In urban traffic networks,
signalized intersections are one of the most important and influential
ingredients, and the traffic signal is the most utilized instrument for
scheduling and managing traffic flow. In what follows we analyze and
discuss succinctly several studies that use a multi-agent system and
artificial intelligence techniques to perform intelligent traffic signal
control.

Regarding the architecture of multi-agent-based signal control, most
approaches usually divided the road network into regions or sub-parts
that cover one or more intersections. These sub-parts are controlled by
a cell of one or more agents. The organizational structure of agents can
be modeled in various ways. The organizational structure determines
the interactions, roles, and structures of the agent’s community. It can
be designed in many forms, such as flat, hierarchical, holonic, teams,
and federation [11].

Many studies have reported using a hierarchical scheme to
manage the traffic signal. Jin and Ma [12] use reinforcement learning
to introduce a hierarchical multi-agent-based control scheme. The
agents are categorized as the region agent (RA), intersection agent
(IA), and turning movement agent (TA), listed in the order of the
hierarchy. Communication and cooperation between agents at equal
levels are elevated through the decentralized representation of the
framework. Nevertheless, agents at the lower level have to reach an
accord between their own goals and those given by the agents on the
next level up. Like Jin and Ma, Xu et al. [13] introduced a three-layer
optimizing control system that includes intersection controller agents
(ICAs), sub-zone controller agents (SZCAs), and network controller
agents (NCAs), which represent the lowest, middle, and highest
layers, respectively. The interaction takes place across all levels to
optimize the signal timing strategy, while coordination is granted by
the SZA. Nonetheless, besides the overcharge data at higher levels,
the focal decision process might produce a bottleneck in these levels,
lengthen the response time, and limit the system’s scalability. Flat [14]
and holonic [15] structures are also proposed for multi-agent-based
traffic signal control. Otherwise, it is widely recognized that there is
no specific operating multi-agent architecture that is absolute for all
traffic signal control systems; additionally, various operating models
can be combined.

Pre-timed signal control cannot adapt to the non-stationary traffic
state. It has been a while since interactive system control became a

trend in traffic management. The first appearance of adaptative
traffic control was in the last decade of the second millennium, with
the release of the cycle and offset optimization technique (SCOOT)
in the 1980s, the Sydney cooperative adaptive traffic system (SCATS),
and the green link determining (GLIDE) system. Thereafter, these
adaptative control systems were implemented in many countries to
manage traffic control in metropolitan areas, and others have been
developed ( for a review of the self-adaptive traffic signal control, see
[16]).

Recently, more focus has been placed on multi-agent-based systems
for urban traffic management [17]. It has been proposed that several
transport system problems be solved in a distributed manner. However,
disturbance management requires particular abilities that a MAS
cannot guarantee alone. Consequently, to create intelligent traffic
signal controllers, a MAS integrates various intelligent techniques.
For example, many models combined the multi-agent approach with
the RL approach to optimize a signal timing plan [18]. The agents
employ their ability to communicate with the environment to learn
and optimize their decision-making behavior. Foremost among the
model-free RL methods, Q-learning (QL) is the model most used
by researchers using multi-agent reinforcement learning (MARL) in
intelligent traffic light control. A work [19] uses fuzzy Q-learning
and agent technologies to develop a traffic lights control framework.
Each agent interacts with neighbor agents by getting a reward from
each decision. . The control decision is made by using the number of
vehicles input to schedule green phase duration. The aim is to maximize
the reward and decrease average delay time. El-Tantawy et al. [20]
improve the travel time and overall delay using QL and a decentralized
junction-based model. The model-free RL can be implemented when
dealing with a non-deterministic model of the environment, as it does
not require pre-assignment of the environment.

Concurrently, some researchers investigated the potential of
fuzzy-logic-based control, which has a rule-based inference system
and is based on human reasoning. FL is suitable for handling the
control of a single intersection [21] characterized by uncertainty,
fuzzy circumstances, inexact data, and typically controlled by rules.
Because the MAS has a restricted capability to deal with fuzzy
circumstances, the incorporation of an MAS and fuzzy inference can
show considerable effectiveness in enhancing signal settings in traffic
light control [22] [23].

In these studies, the cooperation mechanism is limited at the inter-
junction level, which reduces the local control efficiency in favor
of global control. Also, the concentration of fuzzy logic in one level
creates an overload at fuzzy components. Our proposed multi-agent
control system is a model based on the two levels of coordination and
collaboration, local at the intersection and within the surrounding
neighbors. Each intersection is represented by a controller group
in which the decision is made via two levels of fuzzy logic and
coordination with adjacent group controllers.

