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Abstract—Road congestion has become one of the major problems of urban
cities due to the growth in the number of vehicles and the limitation of road in-
frastructure. The consequences of this congestion can be seen through a difficult
movement of vehicles, an increase in CO2 emissions, increasing energy con-
sumption, and stress for drivers. Intelligent Transport Systems (ITS) based on
wireless sensor networks (WSN) have emerged with new solutions and applica-
tion potentials in the context of the Intelligent city.In this article, we study an
approach of using a wireless sensor network to control the traffic lights of several
intersections and optimize their performance by reducing the average waiting
time of users. the proposed adaptive traffic light controller determines the traffic
lights sequence in real-time based on the current traffic situation at the local in-
tersection, the expected arrivals, and the degree of congestion at destination in-
tersections. To evaluate our approach, we construct an intersection network of
twenty-four intersections with high traffic intensity using the SUMO simulator,
The results of the simulation demonstrate the efficiency and practicality of the
proposed algorithm.

Keywords—Coordinated traffic light control, intelligent transportation system,
traffic light control, wireless sensor network for smart mobility.

1 Introduction

The traffic control system allows managing traffic flows, improving the safety of
vehicles and pedestrians on the roads, and facilitating the use of the road network. It is
materialized through measurement and detection systems (video, radar, loop), traffic
light-signaling equipment (traffic lights, sound devices), connection and coordination
devices counting stations, panels with variable messages, and road sensors.

Among these different means of action, traffic lights play an important role in ensur-
ing safety by sharing over time the use of the same space between conflicting flows.
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However, by choosing the duration of each color (green,red) and synchronizing the
traffic lights between them, they also make it possible to manage the flow of the de-
mand. Different methods and a multitude of tools exist to ensure this management by
traffic lights. The predetermined traffic lights plan, which is based on time scheduling,
forms the basis of the management system of the vast majority of cities in the world.
To this basic brick, methods have been added to make it possible to ensure the manage-
ment system-based traffic lights plan adaptation for significant traffic and maintain real
efficiency in wide operating ranges, as long as system monitoring and maintenance are
ensured.

Nevertheless, over the last twenty years, a new family of the traffic control so-called
"real-time" or "adaptive" systems have emerged, which tends to stand out from the tra-
ditional traffic lights plans. It offers more flexibility in the choice of traffic light condi-
tions and allows adaptation to the evolution of traffic over the years without requiring
updating as in the case of fixed traffic lights plans.

This family actually gathers systems that are extremely different from one to another
with different methods and specificities. Most of these systems consider only the traffic
status and the information that precedes the intersection in question. On the other hand,
others are cooperating; they connect the various intersections of the network with each
other to make the exchange of information between neighboring intersections possible.
Sharing this information makes it possible to optimize the traffic according to its state
at the local intersection and its neighbors.

In this work, we propose a traffic light control system for adjacent intersections that
cooperate and adopt a traffic light policy.

The paper is organized as follows: after the introduction, we present the problem and
context in the second section. In the third section, we discussed related literature and
presents the system network. While in the fourth one, we propose a wireless sensor
network topology for traffic monitoring that ensures the availability of traffic status for
a network of road intersections. The fifth section presents our coordinated traffic light
control algorithm to determine the sequence of phases and the time of green light ac-
cording to the traffic on the intersections network. Finally, in the sixth section, we eval-
uate the proposed method via the SUMO simulator, and we demonstrate its effective-
ness by comparing the results to other approaches.

2 Related Works

As mentioned in the previous section, there are two main types of traffic control
management. There is a fixed time controller, with a predetermined and fixed cycle,
and there is also an adaptive controller that modifies the cycle sequence and the duration
of the phases as a function of the numbers of the vehicles present on each lane.

