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Abstract. One of the main issues in urban transportation is traffic congestion,
which wastes time and money resources. Aguascalientes city in Mexico is not
an exception. Thus a research group integrated by Investel, Centro de Investi-
gacion en Matematicas (CIMAT), Universidad Politécnica de Aguascalientes
(UPA), among others has started build a solution for this type of problems.
However, constructing new structures requiring a high investment is not always
possible due to economic, demographic, and social reasons. As an alternative,
traffic control techniques speed up vehicular traffic by controlling the time of
traffic lights. Artificial intelligence is one approach to determining the optimal
time for traffic light phases. In this work, we built a scenario with six traffic
lights to test a Genetic Algorithm (GA) and Particle Swarm Optimization (PSO)
to optimize traffic control as an initial step for the responsive control of Aguas-
calientes traffic lights. The optimization approach uses fitness and cost func-
tions that measure the stopping time for each car in the traffic flow. Both opti-
mization algorithms identify the necessary periods by evaluating candidate so-
lutions with simulations performed by the SUMO platform, which considers
traffic jams, car collisions, and time delays. Finally, we compare the GA and
PSO (PSO), identifying the best algorithm in this scenario. The proposed meth-
od in this work will allow us to test several algorithms optimizing traffic lights
phases for specific scenarios, which eventually help us with the appropriate
sensors to generate responsive traffic lights in different road junctions in
Aguascalientes, Mexico.

Keywords: Traffic lights optimization, simulation of urban mobility, GA, PSO,
road traffic control.

1 Introduction

Transportation has been a critical issue within human civilization. One transportation
problem is traffic congestion. Traffic congestion appears when too many vehicles use
standard transport in infrastructure with a limited capacity [1]. Traffic congestion is a
problem in several countries, including Mexico. However, a solution may be to build
new roads; this is not always possible due to social, environmental, and economic
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characteristics [2]. Aguascalientes, founded in 1575, is a state with an area of 5600
km2, located in the north-center of Mexico [3]. The urban mobility of Aguascalientes
has grown since then, adding new parks, bikeways, vehicular bridges, and overpasses
to deal with the increase of vehicles and pedestrian traffic flow [4]. Constructions
presented in [5-8] support the construction of bridges and overpasses of the city,
modifying the traffic to reduce the transportation time and maintaining the existing
infrastructure for vehicles.

As an alternative to infrastructure, the systems for vehicular traffic control use di-
verse computer methods, and transport management methods use modern manage-
ment systems with telecommunication technologies [9].

The primary control measure for urban land transport is traffic lights at intersec-
tions. The fundamental objective of traffic lights was initially to guarantee the safe
crossing of vehicles and people [1]. However, due to the progressive increase in users,
it has become necessary to establish the appropriate methodologies to make their use
more efficient.

A simulation is the imitation of processes or systems in the real world. Also, a
simulation is an indispensable methodology for testing the solutions and analyzing a
system’s behavior [10].

The traffic models for their simulation imitate traffic densities and average speeds
[2]. Thus, these models allow generating focused strategies to improve vehicular traf-
fic. In addition, computer simulations can point out the relation between the logical
values of the problem and the decision-making system [11].

This article proposes a method for comparing algorithms optimizing traffic lights
to reduce traffic congestion. We use two numerical optimization algorithms, Genetic
Algorithms (GA) and Particle Swarm Optimization (PSO), the most representative of
evolutionary and swarm intelligence algorithms, respectively. All simulations in this
work use the Simulation of Urban Mobility (SUMO) platform.

SUMO is a traffic simulation software that allows modeling road vehicles, public
transport, and pedestrians. Among the applications carried out with SUMO are evalu-
ating traffic lights’ performance and algorithms for their control [12].

Several investigations about the SUMO traffic simulations involve models for traf-
fic demand and optimization in places such as Luxembourg, Medellin, Surabaya,
Bologna, and Bandung Casablanca, Milan, and Samara [13-22]. Some of the charac-
teristics of this software are that it is open-source, allows the simulation of cars, and
contains tools to import road networks and generate routes from different sources to
reproduce realistic mobility patterns.

The approach proposed in this work allows repeating the method for different
crossroads with traffic lights in Aguascalientes, Mexico, towards developing a re-
sponsive vial control.
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Algorithm 1. PSO algorithm.

2 Theoretical Framework
2.1 Particle Swarm Optimization

The Particle Swarm Optimization algorithm (PSO) is a population-based optimization
method developed in 1995 by James Kennedy and Russell Eberhart [23]. PSO mimics
the nature and social behavior of organisms in groups, such as the motion of birds
when they group in flocks, the motion of fish in schooling, and the ant colonies [24].
Nowadays, PSO has become a popular numerical optimization algorithm, and several
variations using regrouping, neighborhoods, and unique parameters have been pro-
posed [24-26]. However, in this work, we use the most common variant in proposed
1998 with inertial momentum [27].

