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ABSTRACT
Traffic planning and management is an important task for governments to achieve a proper func-

tioning of the cities. The configuration of road signs and traffic lights is part of this process. The

selection of an appropriate configuration is modeled as a variant of the traffic light cycle optimization

problem (TLCOP), which is NP-Hard. To evaluate the impact of each configuration, agent-based

simulations can be performed. Based on the importance and complexity of the problem, the objec-

tive of this paper is to present and evaluate a metaheuristic scheme to solve it and analyze solutions

obtained. The algorithms were applied to six zones of Havana, Cuba. Among all the algorithms

used, the genetic algorithm obtained the best performance.
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RESUMEN
La planificación y gestión del tráfico es una importante tarea para los gobiernos en aras de lograr un

correcto funcionamiento de las ciudades. Como parte de este proceso se encuentra la configuración

de las señales alternativas y las luces de los semáforos. La selección de la configuración adecuada

se modela como una variante del problema de optimización del ciclo del semáforo (TLCOP), el cual

es NP-Duro. Para evaluar el impacto de cada configuración se puede utilizar la simulación basada

en agentes. A partir de la importancia y complejidad del problema, el objetivo de este trabajo es

presentar y evaluar un esquema metaheuŕıstico para solucionarlo. Los algoritmos fueron aplicados a

seis zonas de La Habana, Cuba. De los algoritmos aplicados, el Algoritmo Genético obtuvo el mejor

rendimiento.

PALABRAS CLAVE: metaheuŕısticas, semáforo, señales alternativas, simulación basada en

agentes, optimización

1. INTRODUCTION

Traffic light configuration is currently a complex task in traffic planning and management. This is

known as the selection of the duration times that make up its light cycle (green, yellow and red). To
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this problem add the decision of which vertical road signs to place, such as “Stop” and “Yield” signs,

which are the most common [26]. Additionally, it should be seen where to place them within a given

region, when a traffic light is not necessary.

The optimization of traffic control could reduce the effects such as traffic congestion or jams, traffic

accidents, environmental pollution by gases or noise, among others. In addition, when a deficient

signal configuration is installed, material and labor costs are wasted [18].

The generation of signal configurations derives in the well-known traffic light cycle optimization prob-

lem (TLCOP). This problem consists in selecting the best combination of duration times for the traffic

lights [31] and belongs to the NP-Hard complexity class [13], as do its extensions. Additionally, in

this work, vertical road signs are incorporated to this problem. These configurations must sometimes

be generated in real time. This implies that new configurations must be generated in a short interval

of time. The objective function would consist of minimizing the waiting time of the vehicles in a given

configuration.

The placement of vertical road signs usually occurs only once and remains for a long period of time.

However, in exceptional traffic situations, such as energy surges, lack of synchronization between traffic

lights, or deterioration of the traffic light infrastructure, a method is needed to obtain configurations

based on this road signs in a short time, and which can be modified [6].

In NP-Hard problems, the use of heuristics appears as an alternative to obtain good solution in less

time. Specific variants of the problem have been presented and solved using hybrid metaheuristics

[5, 2, 31].

Additionally, in order to evaluate the obtained configurations, simulation techniques are used. There

are several types of simulation including Monte-Carlo, agent-based and dynamic system simulations

[17, 37]. It is not possible to determine which type of simulation obtains the best results for all types

of problems. Depending on the model to be used and the type of simulation applied, the results will

be favorable or not [17].

Agent-Based Simulation (ABS) has been widely used for problems related to Traffic Engineering [23].

ABS allows modeling and simulation of realistic scenarios [16]. Intelligent agents have an autonomous

and proactive character that fits perfectly with the social behaviors of drivers and pedestrians on

urban roads [25].

Based on the above, the objective of this paper is to present an approximate scheme to solve the

problem of generating traffic lights and vertical road signs configurations. Each configuration is eval-

uated using an ABS. Four classical metaheuristics [7] are used: Simulated Annealing [32], Threshold

Limited [24], Evolution Strategy [28] and Genetic Algorithm [28]. Finally, the results show which of

the algorithms gives the best performance.