In [1], the authors propose an adaptive controller based on the theory of the queue
and the number of vehicles in each direction as a decision criterion. However, the con-
troller treated in [2] is based on a dynamic fluid model. The system proposed in [3]
detects the level of congestion and abnormal situations in two main highways and for
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four intersections. It makes a real-time decision to determine the green-light interval
for each traffic light at each intersection based on the genetic algorithm.

The self-organization of traffic lights based on historical traffic status data is pre-
sented in [4, 12]. The controller in [5] is cooperative between a network of intersections
and semi adaptive.

In another study [6], the authors proposed a multi-objective scheme ant colony opti-
mization algorithm for a traffic light (ASTL) to control dynamically the cycles of traffic
lights. This solution controls the traffic light by using a nature-inspired solution called
ant colony optimization.

The method proposed in [17] selects the sequence of phases composing a cycle ac-
cording to several criteria which are the presence of priority vehicles, the duration of
the periods without detection of new arrivals, the causes of famine, the total time of
waiting and the length of the queues. In [20] and [21], we inspired by the "Smallest job
first" method of scheduling tasks to run them by a computer processor. We proposed
the "Smallest phase first" algorithm which gives priority to phases with the smallest
queues. Subsequently, in [22], we integrated the waiting time in the algorithm proposed
in [21].

In [16,31,36-39], the authors find that the traffic road control problem at the inter-
sections is a multi-agent system, in which each agent adjusts the traffic lights according
to the traffic variations in real-time.

For intersections control, the main difference between the proposed multi-agent sys-
tems models in the literature exists in their agent design approaches. They choose to
classify different entities as agents, such as an intersection, the traffic light controller,
or a vehicle.

To adapt traffic lights to traffic changes, researchers use reinforcement learning (RL)
methods [19,41-46]. Traditional reinforcement learning is difficult to use and imple-
ment due to two main challenges, the first is the presentation models of the environ-
ment, the second is the modeling of the link between intersections, and the third is the
decision and the environment. To meet these challenges, researchers use deep reinforce-
ment learning techniques, such as Q-Learning and Deep Q-Learning [40, 42, 46].

Problems using reinforcement learning techniques are modeled in most cases as a
Markov decision process which chooses its decision according to three factors that are
the system state (S), the action (A), and the (R) reward function. In the literature, there
are several works based on RL, which propose strategies, that provide a state-to-action
mapping to choose the most cost-effective action for a given state. The goal of those
works is to find the optimal action with the greatest overall reward. These approaches
are generally distinguished by the choice of the three factors listed below. For example,
for the state, some choose the number of vehicles in the queues, or the waiting time,
etc. Using various reward functions can be mono-objective or multi-objective.

Neural networks are inspired by the functioning of biological neurons and implement
learning by experience. In the case of road traffic, several authors have studied this
scheme (examples: [14]). Here, it is a question of a quick classification and learning to
improve them, rather than going through traditional modeling.
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In [7], the authors propose a real-time traffic monitoring system that combines a
wireless sensor network with several fuzzy logic controllers. For each phase, the au-
thors use a fuzzy logic controller to determine the duration of its green light.

To solve the problem of traffic light synchronization, in [32, 43], the authors use a
centralized approach. The main objective of the optimization method, proposed in the
first work, is to minimize the total time delay of the network in a given finite horizon,
while in the second one, is to optimize the vehicle flow in a fixed lapse of time. Simi-
larly, the signaling control method proposed in [29] aims at minimizing queue lengths
and maximizing throughout. In [34], Relative backlog rate-based signaling has been
proposed. The algorithm proposed in [27] is based on the delay to optimize the flow of
vehicles crossing the intersection during the green light. In [30], the authors proposed
two methods, the Minimum Destination Distance First (MDDF) and the First Minimum
Average Destination Distance (MADDF) to maximize the flow of traffic.

In [28], the authors propose a traffic light management algorithm according to the
real-time distribution of vehicle flows around the intersection. The proposed algorithm
also allows the management of the emergency vehicle passage by defining the sequence
of phases in such a lane as to allow the emergency vehicles approaching the intersection
to go green without stopping.

