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Abstract Nowadays, the increasing levels of polluting
emissions and fuel consumption of the road traffic in mod-
ern cities directly affect air quality, the city economy, and
especially the health of citizens. Therefore, improving the
efficiency of the traffic flow is a mandatory task in order
to mitigate such critical problems. In this article, a Swarm
Intelligence approach is proposed for the optimal schedul-
ing of traffic lights timing programs in metropolitan areas.
By doing so, the traffic flow of vehicles can be improved
with the final goal global target of reducing their fuel con-
sumption and gas emissions (CO and NOx). In this work
we optimize the traffic lights timing programs and analyze
their effect in pollution by following the standard HBEFA
as the traffic emission model. Specifically, we focus on two
large and heterogeneous urban scenarios located in the cities
of Malaga and Seville (in Spain). When compared to the
traffic lights timing programs designed by experts close to
real ones, the proposed strategy obtains significant reduc-
tions in terms of the emission rates (23.3 % CO and 29.3 %
NOx) and the total fuel consumption.
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1 Introduction

In present cities, the increasing levels of fuel consumption
and air contamination derived from the urban road traffic
have become highly serious problems that directly affect
the air quality, the economy, the building/structure mainte-
nance, and especially the health of citizens. Improving the
traffic flow of vehicles is a mandatory task in order to mit-
igate such critical issues. Traditionally, traffic congestion
has been dealt with by changes in urban infrastructures (e.g.
direction of traffic in streets or roundabouts), although this
is usually not possible and always expensive. Recently, a
number of approaches in the literature have proposed the
optimization of traffic light timing programs as one of the
most influential methods that help to improve the flow of
vehicles [25, 28, 33, 38].

In particular, the use of automatic intelligent methods
have demonstrated their usefulness in the optimal schedul-
ing of timing programs of traffic lights [35, 39, 41]. How-
ever, previous works have, in general, addressed specific
very small use cases with a few intersections and a small
number of traffic lights (simple square lattice geometry) [5],
and most of them apply ad-hoc algorithms designed only
for one specific instance [3, 29] which can be hardly used
for larger or different cities. The use of artificial intelligent
techniques for large and heterogeneous urban areas is still an
open issue. Moreover, the optimization of timing programs
from the perspective of the reduction of gas emissions and
hydrocarbon consumption have never been addressed in the
past to the best of our knowledge, what is actually done in
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the present work. As a matter of fact, there is an urgent need
for definitions of new problems close to reality in size and
low level details, similar to the one considered in this article.
The reason is that modern cities go for advanced offline and
online design of traffic light schedules; they are advanced
because, in contrast to past research, these new designs need
to consider the whole city, to take into account micro-details
relative to every street and car, and they need to offer experts
quantitative metrics: not just times or jams, but eco-friendly
information.

These goals motivated us to use a high performance tech-
nique based in the paradigm of Particle Swarm Optimization
(PSO) [20], then adapted to compute successful traffic lights
timing programs with regards to two main factors: emis-
sions of CO and NOx , plus the global amount of fuel
consumed by vehicles. Several features have been taken into
account when selecting PSO instead of other evolutionary
methods:

– First of all, PSO is a well-known algorithm shown
to perform a fast convergence to quasi-optimal solu-
tions [8]. This is a desirable feature for the optimal
schedule traffic lights timing programs (TLTP), where
new adaptive (and automatically computed) schedules
will have to cope with events arising in traffic scenarios.

– Second, PSO can search very large solution spaces [12,
24] and makes few or no assumptions about the prob-
lem being optimized. Again, these features make this
algorithm well adapted to the TLTP in large scenarios
of realistic simulations of modern cities.

– Third, using a Fitness Cloud preliminary analysis [42],
we tested whether our PSO based new technique was
able to tackle the traffic lights timing problem effi-
ciently. A description of this analysis is given in
Section 5.3.

– Fourth, PSO does not require the optimization problem
to be differentiable [20, 31] as required by classic opti-
mization methods such as gradient descent and quasi-
newton [31]. Therefore, it can be used on optimization
problems that are formulated as black-box optimization
tasks that change over time, as is the case of TLTP.

– Fifth, the proposed PSO for TLTP is based on the Stan-
dard PSO 2011 [8, 20]. This version requires few tuning
parameters and provides a quantisation method for inte-
ger encoding solutions, which is adapted to the problem
being tackled.

Coupled with PSO, we use in our optimization strat-
egy, the microscopic simulator SUMO (Simulator of Urban
Mobility) [4] for the evaluation of optimized timing pro-
grams codified as vector solutions. Such timing programs
are used in traffic lights that control the flow of vehicles
of a given scenario (urban instance). As in other previous
related initiatives [17, 18, 26], a traffic simulator is used

here as it provides an immediate and continuous source of
information about the vehicles’ flow. In the case of SUMO,
it is also possible to work with the traffic emission model
HBEFA (HandBook Emission FActors) [19] for road trans-
port in order to gather information on the emission rates
and fuel consumption. This information is used by PSO to
evaluate the quality of the timing programs of traffic lights.

The main contributions of our approach are:

– We make a new definition of a new optimization prob-
lem in the domain of smart mobility in cities, focusing
on environmental savings (reduced carbon footprint).

– An optimization strategy, called PSO-tl, is proposed for
the reduction of emissions in large and heterogeneous
urban areas with hundreds of vehicles and traffic lights
(high dimensionality and complexity), in contrast to
previous works only considering a few of them.

– Using real information: two real urban scenarios located
in the cities of Seville and Malaga (in Spain) have
been modeled. The proposed strategy then evaluated on
realistic instances.

– A swarm intelligent approach is coupled, for the first
time, with the traffic emission model HBEFA [9] for the
reduction of pollution and fuel consumption in urban
areas.

– A comparison to timing programs designed by human
experts is included, in our aim of obtaining quantitative
improvements in terms of the two main goals: reduced
emissions rates and lower fuel consumption.

– In addition, the proposed approach is compared to other
automatic algorithms (Differential Evolution, Random
Search, and SCPG), for the two instances studied, to test
if our approach is actually more powerful.