III. TRAFFIC CONTROL PROBLEM DESCRIPTION

According to the US Census Bureau, metropolitan areas will
contain 6.7 billion people [24]. This growing urbanization increases
the traffic road demand because of a high number of vehicles seeking
to use the road infrastructure. Road traffic in urban areas is a nested
phenomenon, on the one hand because of the many contributors
that act autonomously and on the other hand because of the
uncertainty of the road network. When the number of vehicles on an
infrastructure exceeds its capacity, traffic congestion occurs, resulting
in slow movements and queues that stretch over time. Therefore, the
congestion is a parallel evolutionary anomaly, in both space and time.
Consequently, to inexpensively mitigate this anomaly, we can optimize
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traffic space occupation with an acceptable delay. Signal control is the
basic method and an effective one to alleviate congestion as well as
to fluidize traffic at the intersection [25]. Optimized signal control
can significatively increase infrastructure capacity and reduce travel
time [26]. Additionally, it helps to reduce fuel consumption and the
emission of air pollutants and improves the health of citizens, too [27].

A. Signalized Intersection Features

A road intersection is a crossing of several roads that contains three
functional zones (Fig. 1) managed by a tricolor traffic light; the red
queues the vehicles in a storage area, the green gives access to the exit
zone through the conflict zone, and the yellow is a transition period
from green to red to allow the vehicles to evacuate the conflict zone.

Exit area

Storage area

Fig. 1. Functional areas of an intersection of two one-way roads.

B. Intersection Network Modeling

The intersection network is viewed as a disturbed system that is
modeled by a strongly connected oriented graph G = (C, A), where
(C) is a set of nodes that represent the intersections and (4) is a
set of arcs that represent the links that connect these intersections.
Each intersection, as a component of the disturbed system, has
its own requirements; therefore, it coordinates with its adjacent
intersection. Two intersections connected by an arc are considered
adjacent. Adjacent intersections cooperate and share their data to
achieve a common goal of the system, which is to optimize traffic flow
management.

Each arc A is bounded by two intersections: i, the initial junction
and the arc flow origin, and j, the terminal junction and the arc
flow destination. Downstream of an arc is the group of succeeding
arcs SuCC(Aij) = {A].k, (i, j, k) € C}, where the outflows of the arc
can be routed. Upstream of an arc is the set of predecessor arcs

pred(Aij) = {4,,(i,j,k) € C} where the inflows of the arc arrive.

An arc is characterized by static information, such as the storage
area length and max capacity, and dynamic information, namely the
state of the traffic signal at the stop line of the arc (green or red). The
concentration T (1) at a given segment is the number of vehicles N (in
private vehicle units, PVUs) using this segment at a time t, relative to
the segment length.

To() =T(p > p+8p,0) = - W

An intersection has a set of incoming arcs E(i) = {Aﬂ, (i, ) e}
and a set of outgoing arcs S(i) = {Aﬁ, (i, j) € C}. All intersections are
controlled by a signal light, concerning the colors to be used and also
their succession or order of appearance. A green phase is a lap of time
during which a group of compatible arcs is activated, i.e., the arc flows
are allowed to cross the intersection. The cycle is the appearance order

of all of the phases, and a traffic control strategy is the scheduling

method that defines how the phases participate in the cycle and their
layout (length and sequence). Fig. 2(a) shows an intersection with 4
incoming and outgoing arcs and 4 adjacent intersections. Fig. 2(b)
gives a representation of a cycle, phase, and the arcs that are activated
during each phase.
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Fig. 2. Representation of activated and not-activated arcs in a 4-phase traffic
light intersection. (a) Intersection with 4 incoming arcs and 4 outgoing arcs;
(b) truth table of 4-phases and the arc cycle for each phase.

An intersection is considered congested if it does not manage to
evacuate all of the storage areas of the activated arcs after a green
phase time; in other words, it is considered congested if the stop time
of an incoming arc exceeds the cycle time duration.

IV. AGENT MODELING

The organizational design of the urban traffic-responsive control
system (UTCS) is spatially and functionally distributed. Each
intersection is viewed as a network sub-section and controlled by
a community of autonomous, cooperative, and intelligent agents.
Commonly, agents are perceived as analyzing at a level with an
abstraction upper than components and objects, which makes a MAS
suitable for complex and distributed problems.