In [18], the authors are interested in a network covering several intersections, and
they extend their proposed solution in [23] to fit an intersection network. They proposed
a distributed algorithm that allows sensors to constantly cooperate and adapt the traffic
lights strategy to traffic conditions. To simplify and make their algorithm effective, they
define a score of three criteria to be used at several intersections to evaluate each move-
ment of an intersection and to select the most important ones according to the vehicles
presented in all intersections.

The traffic information used in these strategies is collected by inductive loops [11],
cameras [6,13], radars, VANET (ad hoc network for vehicles) [15], or a wireless sen-
sors network [1,17,18].

For a controller based on a wireless sensor network, the topologies proposed in the
literature in [1, 10, 118] are composed of a sensor or two per direction to specify the
number of vehicles in the queue. In [24], the authors studied the influence of the choice
of topology with a sensor per direction and two sensors per direction on the average
waiting time. They found that a topology with two sensors gives a reduced vehicle
waiting time compared to that with a sensor per direction.

3 Problem and Context

The constriction of the traffic light plans, cycles, phase sequences, green light dura-
tion, and the traffic light synchronization between adjacent intersections are the basis
of the traffic control system.

In cities, traffic light control systems are generally of two types: static plan control
and adaptive control, that react in real-time to the traffic variations. The first type of
regulation allows the same sequence of phases to be repeated indefinitely with the same
duration of the green light, it is less expensive and older, while the second is more
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efficient and complex. It consists of determining the sequence of green lights according
to the actual traffic situation at a single intersection, for an isolated strategy or coordi-
nated strategy in a network of intersections. For normal cases and in the presence of
emergency vehicles or accidents.

These adaptive systems respond to the changes in road traffic to achieve the follow-
ing objectives: maximizing traffic flow through intersections during the green light,
improving road safety, minimizing vehicles waiting times at intersections, reducing en-
ergy consumption and reducing the number of stops that vehicles must make during
their journeys on the urban network.

Our solution allows adaptive control of road traffic in a network of adjacent inter-
sections. An intersection among these intersections presented in figure 2 consists
mainly of four directions (N, S, E, W), with three movements for each: go straight, turn
left and turn right (figure 1). Turning right will not be considered because vehicles are
always allowed to turn right.

w:: ! T—FE
o

Fig. 1. The studied intersection model Fig. 2. A 6x4 network of traffic
intersections

Each movement of the intersection is represented by a symbol composed of a com-
bination of two characters. Hence, the two characters represent the cardinal directions
(N for the north, S for the south, W for the west, and E for east) for the source destina-
tion. For example, in figure 1, direction W includes movements: WE, WS, and WN.

A traffic phase consists of a set of movements that allows waiting vehicles to cross
the intersection at the same time without conflict. With the model used in this work, we
have eight possible phases that are presented in figure 3.

= | 1| W | =
= || 9 | =

Fig. 3. The possible phases for the studied intersection model.
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Fig. 4. Example of a traffic light cycle.

Considering a network of connected intersections, the main idea of our coordinated
system is to design the phases of a traffic light cycle in real-time, according to the traffic
conditions at the intersection concerned and its neighboring intersections.

e The proposed solution consists of three parts, which are illustrated in figure 5: The
first part is devoted to presenting the traffic monitoring system based on a wireless
sensor network.

e A second part is meant to determine the sequence of the phases in which we specify
the criteria and the process of choice of the next phase. And the last one is about
calculating the duration of the green light according to the vehicle number of the
phase chosen in the second part.

Below, we will explain in detail each one of these parts.

/ 5

Traffic
Baze .
ST , Phaze determination Greem light phaze
station ]

nodes duration

\ | Wirless Sensors Network

\! )

Fig. 5. Chart showing the data flow for traffic light controlling

4 Network Topology and Data Collection

Traffic knowledge in real-time is an essential element for the operation of the road
network and in particular to feed the traffic management systems. A wireless sensor
network is responsible for collecting traffic data such as queue lengths and waiting
times in each road.