This article is organized as follows. Section 2 presents a
survey of the related work found in the literature. Section 3
explains the Timing Program optimization problem and
the HBEFA emission model. Then, in Section 4, the pro-
posed optimization approach is described. The experiments
and analysis of results are detailed in Section 5. Finally,
concluding remarks and future work are given in Section 6.

2 State of the art

Over the last decade, a number of papers can be found that
deal with the traffic congestion problem by means of accu-
rate traffic light timing programs [6, 22, 30, 39]. In all these
approaches, global trip times and waiting times of vehi-
cles at traffic lights are optimized, although none of them
considers the influence of solutions on gas emissions and
fuel consumption factors. Just a few previous articles do
make an initial attempt to consider emission/consumption
factors into the traffic control strategies by enhancing the
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traffic flow [15, 25] with different results. In [15], just
for one intersection (crossroad), the improvement of traffic
light timing programs and their impact on the final emis-
sion rates were examined. In [25], the authors proposed a
traffic light time model that reduces the vehicles’ delays,
the fuel consumption, and the gas emissions by considering
the cycle length and the green time of traffic lights in one
intersection in Nanking city (China). In [7], a microscopic
simulator was used for the evaluation of traffic control
strategies in a sub-network selected from the Haidian dis-
trict of Beijing. This approach was focused on analyzing
the relation between vehicles’ emissions and their instan-
taneous speeds/accelerations, although traffic lights timing
optimization was not considered.

From the point of view of the solving algorithms,
advanced procedures have emerged as accurate techniques
for solving traffic lights scheduling and traffic control prob-
lems [29, 36]. However, the environmental impact of traffic
flow is ignored or very partially considered. An example
of this can be found in [43], where a Genetic Algorithm
(GA) was used for the air pollution reduction considering
the optimization of traffic lights in one intersection. In [44],
the authors showed how the cycle programs of traffic lights
affect the gas concentrations on a given road intersection by
using Neural Networks.

Concerning Swarm Intelligence approaches, a few of
them can also be found in the literature for the scheduling of
traffic lights. One of the most representative was proposed
in [6], where the authors applied a PSO for training a fuzzy
logic controller located in each intersection by determin-
ing the effective time of green for each phase of the traffic
lights. In [33], authors have presented a a PSO with isolation
niches to the schedule of traffic lights. In their approach,
a purely academic small instance with a restrictive one-
way road with two intersections was used to test the PSO.
More recently, an Ant Colony Optimization (ACO) [16] has
been proposed for traffic light timing. Here, two interest-
ing uncertainty and convergence analyses were performed,
although in the scope of one simple traffic intersection.

In summary, in all the reviewed related works envi-
ronmental factors were not considered at all and all the
instances were small and very simplified compared to a real
city scenario. We can even classify the limitations of the
previous research articles in four types:

– They tackled limited vehicular networks with very few
traffic lights and a small number of other elements
(roads, intersections, directions, etc.). In contrast, our
PSO-tl can find optimized timing programs for large
scenarios with hundreds of traffic lights and vehicles.

– They were designed for only one specific scenario.
Our approach can be (and has been) easily adapted to
different scenario topologies and cities.

– In most of the cases, the work was not compared against
other techniques. PSO-tl is compared here against three
different approaches: Differential Evolution [34], Ran-
dom Search, and the cycle program generator of SUMO
(that uses human expert knowledge).

– Previous approaches have not considered the optimiza-
tion of environmental factors. Our approach considers
a series of factors (CO, NOx , and fuel consumption)
that, coupled with pure traffic flow indicators (vehicles
arriving at destinations, global trip times, etc.), pro-
vide city managers with optimized traffic light timing
programs: a small step towards the future smart city.

3 TLTP: timing and emission models

An urban traffic scenario is basically composed by: intersec-
tions, traffic lights, roads, directions, and vehicles moving
through their own different routes. The traffic lights are
located at intersections and control the flow of vehicles by
following their programs of color states, and timing cycles
(phases durations). In this context, all traffic lights located at
the same intersection are governed by a common program,
since they have to be necessarily synchronized for traffic
and safety reasons. In addition, for all the traffic lights at
the same intersection, the combination of color states dur-
ing a cycle is always kept valid [23] and it must follow
the specific traffic rules of intersections, in order to avoid
vehicle collisions and accidents. Accordingly, we only work
with valid combinations of color states for each intersection,
which are kept feasible during the optimization process. All
this prevents invalid combinations of color states to appear
in our study, and makes the algorithm to work only with
feasible states.

From an environmental point of view, since different tim-
ing programs can lead to different flows of vehicles, their
underlying speeds, accelerations, and decelerations poten-
tially result in different levels of emissions [44]. In short,
decelerations occur before red lights, whereas green lights
cause the acceleration of vehicles. Therefore, traffic emis-
sions are likely to be influenced by timing program of traffic
lights [7]. In this context, timing and emission models are
detailed in the following subsections.

3.1 HBEFA: road traffic emission model

Much research has attempted to develop road transporta-
tion emission models. Due to their simplicity, a macroscopic
point of view has become very popular [2] in this context.
This kind of model computes fuel consumption (FC) and
emission factors (EF) based on average link speeds in a
global way. That is, changes in vehicle’s speed and accel-
erations levels are computed as mean values for the whole
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network. This is usually very unreallistic and gives unaccu-
rate values. For this reason, many microscopic models have
been proposed. HBEFA (Handbook of Emission Factors
for Road Transport), in particular, provides emission fac-
tors for all current vehicle categories: PC (Passenger Car),
LDV (light delivery vehicles), HDV (heavy duty vehicles),
urban buses, motorcycles, and it accounts for a variety of
traffic situations. The HBEFA allows experts to select dif-
ferent types of emission factors (EFs). These EFs depend on
many variables of the vehicles such as: size, type, cylinder
capacity, fuel mode of the vehicle (gasoline or diesel), type
of exhaust technology (with/without catalytic converter),
driving style (acceleration and speed), road gradient, and
maintenance [9].

3.2 The problem: traffic light timing programs

Our main objective is to find optimized timing programs for
all the traffic lights located in a given urban area, with the
aim of reducing the emissions and the fuel consumption of
vehicles.