The article is structured as follows: in Section 2. a literature review of the TLCOP and its solution

techniques is presented. Then, in Section 3. the TLCOP variant and a simulation-based optimization

problem are described. In Section 4. the heuristic scheme to be applied is proposed and in Section

5. an experimentation for six areas of Havana, Cuba, is carried out. Finally, Section 6. contains the

discussion of the results and Section 7. presents the conclusions of the research.
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2. REVIEW OF TLCOP AND ITS SOLUTION METHODS

The TLCOP has been a widely investigated problem [10, 11, 38]. The problem consists of finding

the best combination for the duration times of the traffic lights in a given region. This is a multi-

objective problem and the different objectives can be: maximize the number of vehicles arriving at

their destination within a specific time period, maximize the average vehicle speed of all vehicles in

the region, minimize the waiting time of all vehicles in this region, and minimize the queue length and

thus time for all intersections in the region, among others [38].

There are several definitions of TLCOP with different objectives. Among them vary the objective

function, as well as the constraints and the problem parameters. In [11] a TLCOP objective function

is defined that includes all of the above objectives:

F (τ) =
Σ

V (τ)
v=1 jv(τ) + Σ

V (τ)+C(τ)
v=1 wv(τ) + C(τ) · St

V 2(τ) + Cr
(2.1)

where τ denotes a solution consisting of:

V (τ): the number of vehicles that arrives the destination;

C(τ): the number of vehicles that do not arrives the destination;

jv(τ): the travel time of vehicle v;

wv(τ): the waiting time of vehicle v and

St: the simulation time.

These values are calculated with internal equations from the times defined for the lights. For this

expression all values must be in the range of [1e + 0 . . . 5e + 2] and the times of the lights must be

integers greater than 0.

The decision variables of the problem are the duration times of the lights of each traffic light. In the

extensions of the problem, the authors decide whether these times are synchronized or independent

[35]; in this proposal are modeled independently. The general parameters of the problem include the

number of existing traffic lights and their location, the vehicular flow of the region and the schedule

of the day. Each new presentation of the problem may include other parameters that are considered

influential in the evaluation of the solutions [15].

The solutions are represented by a list of integers that means the control plan of the duration times

of all the traffic lights in TLCOP [31].

2.1. Solutions for TLCOP

Methods to solve TLCOP has been investigated from two main approaches: the application of simu-

lation techniques [23] and the use of heuristic methods [15].

TRANsYT [34] is a tool for the simulation and optimization of traffic signals. It optimizes the

configuration of the signals through an objective function that is a linear combination of the delay

time and the number of stops of the vehicles in the simulated network. Microscopic simulation has

also been used to imitate road networks and Simulation of Urban MObility (SUMO) [4] is an example.

SUMO is a scalable agent-based traffic simulator in network size and number of vehicles simulated.
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Another example of agent-based microscopic simulation is MATSim [33], which simulates the traffic of

a vast region throughout the day. MATSim pursues an activity-based approach to demand generation.

Approximate algorithms have been explored because TLCOP and its extensions are NP-Hard [19].

Developing an effective search algorithm for adjusting traffic lights in an urban area improves the

performance of traffic lights and helps to reduce traffic congestion.

In [31], an integration between a grey wolf optimization algorithm (GWO) and a grasshopper opti-

mization algorithm (GO) is proposed to obtain a new algorithm called grey wolf with grasshopper

optimization (GWGO). The solutions are evaluated using SUMO and the resulting simulation shows

that hybrid metaheuristics provides an effective way to simplify the control methods of the traffic

light. In [5] a hybrid metaheuristics based on Tabu Search (TS) and Variable Neighborhood Search

is proposed in order to optimize the model known as MAXBAND. The aim is to maximize the time

that vehicles travel without being stopped by any traffic light through the placement of road signs.

In [10] a model is proposed that minimize the total vehicle delay time and the total pedestrian delay

time within a finite time range. Metaheuristics, such as Harmony Search (HS) and Ant Bee Colony

(ABC), are used to solve the problem.

In [12] a tool that statistically studies the traffic flow and evaluates the lighting policy is proposed.

It uses metaheuristic algorithms of the Simulated Annealing type for the optimization problem that

can be single-objective or multi-objective. Simulation is also used to evaluate the proposal.