The traffic monitoring system used in this document consists of several magnetic
sensor nodes installed in the middle of the road. These sensors are used to detect and
classify vehicles through evaluating the distortion of the Earth's magnetic field pro-
duced by the presence of ferrous objects [26]. It is noteworthy to mention that very few
contributions have proposed realistic models for deploying wireless sensor networks in
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an urban network of intersections as part of an intelligent transport system and the smart
city.

=
#D1 collection of departures (level 1)
A1 collection of arrvals (level 1)
# A2 collection of arrivals (level 2)
D2 collection of departures (level 2)

Fig. 6. WSN topology for an intersection

In figure 6, we have shown the proposed topology to control the traffic lights in real-time.
The topology consists of four nodes per direction, that two of which count the number
of arrivals and the others count the number of departures.

In figure 6, we have presented the wireless sensor network topology used to monitor
the traffic at an intersection. It consists of four nodes per direction, two of which count
the number of arrivals and the others specify the number of departures. Next, we will
explain the role of each sensor in our topology and the reason behind choosing a topol-
ogy with four sensors per direction and not only two sensors as the solutions proposed
in[1, 7,10, 18].

e Node D1: Allows detecting the number of departures, i.e. the number of vehicles
that have left the queue to cross the intersection.

e Nodes Al and A2: count the number of arrivals. The events detected by these two
sensors and those with sensor D1 allow the queue to be calculated and classified the
traffic flow into two classes: a normal class for a queue located between node D1
and A1, and an important class for a queue that goes from node Al to node A2.

o Node D2: Specifies the number of vehicles leaving the local interaction to the nearby
intersection. The information collected by this sensor will be transmitted to the next
intersection on the same lane.

In addition to the other information specified by a topology with two sensors per
direction which are waiting time and queue lengths, with a topology of four nodes per
lane, it is possible to classify the flow and determine the number of vehicles leaving the
intersection to another, so that the latter can predict the number of arrivals.

The distance between sensors on the same input path depends on the number of ve-
hicles that define the size of these flow classes. For a normal class, the distance between
sensors D1 and Al is calculated according to the number of vehicles defining this class
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multiplied by the average length of the vehicles, which is 6 meters. The distance be-
tween the Al and A2 sensors can be defined, for example, as a distance capable of
detecting a queue of 25 vehicles. These values can be adjusted according to the speci-
fication of the number of vehicles that define each flow class.

The events captured by these sensors will be communicated to a decision node via
their wireless interfaces. This node is responsible for collecting traffic data from the
local intersection and traffic data sent from nearby intersections to produce a traffic
signal management decision. It also allows traffic data to be shared with other nearby
intersections via wired or wireless communication.

5 Next Phase Determination

In the case of a coordinated system for adjacent intersections, it is necessary to pre-
dict the number of arrivals at an intersection at any time using the number of vehicles
that have left the adjacent intersections towards that intersection.

Since it is very difficult to instantly assess the exact traffic situation at all intersec-
tions due to its very dynamic environment, we worked with the following assumptions:

o The travel time of a vehicle between two adjacent intersections has a constant value.
The travel is expressed according to the following equation:

Travel = Vg,4/d (D)

By “Travel” means the travel time, Varg is the average speed of the vehicle between
the two intersections that are estimated constant, and d is the distance between the two
intersections.

o Flow conservation, i.e. the number of vehicles entering one roadway front is the
same number of vehicles leaving the other roadway front.