Specifically, timing programs refer to the time span that
a set of traffic lights (at a junction) keep constant their color
states. At the same time, these programs have to coordinate
their traffic lights with the traffic lights in adjacent intersec-
tions with the aim of improving the global flow of vehicles
circulating according to traffic regulations. For this reason,
we have focused on a microscopic management of traffic
agents. At the same time, we want to evaluate the behavior
of all the vehicles in the complete urban scenario during a
given time interval (macroscopic analysis).

An example of this mechanism can be observed in Fig. 1,
where the intersection with id="i" contains seven phases
with durations 40, 5, 40, 10, 36, 6, and 22 s (simulation
steps). In these phases, the states have twelve traffic lights
(colors), each one corresponding to one of the twelve traf-
fic lights located in the intersection being studied. These

states are the valid ones generated by SUMO [4] in accor-
dance to real traffic rules. In this example solution, the
fifth phase (ϕi5) contains the state “Grrr GG Grrr GG”
meaning that six traffic lights are green (G), and the other
six are red (r) during 36 s. The following phase changes
the state of the traffic lights to another valid combination,
for example, “yGGG rr yGGG rr” (y means yellow) for
6 s, and so on. The last phase is followed by the first
one, and this cycle is repeated again. All the intersections
in the scenario perform their own cycles of phases at the
same time, hence conforming the global schedule of traffic
lights. Previously, computing the TLTP lies in optimizing
the combination of phase durations of all traffic lights (at all
intersections) with the aim of improving the global flow of
vehicles. A formal definition of the optimal TLTP can be as
follows:

Definition 1 Let P = {I1, ..., In} be a set of intersec-
tions, where each of them has a different set of phases
Ii = {ϕ1, ..., ϕm}, and each ϕj represents the timespan that
the set of traffic lights in intersection Ii keeps one valid state
of light colors (e. g. “Grrr GG Grrr GG”); find a program
P ′ that minimizes a scoring function � : � → p such
that:

P ′ = argminp⊂�{�(p)} (1)

where � is the space of all possible combinations of pro-
grams, and p a given program of �. Since the timespan of
phase durations is calculated in seconds (as in actual traffic
lights), � can be represented with positive integer numbers
Z
+. Then, the number of possible program combinations,

that is, the solution space size, can be calculated as tn×m,
being t the number in the interval of possible timespans.
In this way, if we work with intervals t ∈ [5, 60] and our
instances have 304 phases (at least), the problem solution
space will consist of 55304 = 1, 17E + 529 combinations.

Fig. 1 Timing program (phase duration) of traffic lights within intersections. Integer codification inside a PSO-tl solution
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Therefore, efficient automated approaches are required to
tackle it, as done in this study.

A final indication in this regard concerns the behavior of
the vehicles involved in a SUMO simulation, that depends
on both road directions and speed. SUMO employs a space-
discrete extended model [21]. In this model, the streets are
divided into cells and the vehicles circulating through the
streets go from one cell to another if both, the destination
and the direction, are allowed. The speed of each vehi-
cle depends on its distance from the vehicle in front of it,
with a preestablished maximum speed typical of urban areas
(50 km/h in our study).

Moreover, SUMO allows us to analyze vehicular envi-
ronmental factors based on HBEFA. Therefore, it is pos-
sible to define vehicles with information about accelera-
tion, deceleration times, maximum velocity, and even their
HBEFA-based emission class (PC, LDV, HDV, urban buses
and motorcycles). Then, after a simulation procedure with
SUMO, we can obtain information about CO, NOx , fuel
consumption, and other pollutant agents to evaluate the
obtained timing programs by our PSO-tl. For this study,
we retrieve the information about CO and NOx emis-
sions, and fuel consumption in order to minimize both EF
and FC.

4 PSO-tl: our optimization strategy

This section describes our optimization approach (PSO-tl)
to compute the optimal timing programs of traffic lights.
It details the solution encoding, the fitness function, and
finally the global optimization procedure.

4.1 Solution encoding

In our approach, the optimal TLTP is encoded by means of
a vector of positive integers (see Fig. 1) representing the
number of seconds for each phase timespan. Therefore, as
in real life traffic light schedules, seconds are used as the
unit measure of work. Our strategy follows the SUMO struc-
ture of programming cycles, where each element represents
a phase duration of one state of the traffic lights at a given
intersection.

In spite of its simplicity, this solution’s representation
allows our PSO-tl to take into account the dependency of
variables (epistasis), not only between phase durations of
a state of traffic lights at an intersection, but also between
traffic lights at adjacent ones.

4.2 Fitness function

In order to evaluate each timing program solution (s) gener-
ated by PSO-tl, the following fitness function is minimized,

which considers the information obtained from the events
happening during the traffic flow under study.

Ftp(s) = (CO+NOx+FC)(s)+ω×Gtt (s)+ (C(s)×At)

V 2(s)+ Pr

(2)

In this equation, V (s) is the number of vehicles that reach
their destinations during the analysis time, this last denoted
by At . Emission levels are represented by CO (Carbon
monoxide) and NOx (Nitrogen oxides), and FC is the fuel
consumption. Gtt (s) is the global travel time of all the vehi-
cles and, similarly to V , it has to be minimized. In this
sense, the number of vehicles that arrive at their destina-
tions is squared (V 2(s)) in order to prioritize it over the
other terms and factors. C(s) is the number of vehicles that
do not reach their destinations (still circulating at the end of
the analysis time). The global travel time is the sum of the
journey times of vehicles that reach their destinations dur-
ing the simulation process. On the contrary, vehicles with
uncompleted journeys consume all the analysis time and
then, an additional penalization is induced multiply C(s) by
At . It is worth mentioning that the terms in (2) are in the
range of values [1e+ 0 · · · 5e+ 2] and therefore, additional
weighting values were not considered in this formulation.
Only the value ω which is set to 0.5 is considered in
order to enhance environmental terms in the overall fitness
computation.

Finally, Pr is the balanced proportion of colors in the
phase duration of the states. This proportion is used to pro-
mote those phases with more traffic lights on green than
on red.