The proposed MAS has a decentralized architecture with two
levels of collaboration. Each signalized intersection is controlled by
an intersection control group (ICG), which defines the signal control
strategy. This strategy optimizes phase layouts while it is executed to
meet the continuously changing surrounding environment, whereas
the control of the whole intersection network is fully distributed and
is accomplished through the collective and coordination capability
of ICGs. In sum, the system goal is achieved with two levels of
coordination, which are the following:

« Inter-junction collaboration: This allows coordination between
connecting ICGs.

« Intra-junction collaboration: This allows interactions between the
agents belonging to the same ICG.

We build our MAS by applying the concept of the model-driven
architecture (MDA) [28] to construct our system. We propose to create
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an increasingly detailed system from the abstract to a concrete concept
following a process in five stages as follows:

1. Select the organizational structure of the MAS.
2. Analyze the system requirements.

3. Structure the UTCS into groups of agents.

4. Identify agents and roles.
5

. Implement the generic structure of an agent-oriented system in
the AnyLogic simulator.

A. The Organizational Structure of the MAS

The selection of the organizational structure is a very essential
stage in MAS development and has an impact on the succeeding
stages. Various specifications drive the definition of the organizational
structure, including the environment characteristics, the architecture
of the real-world organization, the ability of the MAS to support the
computation and coordination complexity of the scenario, and the
necessity of respecting the organizational rules and minimizing the
complexity of the design.

Our proposed MAS has a decentralized architecture with two levels
of collaboration based on the metamodel AALAADIN [29], which is
built on three main notions: agent, group, and role. Fig. 3 shows a
diagram of this model.

Agent: The agent is defined as an active entity that communicates
and plays a specific role inside its group. The metamodel does not pose
any constraint on the internal architecture of agents.

Group: The group is an atomic aggregate of agents sharing services
with other groups. Each agent belongs to a group; in our case, the
concept of belonging to a group is limited to one group.

Role: The role is an abstract representation of an agent’s tasks,
function, or activities. Each agent can have multiple roles, and each
role is accomplished by an agent group.

We define the organizational structure as a decentralized set of
group sharing services.

belongs

1

belongs
Agentlnrole
structured
b
uses have i
Role

* *

Fig. 3. Organizational structure of the group of agents.

B. Analyzing the System Requirements

The functional architecture of the UTCS includes a set of
components. Fig. 4 represents the main components of a regulation
system. These components generate an optimized traffic control
strategy based on the following scenario:

+ The optimization process is initialized after each recurring interval
to update the traffic signal control plan.

+ The captures are placed at the stop line of the incoming arc to develop
a local view of the traffic conditions by observing the storage areas.

+ The incoming arcs are monitored to define and update the
arc traffic state indicators. These indicators are calculated by
observing the local state collected by the captures and considering
that of succeeding arcs.

« During the optimizing process, if the degree of saturation in the
downstream is intolerable, the upstream indicators are adjusted to
slow evacuation and relieve saturation.

+ The coordinator provides the traffic condition stat of connecting
intersections and shares the local intersection stat.

« The phase managers use the traffic state provided by arc monitors
to define the phases’ states and request a traffic signal control
update.

+ The cycle time is prefixed and divided between all intersection
phases. Unused lap time will be reallocated to other phases or
subtracted from the cycle time.

+ The intersection controller updates the control strategy during the
progress of the cycle.

« Each arc has a right to green time one and one time only in the
cycle, and all the links with at least one queued vehicle at the stop
line should have green time.

« The pedestrian phase is outside of the scope of our approach.

succeeding arcs stat

Coordinator arc state indicators Arc Monitors

Captures

Monitoring data collection

Exchange data Phases Managers
with connecting
intersection \

Update control plan request

Road Network

Legend

Component intersection controller — | | traffic control
strategy
[] Object [] Update

Fig. 4. Components of intersection control.

C. Structure the UTCS Into Groups of Agents

We assume that the structural aspect of a MAS consists of two
parts: a classification structure and a role structure (see section D). The
classification structure indicates how agent groups are determined
and how they interact with each other. This classification is based on
the roles of agents and their social interactions. To structure the agent
community into groups, we rely on the classic software engineering
rule: high cohesion and low coupling. Therefore, agents sharing more
roles and goals will be in the same group, and agents that do not share
roles, or have few common roles, are placed in two distinct groups.