The steps of PSO are in Algorithm 1. Its parameters include the minimum and
maximum boundaries of the position of particles X; = ¥; € [L;, L] ([Xmin» Xmaxl)s
their velocities (V; = V; € [LS;, LS, ]) (initialized in zero); the inertial parameter (w),
the maximum iterations (k,,,,), coefficients (c; and c,) for personal and social com-
ponents, the cost function f(X;), the cost value (C;) of X;, the best-known positions
for each particle (P; = X;) , the global best cost G and the global best position (P; =
Xargmin(f(Xi)))' The procedure iterates until I reaches k.., or finding the desired

cost value (Cy) [27].
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Create random population P

Evaluation of fitness (F)

while ending condition is not met, do
Select individuals with the best F
Crossover the selected individuals
Mutate offspring from the crossover
Evaluate F of new individuals
Insert new individuals into the population
Erase individuals with the worst F

End

Return individual with highest F

Algorithm 2. GA algorithm.

B

Fig. 1. Proposed Scenario. A: Schematic and B: Three-dimensional representations.

2.2 Genetic Algorithm

The genetic algorithm (GA) was developed between the 1960s and 1970s by John
Holland, inspired by the natural selection principles proposed by Charles Darwin. The
sections involved in the algorithm are population initialization, fitness calculation,
crossover, mutation, and fitness selection [28-31].

Algorithm 2 describes GA. The GA parameters are population size (Sp), the tour-
nament size (T), the number of generations (N;;), the mutation probability (P,), the
fitness function (F). The GA iterates until reaching the stopping conditions, such as
the maximum generations N, or the desired fitness value [32]. We use tournament
selection, single-point crossover, and random mutation for this work.

3 Methodology

We start defining the optimization scenario using Python 3.8.10 with the last version
of the SUMO library 1.1 and the plugging sumo-web3d 1.0. This scenario considers
four possible situations in everyday crossroads with traffic lights: Go ahead, turn left,
turn right, and U-turn. The map includes six crossroads with traffic lights, as shown in
Fig. 1 for schematic and three-dimensional representations.

The traffic lights phases have two possible configurations. The first with states:
'GGGQGGGr,” 'yyyyyyyr,” 'GGGrGGGg,' and 'yyyryyyy.' The second with states:
'‘GGGgaarrrrGGGGY', 'yyyyyyrreryyyyy', rrrrerGGGQGrrrr', ‘rrrrrryyyyyrrrr',



The scenario proposed in Fig. 1 allows simulating complex behaviors in the
SUMO library like:

Covariance of traffic lights: Times for each traffic light depend on others.
Traffic jams: Accumulation of cars when setting wrong traffic lights.

Cars collisions: Accidents of cars when setting wrong times in the yellow light.
Delay times: Cars must wait when the traffic light or a jam stops them.

The vehicles’ randomness: The decisions of cars at a crossroad are random.

3.1 Scenario Optimization with GA and PSO

Once the scenario was defined, we connected it with the optimization algorithms,
following the definitions in sections 2.1 and 0. This implementation uses Python with
the Traci library, which SUMO uses to manage connections to its simulator and ac-
cess the resulting data.

The schema we used for optimizing the traffic scenario depends on numerical op-
timization, like the one performed with GAs and PSO. The parameters that the opti-
mization algorithms tune were initially 24, which are the times for each phase of the
six traffic lights on the map. However, we found that the phases that include yellow
lights are constants in the optimization since they represent the required time for each
driver to realize that the current light is about to change. Therefore, after eliminating
each phase associated with the yellow light, we reduce the optimization to 12 dimen-
sions, two phases per traffic light.

After identifying the parameters to optimize, we focus on the goal of this work,
which is to optimize the times on traffic lights to reduce the stopped time for each car
in the traffic flow.

Cost Function.

For preparing our optimization function, we consider reducing the vehicles’ stop-
ping time. Based on that idea, the accumulated stopped time for the vehicles indexed
with i depends on the 12 times used in the phases on the traffic lights in the optimiza-
tion, as shown in equation (1):

ts,i = f(tll t21 t3, t4, t5, t6l t7, t8' t9' th' t12)' (1)

Thus, our proposed cost function in equation (2) is the summation of all the vehi-
cles’ accumulated stopping times in the simulation. We will consider a minimizing
problem in the optimization since the work goal is to reduce the stopping time:

n
Cost(ty, ty, 3, t, s, te, ty, tg, to, trgr t12) = Z ts,i- 2
i=1

GA implementation.
Once the GA follows the definitions in section 0, we must configure its input pa-
rameters which include:

e Number of generations (N;): We changed the parameter N; to the number of eval-
uations (Nz). Because the GA and the PSO must evaluate the same number of



times the cost function to obtain a comparative result, the N, includes the evalua-
tions used in the GA to generate the initial population and the evaluations of each
generation. In this work, we set N;=300, for 250 seconds per run in the GA.