Pr =
t l∑

k=0

ph∑

j=0

sk,j ·
(
Gk,j

rk,j

)
, (3)

Equation (3) calculates this proportion of colors, with ph

representing the different phase durations, and t l are the
number of intersections. In this formula, Gk,j is the number
of traffic lights in green, rk,j is number of traffic lights in
red in the phase state j (with duration sk,j ) and at intersec-
tion k. The minimum value of redk,j is 1 in order to avoid
division by 0.

4.3 Optimizing timing programs with PSO-tl

The optimization strategy has two key components: the Par-
ticle Swarm Optimizer (PSO), and the simulation procedure
with the SUMO traffic microsimulator.

The PSO algorithm [20] is a population-based meta-
heuristic inspired by the social behavior of birds within a
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flock, and was initially designed for continuous optimiza-
tion problems. In PSO, each potential solution to the prob-
lem is called particle position and the population of particles
is called the swarm. We have followed the specification of
the Standard PSO 2011 [27].

In this algorithm, each particle position xi is updated
each iteration g by means of the (4).

xig+1 = xig + vig+1 (4)

where term vig+1 is the velocity of the particle, given by
the (5).

vig+1 = w · vig +Grig − xig +HS(Gr, ‖ Gr − xg ‖) (5)

with

Grig = xig + p′i
g + l′ig

3
(6)

and

p′i
g = xig + c · (pi

g − xig) (7)

l′ig = xig + c · (lig − xig) (8)

In this formula, pi
g is the best solution that the particle i

has seen so far, lig is the best particle of a neighborhood of
k other particles (also known as the social best) randomly
(uniform) selected from the swarm, and w is the inertia
weight of the particle (it controls the trade-off between
exploration and exploitation). The acceleration coefficient
c > 1 is a normal (Gaussian) random value with μ = 1/2
and ρ = 1/12. This coefficient is sampled anew for each
component of the velocity vector. Finally, HS is a distinctive
element of the Standard PSO 2011 compared to the previ-
ous ones. It is basically a random number generator within a
Hypersphere space, with Gr as center of gravity. That is, Gr

is calculated as the equidistant point to p′
g , l′g , and xg . This is

a new rotation invariance mechanism provided by the Stan-
dard PSO 2011 to (possibly) avoid the intrinsic coordinate
dependence showed by all previous versions of PSO [27].

Since traffic light programs requires solutions encoded
with a vector of integers (representing phase durations in
seconds), we have used the quantisation method provided
in the standard specification of PSO 2011 [27]. This quan-
tisation is applied to each new generated particle (in (4)),
and that transforms the continuous values of particles into
discrete ones. It consists of a Mid-Thread uniform quantiser

method as specified in (9). The quantum step is set here to
� = 0.5.

Q(x) = � · �x/�+ 0.5� (9)

Algorithm 1 describes the pseudocode of PSO-tl
approach for the optimal TLTP. The algorithm starts by ini-
tializing the swarm (Line 1). The corresponding elements of
each particle (solutions) are initialized with random values
representing the phase durations. These values are within
the time interval [5, 60] ∈ Z+, and constitute the range of
possible time spans (in seconds) a traffic light can kept a
traffic light color constant (only green or red, the time for
yellow is a constant value set in sumo to 5 s). Then, for a
maximum number of iterations, each particle flies through
the search space updating its velocity and position (Lines 4,
5, and 6), it is then evaluated (Line 7), and its personal best
position pi is also updated (Line 8). Finally, the best particle
found so far is returned as the solution.

The simulation procedure is then used to assign a quan-
titative quality value (fitness) to the solutions, thus leading
to optimized timing programs tailored to a given urban sce-
nario instance. This task is tackled thanks to the SUMO
traffic simulator, which accepts new timing programs of
traffic lights and compute the required values in (2).

When PSO-tl generates a new solution, it is used to
update the timing program. Then, SUMO starts to simulate
the instance with streets, directions, obstacles, traffic lights,
vehicles, speed, routes, etc., under the new defined schedule
of timing programs.

After the simulation, SUMO returns the global informa-
tion necessary to work out the fitness value. Each solution
evaluation (Line 7 at Algorithm 1) requires a new and dif-
ferent simulation procedure. Each new timing program is
then loaded for each simulation procedure. In this sense,
what real traffic light human schedulers actually demand
are constant timing programs for specific areas and for
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preestablished time periods (rush hours, nocturne peri-
ods, etc.), in which an assorted set of different flows are
analyzed.

5 Experimental setting and results

In this section we present the experimental framework used
to assess the performance of PSO-tl for the TLTP. First,
we describe the scenario instances, the implementation
details of our approach, and the parameter settings. Second,
experiments and results are presented.

5.1 Urban scenarios

As we are interested in developing an optimization solver
capable of dealing with close-to-reality generic urban areas,
we have generated two scenarios by extracting actual infor-
mation from real digital maps. These two scenarios cover
similar areas of approximately 0.75 km2, and they are
physically located in the cities of Malaga and Seville, in
Spain. The information used concerns: traffic rules, traffic
element locations, buildings, road directions, streets, inter-
sections, etc. Moreover, we have set the number of vehicles
circulating, as well as their speeds, by following current
specifications available from the Mobility Delegation of
the City Hall of Malaga (http://movilidad.malaga.eu/). This
information was collected from sensorized points in certain
streets obtaining a measure of traffic density in several time

intervals. In the case of Seville we consulted the Mobility
Delegation of Seville Council (http://www.trajano.com/).

In Fig. 2, the selected areas of the two cities are shown
with their corresponding snapshots of Google Earth, Open-
StreetMap, and SUMO. This figure illustrates the process
of generating the traffic network instances. The specific
features of these areas are as follows:

1. Malaga. In the zone between the city center and the har-
bor. This scenario (Fig. 2, top) is composed by streets
with different widths and lengths, and several round-
abouts. The junctions each one containing from 4 to
16 traffic lights. The main roads found in this area are:
Andalucı́a, Américas and Aurora avenues, Hilera, and
Lehmberg Ruiz streets.