Our proposed solution, in this work, consists of designing the traffic light cycle
phases according to the traffic conditions at the local intersection concerned by this
control, and at the adjacent intersections (figure 7). The wireless sensor network pre-
sented in the previous section collects traffic information in different directions, they
are in the operation of this algorithm.
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D3

Fig. 7. Example of Interactions Between Intersections: local (Li),
source Si and destinations (Dil, Di2, and Di3)

In figure 7, we show an example of the interactions between the intersection at the
center of Li and its neighbors, and for the movements (WS, WE, WN). The intersection
Si represents the source of vehicles that arrives at these movements from the intersec-
tion Li. Dil, Di2, and Di3 are the intersections destination of the vehicles coming from
Li. Arrows in the figure indicate the traffic flow between these intersections.

To introduce the influence of traffic conditions at each of these intersections in the
choice of the next green light at Li, we defined three factors for each movement at this
intersection.

5.1 Factors

F1 factor: This is an indicator of traffic conditions at the local intersection. It allows
privileging movements with large queues in the choice of the next phase that will have
the green light. This indicator is calculated according to the following two equations.

F =

11
20 @)

Q;(t)= AR, (1) + AG, (t) +Q; (t -1) - DP, 1) -
Where:
31 Qy : is the number of vehicles in all the movements of the intersection.
AG;j : The vehicle's number arriving during a green light and for the lane j.
ARj: The vehicle's number arriving during the red light and for the lane j.
Q;(t): The queue length for lane j and cycle t.
Q;(t — 1): The vehicle numbers that remained from the last green light.
DPj : The departures number during a current green light.
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F2 factor: At the beginning of each phase, the controller must predict the number of
vehicles that will arrive at the intersection before the end of the next phase. The role of
this factor is to minimize the number of stops at intersections, synchronize traffic lights
between intersections and create green waves. To calculate it, it is first necessary to
determine the number of vehicles that have already left the intersection Si to Li and
trying to reach Li before the end of the next phase that has a green light duration re-
quired for the waiting queue calculated by the factor F1.

To specify the value of F2, the controller uses the data captured by sensor D2 at the
intersection Si.

In the following figure 8, we show the time variations in the movements of the two
vehicles v1 and v2 between the intersections Si and Li.

N
TG 3
Travel (v2)
Travel (vl

~

Ll
o
-~
,d(“[) LoD ]p(r]) ’p(l'z) lr

d

Fig. 8. Travel of two vehicles v1 and v2 between two intersections as a function of time.
Any vehicle verifies the following inequality shall be considered in the factor F2.

t, <ty +Travel <t +GT @

With, tp is the starting time of the next phase, and tdj is the moment when the vehicle
j left the last intersection. Travel is the travel time between the two intersections.

The green time for the next phase GT is estimated according to the following equa-
tion:

GT =4+2*Q,
(®)

Qi is the length of the largest queue of movements in the next phase.
Provided that Njis the number of expected arrivals during the phase, the movement
jand Y3 N, are the numbers planned for the entire intersection. F2 is given as follows:

(6)
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F3 factor: This third factor indicates the congestion degree at destination intersec-
tions. It allows the controller to focus on movements leading to slightly loaded inter-
sections rather than congested intersections.

ngé if Q;#0else Fy =1 @)
J

Qj is the number of vehicles at the destination intersection, and precisely in the lane
connecting the local intersection and the destination intersection (Li to Di in figure 7).

After calculating the three factors for each movement, we determine them for all
phases of the intersection concerned by this control and which are illustrated in figure
4,

For a phase P composed of two movements (M1, M2), the three factors (F1, F2, F3)
are calculated as follows:

FR(MD)+F(M2)

F(P) =

2 ®)
F,(P) = F,(M1) + F,(M2)

2 9)
£, (P) = F(MD + F(M2)

2 (10)

For each phase P, a score S (P) will be defined as the weighted sum of these three
factors, according to the following equation.

F (P) + BF,(P) + /5 (P)
a+pf+y (11)

S(P) = =

o, B and y are three weights that can be used to give complementary importance to
each of these factors.