In [27], a Genetic Algorithm (GA) was implemented to minimize the delay at an intersection by search-

ing for red and green cycle intervals. The objective function minimizes the delay at the intersection

and increases the progressive traffic flows on the roads. A method for optimizing signal control pa-

rameters for intersection control based on GA is proposed in [21]. The control objective is the average

vehicle delay, and the control variable is the ratio of green signal to cycle time. The GA with a fitness

calibration method and an adaptive cross mutation function is used to solve the signal control model.

The solutions are evaluated using a simulation in MATLAB [3]. In [20] the performance of different

versions of a GA were used: standard GA, the sequential GA, and the voting GA. It was determined

that the sequential GA is most efficient. In this proposal they use an agent-based simulation tool

developed by the authors.

The survey did not find solutions that consider others road signals as an element of the TLCOP. The

search for optimal solutions is focused on the correct selection and synchronization of the timing of

the traffic lights.

3. MODELING SIGNAL CONFIGURATION OPTIMIZATION PROBLEM

This section presents an optimization scheme to solve an adaptation of the TLCOP. This adaptation

includes the placement of traffic lights and others road signs in the available corners of the map.

The objective is to minimize the waiting time of vehicles. Ideally this objective can be achieved by

setting all phases of the traffic lights to green. In practice this action is not possible. At a traffic-light

intersection there must be at least one phase on red to guarantee the staggered passage of vehicles in

order to avoid congestion and accidents.

To represent the solution of the problem, a code list with size C is used, where C is the number of
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signals located on the map. Each position in the list will have the form {index : signal}, where index
represents the index of the corner (in the list of corners created by the simulation when loading the

map) and signal will be the identifier of the placed signal. In each corner a vertical sign (V) or a

traffic light (S) could be placed. The traffic lights would be represented by the times of each light of

the cycle (Green, Red, Yellow) and the vertical signs would be “Stop” (P) and “Yield” (Y). Figure 3.

shows an example of encoding the solution for a map with 22 corners where a “Stop” sign is placed

in the corner 3 and a “Yield” sign is located in the corner 18. The traffic lights are placed at corners

12 and 22, and the green, red and yellow times are (25, 15, 3) and (68, 24, 3) respectively.

3:P 12: 25,15,3 18:Y 22: 68,24,3

Stop

Traffic lights

Yield

Figure 1: Example of codified solution

3.1. EVALUATION OF CONFIGURATIONS USING AGENT-BASED TRAFFIC SIM-

ULATION

An agent-based simulation is used to evaluate the solutions of the problem. The simulation begins

with the selection of the control parameters by the traffic analyst, such as: the duration times for

each traffic light, the probability of vehicles committing a violation, the portion of the map to be

simulated, and the weather conditions under which the simulation will take place.

Once the environment is opened, the analyst places the road signs at the desired intersections and

starts the simulation. Different agents interact in the simulation. The behavior of each of the agents

is described below:

� Agent Traffic Light: Checks if the light’s time is finalized and changes for the next one. For

each phase of the traffic light (one for each access road) and depending on the light that is active,

there will be a group of streets allowed and others not.

� Agent Arrival: Checks time between arrivals selected by the analyst. Creates another vehicle

type agent if time has elapsed. Otherwise it does not perform any action and continues waiting.

� Agent Vehicle: Behaves like a vehicle deciding whether to obey the signals or not. They can

cause accidents, overtake lanes, break down and decide on the speed at which they travel.

� Agent Environment: The variables of temperature, humidity and rain are displayed by the

environment and the vehicles receive the corresponding notification so that they moderate their

speed taking into account the environmental state at all times.
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Figure 3.1. shows an example of the simulation environment with the agents traffic light, vehicle and

arrival. Also two vertical signs placed and the environmental state at a given point of the simulation

are shown. The example corresponds to the solution previously showed in Figure 3..

Temperature: 30 C
Humidity: 80
Rain: NO
Hour: 12:00m - 2:00pm

Road

Vehicle

Stop

Yield

Arrival

Traffic Light

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

Figure 2: Simulation environment elements

When simulation ends, the waiting time of all simulated vehicles is averaged. This time is stored for

each vehicle agent by adding up the seconds it has been stopped.