2. Seville. Located in the popular district of Nervión in
the city center of Seville (Fig. 2, bottom), it is made
up of intersections between streets, each one contain-
ing from 4 to 17 traffic lights. The whole area shows
a representative organization with almost all the junc-
tions connecting between three and four streets. The
main avenues are: Menéndez Pelayo, Eduardo Dato,
San Francisco Javier, Montoto, Galván, and Buharı́a.

The construction of the instances requires precise infor-
mation about the characteristics of the urban area. First, we
use Google Maps to see the area being studied, its roads and
roundabouts. Then, in OpenStreetMap, an area is selected
and a SUMO compatible file is generated. All the informa-
tion that is provided to SUMO needs to be checked before

Fig. 2 Process of creation of real-world instances for study.
Urban downtown of Malaga (36◦43′01′′N 4◦25′58′′O) and Seville
(37◦38′14′′S 5◦97′23′′O) instance views. After selecting the area

of interest (Google Earth view), it is interpreted by means of the
OpenStreetMap tool, and then exported to SUMO format
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the simulations. For all the instances, traffic-light infor-
mation (location, phases) are generated and are used by
SUMO. This process corrects erroneous information in the
map. The routes are generated following the information in
the corresponding city hall web pages. Finally, the scenarios
are generated and will be used later by PSO-tl (Fig. 2).

We have chosen these two scenarios because they consti-
tute different metropolitan areas with heterogeneous struc-
tures and traffic organizations. The number of studied inter-
sections is 70 for the two instances, with 250 circulating
(PC and LDV types) vehicles throughout each one of them.
We have to note that, in spite of having in both instances a
similar number of intersections (70), the number of traffic
lights is not exactly the same, since they contain different
intersection shapes (312 traffic lights in Malaga and 358 in
Seville).

In the study, each vehicle takes its own route from its own
origin to its own destination, circulating with a maximum
speed of 50 km/h (typical in urban areas). The routes were
previously generated by following random paths. The anal-
ysis time was set to 500 s (iterations of microsimulation)
for each instance. This time was determined as a maximum
time for a car to complete its route, even if it must stop at all
the traffic lights along the way. Vehicles are located in their
own, individual starting locations and they move from the
initial simulation steps. When a vehicle leaves the scenario
network, it reaches its destination and it will not appear
again.

5.2 Experimental setup

We have implemented our PSO-tl in C++ following the
skeleton structure of the MALLBA [1] framework of

metaheuristics. The simulation phase is carried out by exe-
cuting (for the evaluation of particles) the traffic simulator
SUMO release 0.12.0 for Linux. The experiments were per-
formed in the computing facilities of the Department of
Computer Science of the University of Malaga (Spain).
Most of them are equipped with modern dual core proces-
sors, 2 GB RAM, and Linux Debian O.S. They operate
over a Condor [40] middleware platform that acts as a
distributed task scheduler (each task dealing with one inde-
pendent run). For each scenario instance we have carried out
30 independent runs of PSO-tl.

In a preliminary analysis, we performed a series of tun-
ing experiments where several combinations of swarm sizes
(Ss), with: 10, 30, 50, 60, and 100 particles; and maximum
number of iterations (I t), with: 100, 300, and 500 steps as
stop condition, were systematically tested. As a result, Fig. 3
shows the best fitness values of the median execution traces
(out of 30 independent runs) of all combinations of swarm
size and number of iterations (for the Malaga instance).

From this plot, we can observe that a swarm size with
60 particles, performing 300 iteration steps, allows the algo-
rithm to obtain the best fitness values. A configuration with
Ss = 60 and 500 iterations also shows competitive results,
but with a higher computational cost in this case. There-
fore, we decided to use the previous combination of swarm
size with 60 particles, performing 300 iteration steps, hence
resulting in 18,000 solution evaluations (SUMO simula-
tions) per run and instance.

As previously mentioned, the particle size directly
depends on the number of phase timespans of traffic lights
of each instance. The remaining parameters are summarized
in Table 1. Other specific parameters of Standard PSO 2011
were selected as recommended in [27].

Fig. 3 Execution traces of
tuning experiments for the
swarm size (Ss) and the number
of iterations (I t)
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Table 1 Parameter settings

Alg. Parameter Value

SUMO Simulation time (steps) 500 s

Area 0.75 km2

Number of vehicles 250

Vehicle speed 0–50 km/h

Vehicle types PC/LDV

N. of studied intersections 70

PSO-tl Max. N. of evaluations 18,000

Swarm size 60

Particle size 304 (for Malaga)

368 (for Seville)

Acceleration coefficient (c) 2.05

Inertia (w) 0.7213

Velocity truncation factor (δ) 0.5

DE Max. N. of evaluations 18,000

Population size 60

Solution length 304 (for Malaga)

368 (for Seville)

Mutation constant (F ) 0.5

Crossover probability (Cr) 0.9

Trial truncation factor (δ) 0.5

For the sake of a fair experimentation, we have imple-
mented two other algorithms also in the scope of the
MALLBA [1] library, in order to establish comparisons
against our PSO-tl. These two algorithms are Differential
Evolution (DE) [34], and Random Search (RANDOM).
Thus, by performing the same experimentation procedure,
we expect to obtain some insights into the power of
our proposal (how intelligent it is) with regards to one
other difference-vector based metaheuristic (DE/rand/1)
and regarding a technique without any heuristic information
in its operation (RANDOM).

In the case of DE, we also used a population size of
60 individuals, performing 300 iterations. For the Ran-
dom Search, a single individual is evaluated at each step,
throughout a maximum number of 18,000 iterations. There-
fore, for these two algorithms, the maximum number of
solution evaluations was set to 18,000, the same for PSO-tl.