The representation of a UTCS by a MAS is based on a mapping
between the UTCS and MAS that we propose (Table I). Commonly,
each intersection is managed by a group control that consists of five
main components: an arc monitor for each incoming arc; two phase
managers, one for the green phase and the other for the red phase; a
coordinator; and an intersection controller.

TABLE 1. ALIGNMENT oF UTCS / MAS

UTCS component Agent Group

Arc monitor

Phase managers Intersection Control Group

(ICG)

Coordinator

intersection controller

D. Identify Roles and Agents

The MCTSO applied to the signalized intersection network contains
a set of ICGs. Each ICG was assigned to an intersection and charged
with full control over the incoming streams. Each ICG includes
a number of agents classified into 5 types: an ARC agent, which is
associated with each incoming arc, two Phase agents (the Active Phase
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agent (APA) manages the current green phase and the Inactive Phase
agent (IPA) manages other phases), a Coordinator agent (CA), and a
Decision agent (DA).

1. ARC Agent

Each incoming arc is managed by an agent. The goal of this kind
of agent is to monitor the arc storage area in a timely and continuous
manner. Arc agents have only a local view of the environment. To
minimize the complexity degree of the system, no agent can have a full
overview of the network. They use sensors placed at the stop line that
cover the whole storage zone to define the arc state, taking into account
the outflow streams. Depending on the signal state at the arc stop line,
the arc stat is defined by the urgency indicators when the signal is
red, which are the stop ratio (SR) and congestion ratio (CR). They are
calculated using data collected from sensors and the congestion ratio
from downstream (CRd) received from the Coordinator agent. When
the signal is green, the arc stat is defined by extend indicators, which
are the CR and CRd.

SR (2) represents the waiting time ratio of vehicles in the storage
area and is defined as the duration of elapsed red time since the last
switch (t,) divided by the cycle length (c) minus the total yellow signal
length (t,). CR(3) is the number of enqueued vehicles in the arc storage
zone over the capacity of the arc.

SR =

ts

T -ty (2)
__T
(R=rex 3)

where Tmax is the maximum concentration of vehicles in the arc; T,
is the concentration at an instant t; ¢_is the vehicle stop time on the red
signal; c is the cycle length; and ty is the yellow signal length.

To reduce the phase transitions when there is no traffic, arcs waive
their green turn by setting the urgency indicators or extend indicators
equal to 0 when

« There are no enqueued vehicles in arcs, since the empty arc does
not need green time.

« The CRd is equal to or greater than 1, which means that the
concentration downstream surpasses or reaches its maximum
capacity, since the congested outgoing arc is not able to get more
inflow.

This type of agent will be conscious of all of the other intersection
agents. It cooperates with the Coordinator agent to define the arc
traffic condition state, with the phase agents to propose the suitable
phase layout update and with the Decision agent to implement the
optimized control strategy.

2. Phase Agents

A phase is seen as a state machine. This automaton has two states:
Active and Not Active (Fig. 5). Depending on the states of a phase, we
have adopted two agents to manage all phases in an intersection: the
APA, which manages the activated phase, and the IPA, which manages
the not-activated phases.

Extend current green phase

D Active

Selected to
green time

Not Active ﬁ

Extend current green phase

Change current
green time

Fig. 5. Phase state.

The goal of the APA is to maximize the green time allocated to the
arcs that make up the current green phase, while the IPA’s goal is to
reduce the stop time of the other phases. The phase agents compete;
each agent seeks to extend its active time and otherwise limit the time
of the other phase agents.

a) IPA

The IPA controls the phase sequences. It selects a phase from all
phases, except the current phase and the already activated phase in the
cycle, to be a candidate for the next green time. This agent examined
the urgency degree of approved phases by evaluating arc urgency
indicators provided by arc agents; a phase is represented by the most
urgent arc. The phase urgency degree is obtained by the fuzzy process
after the verification of the max/min constraint.

Selection of candidate phase:

The candidate phase is calculated through the collaboration and
coordination with the Arc and Coordinator agents. The IPA is the
controller of phase scheduling and sequence. It proposes an advisable
phase order for the current traffic state. The flowchart of the candidate
phase selection process is presented in Fig. 6 and consists of six steps:

Step 1. The IPA starts the phase selection process by creating
a collaboration-group and initializes it to the list of all intersection
arc agents classified in the phase set (one arc agent may belong to
many phases).