¢ Population size (Sp). The population size affects the GA results since it represents
the initial fitness evaluations to explore the search space [33]. Thus, we identify the
best population size from 5-205 chromosomes with steps of 10 chromosomes or
1.66667% up to 68.33333% of the allowed cost function evaluations. Determining
Sp with reliability implies different scenarios for validation and a technique for
tunning like K-fold cross-validation. However, this is not the goal of the work, and
we are interested only in this scenario. Therefore, when the scenario changes, we
must repeat the tunning process.

e Tournament size (Ts). Tournament size affects the convergence speed in GAs, and
a wrong value could result in premature convergence [33, 34]. Thus, we selected
values from 3-100 chromosomes or crossover probability from 1% to 30% with
steps of 5 chromosomes. We follow the same process described for S, for deter-
mining Ts. Therefore, when the scenario changes, we must repeat the tunning pro-
cess.

e Mutation Probability (Py). The mutation mechanism helps introduce new infor-
mation in GAs and avoid premature convergence. However, if P, is high, an ex-
cess of noise affects the offspring. Thus, the literature recommends at much to 5%
of probability [32]. Therefore we use 5% in this research.

The best GA parameters for our scenario test a total of 600 configurations for tourna-

ment size and the number of chromosomes.

PSO implementation.
Once the PSO follows the definitions in section 2.1. We must configure its input
parameters which include:

e Number of iterations (I;): We changed the parameter I to the number of evalua-
tions (Nz). Because as mentioned before, PSO and GA must evaluate the same
number of times the cost function to obtain a final comparative result. Again, we
set the Ny=300, for 250 seconds per run. If the scenario changes, we must repeat
the tunning process as mentioned in the GA implementation.

e Maximum values for the position [Xin, Xmax 1: We set them to [0.3,1.0], allow-
ing reach the original from 30% to 100% of the original value. The minimum value
selected allows avoiding cars collisions.

e Number of particles (Np): Affects the PSO in the number of cost function evalua-
tions per iteration. Thus, we identify bests values using 5-205 with steps of 10 par-
ticles, representing 1.66667% up to 68.33333% of the allowed evaluations. If the
scenario changes, we must repeat the tunning process as mentioned in the GA.

e Inertial parameter (w): Intertial behavior allows controlling exploration of the
search space like N, with fixed Ng. Thus, we selected the best value in our scenar-
io using 0.9-1.2 with steps of 0.1 units as recommended in the work that proposes
this behavior.



e Personal and social components (c;, c;): We set these components equal to 2.0 as
recommended by the original algorithm.

4 Results

This section shows all the algorithms and simulations we test in this work. The com-
puter we used to carry out all the experiments is a Microsoft Windows 10 Pro system
with an Intel(R) Core(TM) i7-6700 CPU @ 3.40GHz, 3401 Mhz with four central
processors and RAM 16 GB, with motherboard ASUS Z170M-PLUS, and
KINGSTON SUV400S37480G solid-state disk. All the results in this section consider
the minimizing cost function proposed that measures the accumulated delay time for
all the vehicles during the simulation, as mentioned in equation (2).

41 Results GA

We tested a total of 460 configurations with the GA in 30.39857 hours, with an aver-
age time of 237.90183 seconds per configuration, obtaining as the best result 33 sec-
onds of accumulated delay time for 436 vehicles included in the SUMO simulation of
1000 seconds.

Fig. 2 shows the Surface Fitting, concerning the number of chromosomes, the
tournament size, and the accumulated delay time for all the vehicles in the simulation.
The blue values are the best ones with lower accumulated delay time. The best con-
figuration is in the blue point at (S, = 85,Ts = 58, BestFitness = 33).
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Fig. 2. Surface with all configurations for the GA and its fitness. Best configuration (S, =
85,Ts = 58, BestFitness = 33).

Fig. 3 shows the worst and best fitness across generations, in red and blue, respec-
tively, for the GA’s best configuration. The charts’ generations are 110 since the algo-
rithm stops after 300 fitness evaluations, as stated in section 3.1.



Fitness Across Generations

2500 —— Best Fitness

| —— Worst Fitness
2000 |
15001}

10001

500 s

0 20 40 60 80 100
Generations

Fig. 3. Fitness across generations for the GA with the best configuration.

Table 1 shows the times of the best candidate solution of GA, including the two
phases duration (phase of green light and phase of red light) on each of the six traffic
lights in our scenario. This configuration produces 33 seconds of delay for 436 vehi-
cles in 1000 seconds of simulation in SUMO.

Table 1. Time in phases for each traffic light obtained with the GA best candidate solution
using the best configuration (S, = 85,Ts = 58, BestFitness = 33).