– Differential Evolution. In this algorithm, a population
of individuals codifying solutions is updated by means
of two differential operators: mutation and crossover. A
mutant individual wi

g+1 is generated by the following
equation (10):

wi
g+1 = vr1

g + F · (vr2
g − vr3

g ) (10)

where r1, r2, r3 ∈ {1, 2, . . . , i − 1, i + 1, . . . , N} are
random mutually different integers, which are also dif-
ferent from the index i. The mutation constant F > 0

stands for the amplification of the difference between
the individuals vr2

g and vr3
g . It is used to prevent the

premature stagnation of the search process. After this,
each mutated individual undergoes a crossover opera-
tion with the target individual vig , by means of which a

trial individual uig+1 is generated.

uig+1(j) =
{
wi
g+1(j) if r(j) ≤ Cr or j = jr ,

vig(j) otherwise.
(11)

As shown in (11), for each component j of the trial
individual uig+1, the crossover operator generates a ran-
dom (uniform) integer value jr and a real number r ∈
(0, 1) to be compared with the crossover probability Cr .
If r generated is lower than or equal to Cr (or j is equal
to jr ) then we select the jth element of the mutant indi-
vidual (wi

g+1) to be allocated in the jth element of the

trial individual uig+1. Otherwise, the jth element of the

target individual vig replaces the jth element of the trial
one.

Finally, with the aim of adapting DE to the traffic
lights timing programming, a Mid-Thread quantisation
method (function Q() in Algorithm 2) is also applied
to the trial individual, as done with PSO-tl. Thus, no
bias will occur in the results from the differences in the
treatment of traffic lights. After this, a selection oper-
ator decides on the acceptance of the trial individual
for the next generation if and only if it yields a reduc-
tion (assuming minimization) in the value of the fitness
function f (), as shown by the following equation:

vig+1 =
{
uig+1 if f (uig+1) ≤ f (vig),

vig otherwise.
(12)

Rows 14 to 19 in Table 1 show the parameter values
used to set the DE algorithm. For this, F and Cr have
been set to 0.5 and 0.9, respectively, as recommended
in [34].
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Algorithm 2 shows the pseudocode of DE. After ini-
tializing the population, the individuals evolve over a
number of iterations (maxIterations). Each individual is
then mutated (Line 5) and recombined (Line 6). After
quantisation of trial individual in Line 7, the new indi-
vidual is selected (or not) following the operation of
(12) (Lines 8 and 9).

– Random Search. This algorithm is included here not as
a serious competitor, but as a sanity check to find out
if an intelligent algorithm is actually needed. This is
a good habit in research, since many published algo-
rithms have later been competitively solved by random
search, so a not trivial solution has to be proved in
all serious research. The pseudocode of the Random
Search algorithm (RANDOM from now on) is shown
in Algorithm 3. At each iteration step, a new solution
vector of integer variables is randomly generated (uni-
formly) in the range of 5 to 60. We keep the best of
all of them as the solution. The maximum number of
evaluations/iterations was set to 18,000, as for DE and
PSO-tl.

– SUMO Cycle Programs Generator. SUMO provides a
deterministic algorithm for generating cycle programs
(SCPG). Then we also compare the timing programs
obtained by PSO-tl, DE, and RANDOM against the
ones obtained by SUMO, which incorporates actual
scheduling information provided by human experts in
the domain. These last timing programs are the ones
actually running our city traffic light systems at present.
SCPG basically consists in assigning to the phase dura-
tion of the traffic logics fresh values between 6 and 31,
according to three different factors:

1. the proportion of green states in the phases,
2. the number of incoming lanes of the intersection,

and
3. the braking time of the vehicles approaching their

traffic lights.

Further information about this algorithm can be
found in [4].

5.3 Evolvability of PSO on the TLTP landscape

Before the performance experimentation, we carried out
a Fitness-Cloud analysis [42], with the aim of verifying
whether our optimization strategy with PSO is able to suc-
cessfully tackle the traffic light timing programs problem
or not, for the scenario instances worked here. Therefore,
for the execution of PSO-tl that resulted with the median
performance (out of 30 independent runs), we plotted, in
Fig. 4, the mean fitness (Mean f (n)) of particles involved
in the new particle calculation (local best, current parti-
cle, etc. in (4) and (5)) versus the fitness value (f ′) of the
new generated particle (solution). This plot is related to the
Malaga instance, although similar plots have been observed
for Seville’s urban area.

In Fig. 4, the most interesting observation concerns the
regression line which has been calculated from all the points
in the fitness cloud. We can observe that the regression line
shows a positive slope with regards to the diagonal line.
This means that: (1) in most of the cases, new generated
particles obtained better fitness values than the previous
ones, from which they were calculated. Therefore, the three
most relevant operations in our PSO-tl for this problem take
part in the velocity update ((5)), and involve the different
terms of influence (local best, social best, and random par-
ticle in a hypersphere [27]), as we can infer after Fig. 4,
and this is also supported by our previous results in simi-
lar problems like in [11]; (2) the problem’s landscape can
be characterized as unimodal with variable interdependency,
as a single-basing of attraction is sampled (elliptic shape
cloud) in this fitness-cloud [42], and for which PSO has
been shown to perform with success [13]. In this regard,
similar remarks can be found in recent studies [10, 32] on
which, the algorithmic links of PSO (and DE) with a com-
petitive GA optimizer are analysed. In fact, in [10], using
a new adapted operator based on PCX, a new version of
PSO is able to improve its behavior on unimodal problems.
This new PCX operator for PSO aligns with the hyper-
sphere [27] random particle selection operator used in our
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proposal, since they are aimed at selecting centered particles
in recombination (velocity update) operations.

Therefore, an improvement in solutions is generally
reached at some point of the PSO-tl iteration process, and
hence, applying our approach to traffic light timing is
advantageous. Now we examine how much of an advantage
it provides.

5.4 Results and comparisons

In this section, we describe the quality of timing programs
obtained by our PSO-tl in contrast to the ones obtained
with DE, RANDOM and SCPG traffic light schedules. First,
we analyze the individual performance of our optimization
strategy. Second, we compare it against other techniques.
Then, we analyze the results in the domains of gas emissions
and fuel consumption. Therefore, we look for the visible
benefits on the daily traffic flow of the two cities.