4. APPROXIMATE SOLUTION METHOD

Metaheuristics are high-level heuristics that can be used in a general way to solve any optimization

problem in an approximate way. They are applied to problems that cannot be solved by exact methods,

being popular in the solution of NP-Hard problems. According to the No Free Lunch theorem [36, 1]

no metaheuristic is better than another for all optimization problems. Therefore, a scheme composed

of initial solution or population generation methods and mutation and crossover operators is proposed

to be used in classical metaheuristics.

4.1. INITIALIZATION METHOD AND NEIGHBORHOOD OPERATORS

First, Algorithm 1 presents to the method of generation of the initial solution. This method follows

a heuristic based on a factor H, with the objective of obtaining from the beginning possible good

solutions of the problem. The H factor responds to the proportion between the time that the vehicles

must wait with the time that they have to advance. The smaller this factor is, the longer the time to

move forward, and therefore the less waiting time in the simulation. This ratio will never be equal to

0 because there must always be at least one phase in red.

Second, for the search of new solutions a mutation operator is applied. This operator selects one of

the corners that compose the code. If the signal in the selected corner is a traffic light, the mutation

is performed as shown in Figure 4.1.. If it is a vertical sign the value is changed (if there is a “Stop”

it becomes “Yield” or reverse).
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Algorithm 1 Initialization Method

Input: list of corners

Output: initial solution

1: for every corner in the map do

2: get vertical sign set

3: if there is a traffic light then

4: Best = ∞
5: repeat

6: set TV, TR, TA in range and complete cycle of [35-120]

7: compute H =
TR+TA+3ΣEij

TV ▷ variables that increase the waiting

8: update Best ▷ time among variables that decrease it

9: until H < Best

10: end if

11: end for

12: return Best

12: 25,15,3 22: 68,24,3

12: 30,10,3 22: 68,24,3

12: 25,15,3 12: 30,10,3

If  P <= 0.5 {+G; -R}
If  P > 0.5 {-G; +R}

random select value [0-1]
P = 0.42

new solution

(a) Mutation Operator

3:P 12: 16,24,4 22: 45,18,3

12: 25,15,3 22: 68,24,3

12: 25,15,3 22: 45,18,3

3:P 12: 25,15,3 22: 45,18,3new solution

s1

s2

(b) Crossover Operator

Figure 3: Operators Procedures

Finally, the application of the Genetic Algorithm needs to define a crossover operator. Figure 4.1.

shows the procedure of this operator. This is a point-based crossover operator for common corners

between solutions. Exclusive corners of a single solution are added directly to the new solution.

5. EXPERIMENTATION

The objectives of the experimentation are:

� To compare several metaheuristics using the propose scheme to solve the problem.

� Characterize the configurations generated by the algorithms.

The algorithms used are: Threshold Limited (TL) [24], Genetic Algorithm (GA) [29], Evolution

Strategy (ES) [29] and Simulated Annealing (SA) [24].
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To obtain the results, 15 executions with 5000 iterations were performed for each algorithm. The

parameter’s configuration of the algorithms is presented in Table 1. The average, maximum and

minimum waiting time metrics are used to compare the results.

Table 1: Algorithms configuration
Algorithm Parameter Value

Simulated Annealing

alpha (α) 0.9

Initial temperature 0.0

Final temperature 20.0

Same temperature iterations number 20

Threshold Limited Threshold 0.5

Evolution Strategy

Selection by Truncation 2

Replace Type Generational Replace

Count Ref 4

Genetic Algorithm

Selection by Truncation 2

Replace Type Generational Replace

Size of Population 4

Mutation Probability 0.5

Crossover Probability 0.9

The simulation was performed on a PC with: Hewlet Packard Pavilion, 8GB RAM, Intel i5-6200U

processor @ 2.3GHz and Windows Pro x64 OS. The simulation and heuristics were implemented using

the Java programming language. The scheme for the metaheuristics was also developed in Java using

the BiCIAM library [8].

5.1. DESCRIPTION OF THE INSTANCES

Six data-sets obtained from a map of Havana, Cuba, are used to evaluate the proposed methods.