Traffic Light | Phase with Green Light (seconds) Phase with Red Light (seconds)
1 27.15134865 29.84865135
2 41.18746251 15.81253749
3 27.17673005 29.82326995
4 41.15427277 15.84572723
5 41.66752012 15.33247988
6 22.2938168 34.7061832
4.2  Results PSO

We tested a total of 69 configurations with the GA in 5.38600 hours, with an average
time of 281.00336 seconds per configuration, obtaining as the best result 15 seconds
of accumulated delay time for 436 vehicles included in the SUMO simulation of 1000
seconds.

Fig. 4 shows the Surface Fitting, concerning the number of particles, the inertial
coefficient, and the accumulated delay time. Blue values are the best ones with lower
accumulated delay time. The best configuration is in the blue point (Np = 55,w =
0.9, BestCost = 15).
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Fig. 4. Surface with all configurations for the PSO. Best configuration is (Np = 55w =
0.9, BestCost = 15).

Fig. 5 shows the worst and best cost across iterations, in red and blue, respectively,
for the best configuration obtained in our scenario using the PSO. The charts’ genera-
tions are five since the algorithm stops at this point after 300 fitness evaluations, as
stated in section 3.1 for applying the same cost evaluations in GA and PSO algo-
rithms.
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Fig. 5. Cost across iterations for the PSO with the best configuration. A: window between the
worst initial cost and the best cost. B: window between the best initial cost and the best cost.

4.3  Comparison of GA and PSO Results

In this work, we are interested in determining the best algorithm to optimize times in
traffic lights using the SUMO library for our proposed scenario with six traffic lights.
We test the algorithms and evaluate them based on two critical variables, quality of
best solution and execution time for obtaining it. Since we evaluated more GA than
PSO configurations, the comparison results in this section consider only the best 30
configurations randomly sampled from GA and PSO configurations.

Fig. 6 Shows two box plots obtained from 30 random samples of the tried configu-
rations. The first one (A) considers the fitness and cost values, and the second one (B)
considers the execution times.

A box plot shows that the GA fitness has a lower variance than the cost value of
the PSO when varying its parameters. However, the PSO obtained better quality solu-
tions than GA in the majority of the configurations.
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B box plot shows a lower variance in execution times per generation in the GA
than in iterations of the PSO. However, this is related to how the algorithm works; the
number of particles changes the number of simulations carried out by SUMO per
iteration. On the other hand, changing the number of chromosomes or the mutation
percentage does not modify the GA’s number of simulations per iteration.
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Fig. 6. Comparison between GA and PSO algorithms with 30 random samples of the tried
configurations. A: Comparison between fitness and cost values. B: Comparison between execu-
tion times.

After analyzing the box plot comparisons, we found that PSO produces better qual-
ity solutions than GA, but it requires more time per simulation for doing it. Even
though PSO requires more time per iteration, we base our analysis on cost evaluations
in this study. Thus, we reduce the number of iterations by increasing the number of
particles, and even with that, the PSO produces better quality solutions. The ANOVA
test in Table 2 supports better quality solutions of PSO, with F-score = 102.95786
and P-value = 1.803639E-14, and lower execution times in GA, with F-score =
62.66525 and P-value = 8.46629E-11.

Table 2. Values of validation for the conclusion based on ANOVA.

ANOVA values Fitness and Cost values. Execution times in GA and PSO.
F-score 102.95786 62.66525
P-value 1.803639E-14 8.46629E-11

5 Conclusions

This work compares the GA with the PSO algorithm in quality and execution times
when optimizing delay times of vehicles by changing phase times on traffic lights,
which are crucial when optimizing traffic light controllers. All the algorithms and
simulations we carry out use Python as a programming language with the open-source
SUMO (Simulation of Urban Mobility) library.

We use the accumulated delay in cars in a SUMO simulation to optimize the times
of traffic lights. We test the variation of input parameters on each algorithm and simu-
late their results, maintaining 300 as the maximum number of cost evaluations.

As a result, we found that PSO produces better quality solutions than the GA but
requires more time per iteration when optimizing. However, we reduced the number
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of iterations by increasing the number of particles, basing our analysis, but the PSO
remains obtaining the best quality solutions.

We support our analysis on box plots with the ANOVA test, obtaining that the
PSO has better quality solutions, with F-score = 102.95786 and P-value = 1.803639E-
14. The GA has lower execution times per iteration, with F-score = 62.66525 and P-
value = 8.46629E-11.

The main contribution of our work is a methodology for optimizing traffic lights
based on accumulated delay times. First, we evaluate the results of the proposed
method on a specific scenario.

5.1 Future Work

In this work, we probe sufficient evidence that the PSO produces better results in
optimizing traffic lights for a specific scenario. However, both algorithms must test
several more scenarios to support that one is better than the other. On the other hand,
other algorithms could test our approach.
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