5.4.1 Algorithm performance

In order to show a first explanation view of the internal
behavior of our PSO-tl, Fig. 5 plots the trace progress of
the 30 independent runs of our technique when solving the
Seville scenario. In these plots, we can observe that, for
all executions of our algorithm, the computed solutions are
close to each other in quality; but there are some differences
between them. In fact, the final solutions are in the range
of fitness values of between 106 and 95.4. A similar behav-
ior can be observed for Malaga where the fitness range of
the solution are between 77.2 and 69.6. In terms of con-
vergence and robustness, we are able to offer the experts a
varied set of accurate timing programs at the first stage of
optimization.
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Fig. 5 Trace progress of the best fitness values in 30 independent runs
of PSO-tl when tackling Seville scenario

Concerning each individual execution, a representative
example can be seen in Fig. 6 where the absolute frequency
of the fitness distribution of the entire swarm through the
optimization process is plotted. Specifically, it illustrates the
trace run with best performance from the thirty indepen-
dent runs of PSO-tl tackling the Seville instance. We can
see that the initial particles are diverse and with undesir-
able fitness values (�115), although during the second half
of the optimization process they convergence to solutions
with desirable low fitness values (≤99). In this specific run,
227 vehicles out of 250 reached their particular destinations
(90.8 %) in the time frame used (500 s).

5.4.2 Comparisons

In this section we plan to offer numerical evidences that
PSO-tl is the actual right choice for this application. In this
sense, we had satisfactory preliminary results in [14] with
a Particle Swarm procedure for minimize the travel times of
vehicles in real scenarios.

Table 2 contains the maximum, median, minimum, mean,
and standard deviation of the fitness values obtained (out of
30 independent runs) by the proposed PSO-tl for the two
scenario instances: Malaga and Seville. Additionally, the
values obtained by DE, RANDOM, and SCPG algorithms
are also provided in order to allow comparisons. In this
table, we can clearly observe that PSO-tl obtained the best
results (marked in boldface). Furthermore, the maximum
values of our proposal are lower than the mean values shown
by the other three compared algorithms, with the exception
of the mean value obtained by DE for the Seville scenario. In
this particular scenario the mean value for DE is 1.05E+02
and the maximum value for PSO-tl is 1.06E + 02.

In this table, the last row for each instance corresponds
to the adjusted p-values obtained (H.Ap) after applying
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Table 2 Median fitness values
obtained by PSO-tl, DE,
RANDOM, and SCPG for
Malaga and Seville instances

Scen. Val. PSO-tl DE RANDOM SCPG

Malaga Max. 7.72E+01 8.36E+01 8.53E+01 1.02E+02

Med. 7.30E+01 7.97E+01 8.42E+01 1.02E+02

Min. 6.96E+01 7.71E+01 8.18E+01 1.02E+02

Mea. 7.32E+01 7.96E+01 8.39E+01 1.02E+02

Std. 2.96E+00 1.42E+00 1.12E+00 0.00E+00

H.Ap – 2.69E-03 3.94E-09 6.77E-19

Seville Max. 1.06E+02 1.09E+02 1.18E+02 1.26E+2

Med. 1.00E+02 1.04E+02 1.16E+02 1.26E+2

Min. 9.54E+01 1.02E+02 1.12E+02 1.26E+2

Mea. 1.01E+02 1.05E+02 1.16E+02 1.26E+2

Std. 3.40E+00 2.07E+00 1.54E+00 0.00E+0

H.Ap – 1.63E-02 2.39E-08 9.95E-18

The Holm’s Adjusted p-values
(H.Ap) of multicomparisons
with PSO-tl as control algorithm
(α = 0.05) are also shown

Holm’s post-hoc statistical tests [37] to the distribution of
results. In these tests, PSO-tl is used as the control algo-
rithm, since it was the best ranked in a previous Friedman
test. We have used this non-parametric procedure [37] since
the resulting distributions do not show the conditions of nor-
mality and equality of variances (homoskedasticity) to apply
ANOVA or other parametric tests. The confidence level was
set at 95 % (p-value=0.05), which allows us to ensure that
all these distributions are statistically different if they result
in p-value<0.05.

In fact, as shown in Table 2, all these comparisons result
in p-values < 0.05 for both instances. Therefore, we can
claim that PSO-tl obtained statistically better results than
the other three algorithms. Therefore, the ranking from best
to worst is PSO-tl, DE (metaheuristic), RANDOM (stochas-
tic search) and SCPG (deterministic). This also means
that our algorithm is intelligent and competent when com-
pared to heuristic, greedy information, and human expert
guidelines.

From a graphical point of view, Fig. 7 shows the box-
plots of the distribution results of PSO-tl, DE, and RAN-
DOM. The results of SCPG are represented with a � point
since this technique always returns the same determinis-
tic result for a given city scenario. As expected, the data
distribution of PSO-tl shows better lower quartiles, medi-
ans, and upper quartiles than DE, RANDOM and SCPG.

An interesting observation is that, for the two instances,
the results of RANDOM are better than that of SCPG.
Possibly, the greedy behavior induced by SGPG makes
this algorithm find good solutions for general academic
instances with few junctions, traffic lights, and squared
topologies, but obtains unsuitable timing programs on more
complex realistic scenarios, as is the case of Malaga and
Seville.

5.5 Analysis of environmental factors

In this section, we analyze the impact of using our resul-
tant timing programs with regards to the environmental
factors studied. Then, we show the real advantage of using
our PSO-tl in practice, able of computing realistic and
comprehensive traffic lights schedules.

5.5.1 Emission factors

As stated in the introduction, in this work we mainly focus
on CO and NOx emission factors. These two chemical
compounds are the most commonly found in tailpipe con-
centration tests [7] of vehicles with gasoline and diesel
engines, respectively. In the case of gasoline cars, HC

(Hydroxide Carbonate) emissions can be also detected,
although in a much lower concentrations than CO [7]

Fig. 7 Boxplot representation
of distribution results for Malaga
and Seville. The results of
SCPG (human experts solution)
are represented with a � point
since this technique always
returns the same deterministic
result for a given instance
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molecules. Therefore, we decided to work here with CO

and NOx , following the European HBEFA emission model.
Figure 8 shows the evolution of CO (top) and NOx

(bottom) concentrations registered in optimized timing pro-
grams throughout the iteration progress of PSO-tl, for the
two urban instances: Malaga and Seville. In this figure, the
average distribution of emission results of 10 selected inde-
pendent runs (out of 30) performed by PSO-tl are shown.
The mean results of these distributions are additionally
represented in bargraphs (two rightmost graphs) together
with the emission results obtained applying the solution
generated with SCPG.