5.2  Selection procedure of the next phase

Finally, at the end of each phase, the controller chooses the phase that will be given
the green light according to the following rules:

e Case 1: If traffic flow class at the local intersection is of the important
class(F1>Icongestion the degree of congestion), then only the congestion problem at
that intersection is addressed. Thus, the next phase will be the phase with the largest
F1, i.e. the phase with the largest queue.

o Case 2: If the first case is not achieved, we start at the third factor F3 to determine
the degree of congestion at the destination intersections.
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o |If F3 exceeds a threshold that defines the critical state of congestion(F3>Icritical),
then all directions from the local intersection to this congested intersection will be
eliminated from the next phase selection and the third case will follow.

o Case 3: If the first case is not realized, then the next phase will be the phase with the
maximum score defined in equation 11.

e Case 4: For an isolated intersection that has no F2 and F3, the decision is based only
on the first factor F1, from which the next phase will be the phase with the largest
F1.

5.3  Light length determination

In this work, the cycle represents only a succession of phases that compose all the
possible movements. Unlike most strategies, there is no explicit concept of a cycle. The
phases follow one another, and COTLA ensures it all.

Once the movements are selected, in line with the criteria outlined in the previous
sections, the controller calculates the green light time of the phase according to equation
11.

TG is calculated based on the load of the track with the largest number of vehicles.
This leaves the possibility of being able to empty all the concerned lanes at the inter-
section.

Te =max(Tg +T, *Q_, T, ) "
TG is delimited by a minimum time and a maximum time Tmax. A phase that is too
short may not leave enough time for a queue to unload. Conversely, a phase that is too
long increases the waiting time for the drivers present on the other phases, without this
being useful.
In some systems, this time is calculated dynamically and ranges from a minimum
time to a maximum time [33, 35].

6 Simulation and Evaluation

To evaluate the performance of our approach, accurate information on vehicles trav-
eling at an intersection is necessary. Ideally, our model should have been tested on ex-
isting crossroads and compared its performance against the solutions discussed in the
literature review. Unfortunately, we do not have access to such intersections, and we
do not have enough information on any models to replicate them and compare their
results with ours. Therefore, we used the SUMO simulator [25], which models the be-
havior of vehicles at the various crossroads flows. This simulator allows us to reproduce
user behavior by generating observations that would normally come from the detectors.

Our simulation tool allows determining a set of information about each vehicle, such
as: waiting for time, position, fuel consumption, CO2 emission, etc. The behavior of
vehicles varies according to the type of flow to which they belong (turns left, turns right
and goes straight), their initial position, and the condition of the traffic light.
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We tested our approach in a network of intersections, 6x4 intersections (figure 9),
separated by a distance of 1 km.

oy gy

¥
-
¥
)
-

i

Fig. 9. The controlled intersection in SUMO

The simulations are performed for 1300 seconds, and 3600 vehicles enter intersec-
tions according to a constant fish distribution between 0.1 and 0.05.

As in reality, vehicles are considered to enter the coverage area of a crossroads and
a network of adjacent crossroads continuously, the simulation of continuous flows must
be performed to test the influence of the proposed algorithms on traffic. The four control
criteria (average waiting time at an intersection, average queue length, fuel consump-
tion, and CO2 emission) will be studied separately to test the influence of our traffic
control approach on these criteria.

Finally, we will also compare the simulation results of our approach with some ex-
isting regulation strategy results that are:

o A fixed time controller with four phases of 25- or 20-seconds duration and which is
illustrated below:

<tlLogic id="0" type="static" programID="0" off-
set="0">

<phase duration="20" state="GrrGrrGrrGGG"/>

<phase duration="25" state="GrrGGGGrrGrr"/>

<phase duration="25" state="GrrGrrGGGGrr"/>

<phase duration="25" state="GGGGrrGrrGrr"/>

</tlLogic>

e The TSTMA algorithm proposed in [1], which prioritizes the lanes with the largest
queue (isolated strategy).

e The SPF method, which uses the smallest queue (isolated strategy) as the criterion
for choosing the next phase.