Table 2 shows the characteristics of the instances and the initial configuration.

Table 2: Instances description
Instance Number of corners Total of signals Number of traffic lights Number of road signs

a - 23 St. & L St. 43 17 10 7

b - Agua Dulce 35 10 6 4

c - Ciudad Deportiva 32 9 7 2

d - Carlos III & G St. 9 6 4 2

e - Túnel de la Bah́ıa 18 6 4 2

f - Virgen del Camino 17 7 5 2

The agent’s configuration is shown in Table 3. The used data correspond to the standard behavior of

infractions and accidents in Cuba. Information on traffic light times, violation probabilities, accident

probabilities, among other parameters directly related to traffic, are posted by traffic analysts based

on their mastery of the subject. Other calculable parameters such as expected congestion and number

of vehicles expected at each traffic signal are obtained from the mathematical model presented in

[22]1.

1Test data set available at: https://raw.githubusercontent.com/amoreno98/simulation-model-

data/main/parameters.json
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Table 3: Configuration of simulation agents
Parameter Value

Red light infringement probability 0.005

Vertical sign infringement probability 0.002

Collision probability 0.0001

Lane overtaking probability 0.02

Vehicle breakage probability 0.00001

Temperature - Humidity 30◦ C - 80%

Daytime hours 11:00 AM - 1:00 PM

5.2. COMPARISON OF THE RESULTS

In view of the first objective, Table 4 shows the results obtained by the algorithms for each of the

evaluated instances. For each algorithm, the waiting time of the best and the worst solution and the

average of the 15 executions are presented.

Table 4: Waiting times (s.) obtained by the algorithms

Instance
TL GA ES SA

Best Average Worst Best Average Worst Best Average Worst Best Average Worst

a 20.7 33.7 41.0 22.1 29.6 39.7 22.3 31.3 43.4 20.2 31.7 41.7

b 21.2 30.8 45.9 21.5 30.2 43.3 22.1 32.4 42.7 21.9 36.7 46.1

c 19.6 25.9 32.1 17.3 25.1 30.7.4 19.4 26.4 33.0 18.7 26.7 31.1

d 18.9 22.4 28.2 19.5 23.1 27.0 18.8 25.4 33.8 15.5 23.1 30.7

e 17.9 21.3 28.4 17.5 23.9 29.1 18.5 22.4 29.9 18.2 22.1 28.6

f 18.4 21.9 29.1 18.1 21.6 29.2 19.8 22.3 30.2 19.4 22.1 30.0

The GA algorithm is the one that obtains the best solution the most times, followed by SA and then

TL, while the worst ones are generally generated by the ES algorithm. For most of the instances the

best average results per execution are provided by GA.

The waiting time takes values between [15.5 - 46.1] seconds. The waiting times obtained by the

metaheuristics are considerably shorter than the times obtained by the initial configurations performed

manually for each instance.

The difference between the worst and best solutions obtained by the metaheuristics shows that the

implemented operators converge correctly to good solutions for the problem. In the best solutions

the total waiting time of a vehicle when leaving the simulation will be between two and three times

shorter than the waiting time of the worst solutions.

To analyze if there are really significant differences between the algorithms we use the average metric.

We apply the Friedman test and then the posthoc methods Holm [14] and Finner [9]. The Friedman

test is performed with an α = 0.05. The null hypothesis (H0) is: all algorithms are equal. The

alternative hypothesis (H1) is: all algorithms are different. The tests were executed using the KEEL

tool [30].

The Friedman statistic (chi-square distributed with 3 degrees of freedom) was obtained with a value of

5.75, and the p−value = 0.024427. This result evidences that there are significant differences between

the algorithms. Table 5 shows the ranking of the Friedman test and the posthoc results. The ranking
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shows that the GA has the best performance for the instances.

Table 5: Friedman test results

Algorithm Ranking Posthoc

TL 2 -

SA 3.0833 >

GA 1.75 *

ES 3.1667 >

From this comparison we can concluded that the only algorithm that does not present significant

differences with respect to GA is TL.

For achieving the second objective, we analyze the configurations that were generated by the algo-

rithms.