The first observation in Fig. 8 concerns the optimiza-
tion process of CO and NOx factors registered throughout
the PSO-tl operation. We can clearly see that, in the initial
steps of the iteration, generated timing programs (by PSO-
tl) returned high levels of CO and NOx for the two scenario
instances (dark color). However, as the optimization process
reached the middle steps (�150 iterations) the gas emission
concentrations became lower, to stabilize in the final steps
(clear color). As expected, refined timing programs in the
final steps enabled the vehicles to circulate fluidly, which
minimized their accelerations, decelerations, and waiting
times at traffic lights and in traffic jams.

As a second observation, the comparison of the result-
ing CO and NOx mean factors in Fig. 8 (right) reveals that,
for the two urban instances, the emission concentrations are
always lower for the timing programs optimized by PSO-tl
than by SCPG. It is worth mentioning that the improvement

reached by PSO-tl (compared to SCPG) is higher in Seville
than in Malaga, both of them quite high, in any case. The
improvement is 11 % in Malaga and 23.1 % in Seville
with regards to CO, and 15 % in Malaga and 29.3 % in
Seville with regards to NOx . Probably, the different net-
work topologies (more intricate in Seville) together with the
different number of traffic lights (358 in Seville and 312 in
Malaga) provoke more influence of the scheduling of traffic
lights in the decrease of emission factors in Seville than in
Malaga.

5.5.2 Fuel consumption

As shown in [44], most fuel consumption by vehicles is
registered during velocity changes of acceleration, deceler-
ation, and waiting times. Therefore, improving the traffic
flow should reduce the amount of fuel consumed by all
vehicles in a given urban scenario.

In order to test this latter effect in the scope of the
studied scenario instances, we have plotted in Fig. 9, the
progressive reduction of fuel consumption obtained from
timing programs throughout the optimization procedure of
our PSO-tl. The mean fuel consumed with SCPG timing
programs are also represented with dotted lines. We can see
that for Malaga and Seville, there is a progressive reduction
in the fuel used by moving vehicles. It is noticeable that,
in the case of Seville, the improvement in fuel consumption
of PSO-tl can be observed from just the very early timing
programs, with regards to SCPG. In the case of Malaga, the

Fig. 8 Grey graphs: average CO and NOx concentrations emitted
by vehicles circulating through Malagan and Sevillian urban areas.
Concentrations correspond to the best performed timing programs
(particle) for each PSO-tl iteration. The distribution of results come

from 10 independent runs (out of 30) of PSO-tl for each instance. Bar-
graphs: far right represent the average results for the two gas emissions
factors for PSO-tl and SCPG
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Fig. 9 Mean vehicle’s fuel consumption of PSO-tl solutions each iteration step (30 independent runs) for Malaga and Seville instances. The mean
of consumed fuel with SCPG timing programs are also represented with dotted lines

fuel consumption is also reduced during the optimization
process, although obtaining better values than SCPG occurs
only after 55 iterations.

Final fuel consumption values are in any case, advan-
tageous for both instances. For Malaga, PSO-tl obtained a

reduction of 6 % with regards to SCPG timing program.
Even better values where reached for Seville, where an
improvement of 18.2 % was computed with regards to the
SCPG. Therefore, we can claim that optimized timing pro-
grams (obtained automatically by our PSO-tl) are able to

Fig. 10 Simulation traces of the traffic flow (cars as triangles) result-
ing from timing programs generated by both, SCPG and PSO-tl in
Seville. The pictures show snapshots at the end of the simulation time.

The reader can see that with SCPG dense traffic remains, whereas
PSO-tl has cleared the routes and the traffic is very fluid and sparse
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reduce the mean fuel consumption by smoothing the global
traffic flow.

5.5.3 Traffic flow simulation view

Finally, with the aim of better understanding the final impli-
cations of using (or not using) an optimized timing program,
Fig. 10 shows the simulation traces of the traffic flow
resulting from solutions generated by both, SCPG and PSO-
tl. The pictures were captured at the end of the analysis
and correspond to two areas of Seville scenario including:
Buharı́a, Menéndez Pelayo, Luis de Montoto, and Eduardo
Dato avenues. As we can observe, the traffic density of
the SCPG timing program is clearly higher than the one
of PSO-tl, the former, even leading to several intersections
with traffic jams. As for the PSO-tl timing program, all
intersections were unblocked at the end of the study.

6 Conclusions

In this work, an optimization strategy able to find success-
ful timing schedules of traffic lights has been proposed
with the aim of reducing CO and NOx emissions, as
well as global fuel consumption. A series of experiments
and analyses have been carried out from two points of
view: the performance of the optimization technique and
the quality of solutions with regards to three environmental
factors.

The following conclusions can be drawn:

1. A Fitness-Cloud analysis suggests that the use of our
proposal to the optimal TLTP is advantageous.

2. Indeed, our PSO-tl shows a successful performance in
large realistic traffic scenarios. For the two real scenar-
ios studied, our proposal obtained results statistically
better than the other three compared algorithms: DE,
Random Search, and SCPG.

3. The final timing programs obtained by PSO-tl can
improve the CO and NOx emissions for the two cities.
In particular, PSO-tl timing programs can reduce the
concentrations of CO by 29.3 %, with regards to human
experts. Similar results can be observed for NOx.

4. PSO-tl timing schedules can also reduce the global fuel
consumption of vehicles by 18.2 %, with regards to
human experts. Despite not ensuring an always growing
linear improvement, if we compute this percentage to
the actual case of Malaga, with a population of five hun-
dred thousands and a global hydrocarbons consump-
tion of 684,946 tons/year,1 the reduction will result in
124,660 tons/year. This could probably encourage city
experts to consider our optimization methodology as a
viable strategy.

In this article we have succeeded in leveraging the solu-
tion to problems,problems, shifting the state of the art from
a few junctions to large sections of a modern city. In fact,
we are interested in creating still larger dimension scenarios,
as close as possible to a whole city. This entails numerical
and computational challenges of high scientific interest, in
addition, we would like to suggest a promising line of future
software products for companies in this field.
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