16 http://www.i-joe.org



Paper—Coordinated Signal Control System in Urban Road Network

o Adaptive TOPIOCA algorithm for connecting intersections, it is proposed in [18]
(coordinated strategy).
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Fig. 10.The average waiting time comparison
between the four controllers
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Fig. 14. The arrivals numbers: comparison between the four controllers.
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Figure 10 shows the average waiting time for each vehicle in the simulated road
network and according to the five methods used. Our approach is working best. Our
algorithm can reduce the average waiting time to 33%, 11%, 23%, and 7% respectively
for static controller, ASTMA, SPF and TOPIOCA algorithms.

While the algorithm achieves the best results by reducing the average queue length
(figure 11). However, the reduction rate is very low compared to the one obtained by
our COTLA algorithm, which is 0.1%. Our algorithm has a reduced rate of 41% in the
average queue length compared to the static controller and 2% compared to SPF and
TOPIOCA.

Figure 14 shows the number of vehicles arriving at their destinations during the sim-
ulation time and with the five methods. The results show that the largest numbers of
arrivals are obtained by our COTLA method followed by the TSTMA and TOPIOCA
methods. This means that a road network with traffic controllers using our COTLA
algorithm is less loaded than a traffic network with one of the other controllers.

Figure 12-13 respectively represents the volume of the fuel consumption and the
amount emitted in CO2 by the vehicles in the simulation. The results show that COTA
and TSTMA give the lowest fuel consumption and CO2 emission with the same re-
duced rates for both: 10% compared to the fixed-time controls, 17% for the TOPIOCCA
algorithm, and 1 % compared to the SPF.

In summary, based on these results, our coordinated algorithm for a network of con-
nected intersections reduces network load, waiting times, and energy consumption as
well as improves traffic flow. Moreover, CO2 emissions are better than adaptive con-
trollers in isolated intersections or fixed-time controllers. Indeed, SPF and TSTMA are
two adaptive algorithms that exploit certain parameters to optimize one or two objec-
tives, such as the average waiting time of each vehicle and the length of the queue in
each lane. Their weakness is that they change the traffic based on the data measured at
the intersection, and they do not try to predict the entry of new vehicles at the intersec-
tions. COTLA and TOPIOCA, however, manage the vehicle flow sequence in the in-
tersection using its surveillance system (the first-level sensors installed at the intersec-
tion concerned by the traffic signal control), and the data from neighboring intersection
sensors, which will be used to predict traffic status for a given time and for synchroniz-
ing the traffic lights.

7 Conclusion

In this article, we have proposed an adaptive traffic light control approach for mul-
tiple intersections using a wireless sensor network. The traffic light control algorithm
allows traffic light controllers to cooperate and adapt the control policy to traffic con-
ditions at multiple intersections. In addition to adjusting the traffic lights to the traffic
conditions at the intersection concerned by this control, the algorithm predicts the num-
ber of arriving vehicles at the intersection during the next phase and calculates the de-
gree of congestion for the intersection’s destinations. Our approach takes into consid-
eration traffic conditions in nearby intersections to favor less dense intersections than
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the most congested ones, and to decrease the average waiting time and the number of
drivers’ stops.

Using the SUMO traffic simulator, we simulate the traffic on a network of twenty-
four intersections.

The simulation results obtained by our algorithm are better than those obtained by a
fixed time control or control strategies for isolated intersections. The results demon-
strate the efficiency and practicality of our approach to reduce average vehicle waiting
times and queue lengths, thereby reducing road network load and improving traffic
flow.

In future work, we will build networks based on several intersection models with
different road traffic scenarios to assess the performance of our approach in different
scenarios. Also, we will equip the traffic monitoring system with the ability to detect
emergencies (such as the presence of ambulances, trucks, public transportation, etc.)
using less expensive sensors; implementing appropriate emergency measures to rank
priorities.
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