Step 2. The IPA sends a request to the collaboration-group members
to inform them that the phase selection process has been started and
orders them to begin calculating the arcs’ urgency indicators.

Step 3. Each arc agent of the collaboration-group calculates its
urgency indicators.

Step 4. The IPA receives all responses and calculates the urgency
degree of each phase using a fuzzy selection mechanism. The highest
urgency phase will be selected and suggested to receive green time.
The selected phase and its urgency degree value will be sent to the
Decision agent.

Step 5. If the suggested phase gets the green time, the IPA removes it
from the collaboration-group list; it also removes their arc agent if they did
not belong to other phases of the current collaboration-group members.

Step 6. The phase selector waits a predetermined time (min. red
time) and returns to step 2 while the collaboration-group is not empty.

]
s

[ Get Arcs urgency indices ]

l

{ Fuzzy inference mechanism ]

l

Phases Priority

l

[Select highest priority phase]

Candidate
activated

Send selected phase and
priority degree to DA

No

Remove it from list

Delay
MinRedTime

Collaboration-group
is empty?

Fig. 6. Flowchart of the candidate phase selection process.
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Fuzzy selection mechanism:

The IPA combines the inputs CR, CRd, and SR to create the urgency
degree output of the candidate phases. The outputs of the phase agents
are used as input in the DA process to make the final decision.

The membership functions SR, CR, and CRd are standardized.
According to this, there are four membership functions, including
Small (S), Medium (M), Large (L), and Very Large (VL), for these
inputs. The linguistic variables as well as the membership functions
are shown in Fig. 7. The technique used in all of the defuzzification
process is the Center of Gravity (COG) method.

INPUT_VAR

1,00
=
5 075
2 0,50
§
£ 025

0,00

0,0 0,5 1,0 15 2,0 25 3,0

ASAaVLAL M

Fig. 7. Membership functions of inputs.

To define the most appropriate phase for green time, a set of rules is
defined for the phase selection process. Fig. 8 shows several rules that
were used to perform the system simulation. The “AND” operation is
performed by using the max t-norm (Lukasiewicz).

RULE : IF CR IS MAND CRd IS S AND SR IS S THEN UrgencyDegree IS S ;
RULE : IF CR IS MAND CRd IS S AND SR IS M THEN UrgencyDegree IS M;
RULE : IF CR IS MAND CRd IS S AND SR IS L THEN UrgencyDegree IS L ;
RULE : IF CR IS MAND CRd IS MAND SR IS S THEN UrgencyDegree IS S ;
RULE : IF CR IS MAND CRd IS MAND SR IS M THEN UrgencyDegree IS M;
RULE : IF CR IS MAND CRd IS MAND SR IS L THEN UrgencyDegree IS L ;
RULE : IF CR IS MAND CRd IS L AND SR IS S THEN UrgencyDegree IS S ;

Fig. 8. Fuzzy rules of phase urgency degree determination process.

b) APA

This type of agent is charged with managing the activated phase.
Its goal is to maintain if possible the green time for the current phase
until it has evacuated all of its enqueued vehicles. Using the extended
indicator provided by active arc agents, it calculates the phase extended
degree. The extended degree indicates the extended green time need
level. To define the extension need degree, the APA collaborates with
the set of arc agents involved in the current green phase.

The phase extender process is executed after each 1/3 of allocated
green time, which the same as the min. red time. This will synchronize
the two-parallel process of phase agents. The APA starts the extend
process by sending a request message to the agents managing the
active arcs demanding the extend indicators.

The extended indicators of all active arcs will be passed into the
fuzzy mechanism to determine the phase extend degree and send it to
the DA to request an extension. As mentioned previously, the input CR
and CRd are standardized. An example of the rules used to define the
extended degree is shown in Fig. 9.

RULE : IF CRIS S AND CRd IS M THEN ExtendDegree IS PNo;
RULE : IF CRIS S AND CRd IS L THEN ExtendDegree IS PNo;
RULE : IF CRIS M AND CRd IS S THEN ExtendDegree IS PYes;
RULE : IF CRIS M AND CRd IS M THEN ExtendDegree IS Maybe;
RULE : IF CRIS M AND CRd IS L THEN ExtendDegree IS PNo;
RULE : IF CRIS L AND CRd IS S THEN ExtendDegree IS Yes;

Fig. 9. Fuzzy rules of phase extend degree determination process.