Table 6 shows duration times obtained by the algorithms for best and worst solutions (green, red).

The average times for those lights are also showed. The yellow light was maintained between [3 - 5]

seconds for all configurations.

Table 6: Summary of the duration times generated by the algorithms

Instance
TL GA ES SA

Best Average Worst Best Average Worst Best Average Worst Best Average Worst

a 40, 20 58, 23 30, 35 40, 25 60, 21 28, 32 45, 22 55, 25 29, 25 38, 21 57, 22 30, 30

b 48, 28 50, 30 35, 18 50, 26 55, 29 45, 46 52, 30 53, 28 25, 30 44, 20 52, 32 48, 50

c 46, 23 61, 28 55, 52 51, 19 60, 27 36, 30 52, 22 60, 33 33, 45 50, 25 62, 30 50, 45

d 55, 23 59, 31 30, 40 45, 18 66, 29 55, 60 57, 30 63, 30 30, 33 50, 20 58, 34 25, 45

e 55, 28 63, 24 40, 42 52, 30 68, 22 19, 40 58, 31 64, 23 30, 36 60, 35 70, 25 39, 42

f 30, 16 60, 32 45, 50 35, 22 71, 30 60, 55 30, 18 65, 35 35, 34 25, 15 68, 50 26, 38

We can notice that GA has generally lowest red time average and highest green time average. The

balance between green and red times is essential to ensure a minimum waiting time.

The best and worst balances between green and red times are also shown. This duration times are

generally in correspondence with best and worst waiting times observed in Table 4, with the exception

of Instance (a), whose best balance corresponds to the second best waiting time.

This demonstrates the importance of selecting both synchronized times. Lower green time implies less

time between red phases. Higher red times implies directly higher waiting times.

After analyzing the times obtained by the solutions, we will see also their structure, taking by reference

Instance (a).

Figure 5.2. shows the signal configuration obtained in the best solution of the GA algorithm. It can

be seen that the vertical road signs are generally placed at intersections close to the traffic lights. In

this location they serve as flow controllers with constant waiting time for vehicles before reaching the

traffic lights, and thus the waiting time at the red light decreases. In addition, their placement helps

to avoid accidents, which are another waiting factor on the road.

The areas with more traffic lights correspond to primary streets with high vehicle demand, while the

areas with no traffic lights correspond to secondary or residential streets.
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Figure 4: Configuration analysis for Instance (a)

For this instance, initially were placed “Yield” signs at intersections 5, 18, 41, and the times of traffic

lights were not synchronized. Waiting time obtained by the initial configuration was 58 seconds, while

optimized solution had a waiting time of 23 seconds. The application of the metaheuristics consider-

ably improves waiting times experienced by the vehicles in the simulation. The initial configurations

serve as a basis for the operators in their quest to obtain signal locations close to those located by the

analysts. Optimization is essential to obtain correct roadway performance.

6. DISCUSSION

In the literature review, no models or proposals were found that include in the traffic configuration

all the variants of vertical signals. Most of existing models and optimization methods include traffic

light only. The main contribution of the presented work is to propose the optimization of traffic from

traffic lights and other signaling alternatives when the firsts are not necessary or not feasible.

The creation of a specific heuristic including in them all the factors and parameters present in the

definition of this problem adaptation could ensure a significant improvement in the results. As future

work we will focus on the implementation of a new specific heuristic for the generation of signal

configurations.

7. CONCLUSIONS

The presented problem is an extension of TLCOP that includes the placement of road signs. Agent-

based simulation was used to evaluate the configurations. Four approximate algorithms were compared

and after analyzing the results it can be concluded that:
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� For the presented signal configuration problem, the algorithm with the best average performance

was Genetic Algorithm.

� The Evolution Strategy algorithms offer the longest waiting times in the generated solutions.

� For the correct synchronization of traffic lights, it is necessary to achieve an optimal balance

between red and green times.

� Vertical road signs are an essential element in the TLCOP because they regulate the traffic flow

and prevent road accidents which influence the waiting time on the road.

� It is necessary a new specific heuristic that includes road signs and variables from traffic.
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REVISED: MARCH, 2023.
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