3. Coordinator Agent

The objective of the CA is to coordinate with the connecting control
group. It represents the communication interface agent of the ICG and
plays a mediator role in all external communications. It exchanges
the state of incoming arcs with the adjacent CA group member. It
takes the succeeding arcs stat request from the local arc agents and
contacts the CAs of the appropriate groups to get the requested data
and response to the request. For its part, it provides the local arc stat to
other groups. The CA controls all of the interaction flow with the ICG
outside the environment, and it assures coordination and collaboration
with others.

4. Decision Agent

The DA is the agent axis of our architecture; it decides to extend
the active phase or switch to the selected phase. The decision is made
in a collaborative way to avoid local optimization. The DA receives
simultaneous requests from phase agents and then decides via fuzzy
inference to either extend the current phase or to switch to the
candidate phase. This agent sends the final decision to the phases and
arc agents in real time.

The DA starts the decision process by checking the parameters of
the phases to evaluate if the max. elapsed time of red and green time
is reached. Then, it uses a fuzzy mechanism to make the decision and
informs the phase and arc agents. Fig. 10 shows the decision-making
process.

Start process

+ v
Get Extended Get SelectedPhase
request request

Back to ISA

Inform Phases
agents

Set Active phase
to selectedPhase

Extended the
active phase

Fig. 10. Fuzzy decision mechanism.

The DA uses the phase urgency degree and extend degree provided
by the phase agents to make the final decision. As in Fig. 11, there are
five membership functions, including Zero (Z) Low (L), Medium (M),
High (H), and Very High (VH), for the phase urgency degree. For the
extended degree, there are five membership functions, including No
(N), Perhaps No (PNo), Maybe Yes (MYes), Perhaps Yes (PYes), and Yes
(Y). Finally, there are only two membership functions for the decision
to switch to a candidate phase: No and Yes.

The decision-making process is based on a set of fuzzy rules. Fig. 12
shows an example of these rules.
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Fig. 11. Membership functions.

RULE 13 : IF ExtendDegree IS Mybe AND UrgencyDegree IS Mybe THEN Decision IS No ;

RULE 14 : IF ExtendDegree IS Mybe AND UrgencyDegree IS PYes THEN Decision IS Yes ;
RULE 15 : IF ExtendDegree IS Mybe AND UrgencyDegree IS Yes THEN Decision IS Yes ;
RULE 16 : IF ExtendDegree IS PYes AND UrgencyDegree IS No THEN Decision IS No ;
RULE 17 : IF ExtendDegree IS PYes AND UrgencyDegree IS PNo THEN Decision IS No ;

RULE 18 : IF ExtendDegree IS PYes AND UrgencyDegree IS Mybe THEN Decision IS No ;

Fig. 12. Fuzzy rules of the decision process.

The interaction of different agents in the designed MCTSO is
illustrated in Fig. 13. All agents have a communication model to
perceive their environment and handle the exchanged data flow
within the agent society. A common Agent Communication Language
(ACL) has been used to fulfill the communication model goals.

¢ Control

Exchange data
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R |/ Ve ~N
ICG .
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Current phase Agent
extended degree . _ Extend indicators Local stat .
[ — ) — >
le—
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! ° iControl . s >
: ‘«——| M Decision Neiboring stat
: o= Agent Arc
| I Agent
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P N J
| Control _
' ° i ICG " Exchange data

Fig. 13. The architecture of the MCTSO.

V. EXPERIMENTAL RESULTS AND PERFORMANCE ANALYSIS

The performance of the proposed system is validated and designed
in the ANYLOGIC simulator, which is used to handle both the agent
modeling and traffic simulation using a virtual road network that is
shown in Fig. 14. It consists of 9 intersections controlled by 9 ICGs.

Fig. 14. Road network.

The fuzzy inference mechanism has been programmed in the JAVA
language, using jFuzzyLogic, an open-source Fuzzy Logic library, and
an FCL language implementation, which offers a fully functional and
complete implementation of a fuzzy inference [30]. To link jFuzzyLogic
to AnyLogic, we add the jFuzzyLogic library to Java external libraries
in AnyLogic [31].

Fig. 15 describes the procedure of setting up a simulation for the
MCTSC system. First, the road network is extracted in image format.
AnyLogic is then used to convert the image into a simulation network.
After obtaining the simulation network, vehicle mobility is generated
using an origin-destination matrix. The arrival rate is adjusted to
simulate the different scenarios of traffic demand. Then, the agent-
based-modeling approach of AnyLogic is used to implement agents,
and jFuzzyLogic library to handle the fuzzy decisions.

Simulation of
urban traffic

Traffic conditions
Traffic light information

Agent Modelling

~»  Results

Scenarios

Road network update control

strategy

Origin-destination
matrix

State
variables

Control
variables

Jfuzzy Logic

fuzzy
knowledge base

Fig. 15. The procedure of simulation.

A. Experimental Setup

In the study area, the frequency of entry at the source point is
adjusted to simulate the varying traffic demand from the peak hour
to the slack period. During the simulation, new vehicles are generated
with an origin-destination matrix (OD). The OD simulates requests
for network uses and represents possible situations of urban traffic
conditions. The evaluation is carried out at both local intersections, to
evaluate the local optimization, and for the whole network, to evaluate
a global optimization.
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Arcs are monitored up to the storage area length. We assume that
the arc storage area can be varied proportionally to the lane number
and the length of the given link. For links longer than 400 m, we
monitor the point 150 m from the stop line, or 30 PVU, with 5 m as the
typical car length, and all of the links in the other cases.

B. Results and Analysis

We assess the performance of MCTSO by referring to two control
methods, namely the adaptative traffic signal optimization and
adaptative multi-agent traffic signals control proposed by [32]:

« Adaptative traffic signal optimization (ATSO): standard version of
the proposed MCTSO without agents.

« Adaptative multi-agent traffic signals control (AMTSC): represents
a control traffic signals method based on multi-agent systems to
control the traffic signals. The agents are organized in holonic
architecture and a holonic Q-learning method is adopted to learn
signals timing in two holarchical levels.

Since a feasible approach should smoothly deal with different traffic
conditions, all control systems are tested on similar conditions and
under 3 different scenarios: the first scenario allows the assessment
of the performance of methods under low traffic demand, with 18000
PVU/hour as arrival rate. The second scenario describes medium traffic
demand and represents a moderate congestion situation, with an arrival
rate of 27000 PVU/hour. The third scenario provides results for high
traffic demand with an arrival rate of 36000 PVU/hour. Each method is
run for 180 minutes in each scenario case. Each case is repeated for 50
iterations to increase the reliability of the collected results.

In this study, the vehicle travel time and travel speed are chosen
to build up an overview of the general performance of the control
methods. The travel time represents the time between the departure
of the vehicle from the origin point and the arrival at the destination
point. Such criteria will provide us with the optimization level of
our approach, and it includes the average stop time and network
throughput indices.

Table II depicts the average vehicle’s travel time and speed for
each assessment scenario. It particularly shows that MCTSO allows
the fastest travel time under all scenarios, and by consequence
improves the number of vehicles that can use the network and reach
their destinations compared to the other control methods. The results
show that all control methods have acceptable performance under
the first scenario, due to the low level of traffic flow. Increasing the
arrival rate causes the congestion to get worse; the ATSO method
presents an unacceptable travel time and speed. Thus, ATSO is not
proficient with medium and higher congestion levels. At the higher
level of congestion, our proposed method optimizes both travel
time and speed, and it reduces these criteria compared to other
controllers. We notice that in low traffic demand the average travel
time attained by our proposed framework is 16,71% lower than that
in ATSO, 6,82% than the AMTSC. While in medium traffic demand
the corresponding improvement of the proposed framework is 20,36%

and 11,08, respectively. The improvements become more important in
high traffic demand and attain 37,65% compared to ATSO and 22,05%
compared to AMTSC. As to the average travel speed, we observed that
the MCTSO provided 8,26% according to the ATSO model and 4,82%
improvement according to AMTSC in low traffic conditions, while this
improvement rises 20,91% and 13,21% according to ATSO and AMTSC
respectively in normal traffic density. In a heavy density scenario, the
proposed model has better speed performance about 26,57% compared
to the ATSO model and 16,76% compared to AMTSC. Furthermore, the
standard deviation of the vehicle’s travel time and travel speed of the
proposed approach is lower than that in the other control methods.
A high standard deviation means that there is a large amount of
variability among the data, while a low standard deviation means that
the data is less spread, thus very reliable. Consequently, the proposed
approach is more reliable.

In addition, the ANOVA two factor with replication test yields a
p-value of ~ 0 (3,39E-40 for travel time and 2,18E-97 for travel speed)
that is much smaller than the 0,05 level of alpha significance, meaning
that the changes in used control methods had statistically a significant
impact on the travel time in different traffic demand.

The reduction in travel time is due to the reduction in the set of
key performances and by consequence, in a set of intersection indices.
Fig. 16 summarizes the intersection metrics’ key performances.
The measurements are first locally aggregated in each intersection
and at each time over evaluation scenarios; then, the performance
average and other indices are calculated. The measurements show
that MCTSO outperforms other controllers’ methods in almost all
metrics. Unfortunately, other methods failed to optimize green time
management to mitigate traffic conditions.

Regarding the indices in Fig. 16, our proposed controller gives
more throughput cars with less green time in all scenarios. This is due
to optimizing the splitting of green time over all phases, reutilizing
unused green time in phases with no cars in the storage zone. Also,
the reduction in the average red time minimizes the travel time. The
results also show a reduction in the number of cycles per intersection,
which means that the system is suspended due to an empty storage
zone in all intersection arcs. This augments the performance of the
control system and makes evacuating the surrounding intersection
more likely.

The results show that the proposed system is a practical approach
and works smoothly with different traffic conditions.

VI. CONCLUSIONS

In this paper, a Multi-agent Cooperative Traffic Signal Optimization
(MCTSO) is proposed to reduce congestion on urban roads by
optimizing traffic light control with three contributions. First, the
MCTSC interactive system involves real-time optimization. Second,
there are two levels of coordination, the inter-junction and intra-
junction, to avoid local optimization and build a control strategy

TABLE II. PERCENTAGE IMPROVEMENT IN TRAVEL TIME AND SPEED OVER THE OTHER CONTROL METHODS

low traffic demand medium traffic demand high traffic demand
Parameters ATSO AMTSC MCTSO ATSO AMTSC MCTSO ATSO AMTSC MCTSO

Avg. travel time (s) 76,00 69,56 65,12 96,00 88,60 79,76 130,96 116,12 95,14
Standard deviation of delay 7,84 6,78 4,07 7,62 6,77 4,55 7,33 6,57 4,55
improvement travel time (%) 16,71% 6,82% N/A 20,36% 11,08% N/A 37,65% 22,05% N/A
Avg. travel speed (km/h) 38,76 40,03 41,96 29,13 31,11 35,22 22,51 24,4 28,49
Standard deviation of delay 8,34 7,76 5,08 7,86 7,49 4,15 8,61 6,26 4,22
improvement travel time (%) 8,26% 4,82% N/A 20,91% 13,21% N/A 26,57% 16,76% N/A
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Fig. 16. The intersection metrics’ key performances. The first chart shows the average green time assigned to active phases, the second chart shows the average
red time assigned to inactive phases, the third chart shows the average number of cycles, and the fourth chart shows the average intersection throughput. All
these measurements had been taken for each method and under different scenarios.

that takes into consideration all connecting intersections. Third,
distributed control restricts the cooperative scope in neighbors and
allows the parallel control.

The proposed system can handle a large multi-intersection
network with many alterations in the road infrastructure, and hence
facilitates extensibility. The system also increases the robustness and
throughput of the network, as shown in the simulation executed in
the AnyLogic simulator. The performance of the proposed approach
has been compared to the same approach without agents and
another adaptative multi-agent optimization. In these performance
comparisons, the average travel time and speed were selected as
signaling performance criteria. In low traffic demand scenarios,
the proposed Multi-agent Cooperative Traffic Signal Optimization
model provided 16,71%-6,82% improvement in average travel time
and 8,26%-4,42% improvement in average travel speed compared
to both adaptative traffic signal optimization and adaptative multi-
agent traffic signals control respectively. These improvement values
become more important when traffic demand increases and the traffic
congestion goes worst, and they are respectively up to 37,65%-22,05%
for average travel time and to 26,57%-16,76% for average travel speed
compared to adaptative traffic signal optimization and adaptative
multi-agent traffic signals control models in high traffic demand.
Both local and network performance keys are investigated based on
the computational experiments in different traffic condition scenarios.
The proposed agent-based optimization shows a better result and can
adapt smoothly with different traffic demands. It can significantly
optimize performance keys such as travel time, stop time, intersection
throughput, and so on.

In the future, the framework shall be further extended to other traffic
control fields. For traffic signal control, one extension of this approach
is to include priority vehicles and add the special management of
priority links. Meanwhile, it is necessary to develop the intelligent
optimization approach for operations concerning large uncertainties
in the road network, such as disturbances and emergencies.
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