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Abstract. In everyday routines, there are multiple situations of high
traffic congestion, especially in large cities. Traffic light timed regulated
intersections are one of the solutions used to improve traffic flow with-
out the need for large-scale and costly infrastructure changes. A specific
situation where traffic lights are used is on single-lane roads, often found
on roads under maintenance, narrow roads or bridges where it is impos-
sible to have two lanes. In this paper, a simulation-optimization strategy
is tested for this scenario. A Particle Swarm Optimization algorithm is
used to find the optimal solution to the traffic light timing problem in
order to reduce the waiting times for crossing the lane in a simulated ve-
hicle system. To assess vehicle waiting times, a network is implemented
using the Simulation of Urban MObility software. The performance of
the PSO is analyzed by testing different parameters of the algorithm in
solving the optimization problem. The results of the traffic light time
optimization show that the proposed methodology is able to obtain a
decrease of almost 26% in the average waiting times.

Keywords: Traffic Lights Problem · Particle Swarm Optimization ·
Simulation of Urban MObility.

1 Introduction

The current increase of world population and the fast economic growth causes an
increase in mobility needs, in particular within big cities where a large number of
different vehicle types are present [1]. The existing infrastructure was designed
with a distant perception of reality and does not support the amount of vehicles
that need to transit within these cities. This situation generates traffic jams with
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a negative impact on society, mainly on the rise of fuel consumption, together
with the increase in greenhouse gas emissions and major delays in transport
systems [15]. One of the ways to regulate traffic and improve circulation without
the need for infrastructures changes is the optimization of traffic light cycle
times. A peculiar situation where traffic lights are deployed is on single-lane
roads, often found on road under maintenance, narrow roads or small bridges.

The simulation of Urban MObility software (SUMO) is a microscopic traffic
flow simulation platform that includes network and demand modeling compo-
nents [11]. Since its release as an open source traffic simulation package in 2002,
SUMO has been supporting the traffic simulation community with a set of traffic
modeling utilities on a variety of optimization problems [1, 2, 7, 14].

In this paper the particle swarm optimization (PSO) algorithm was used to
optimize the waiting time in the one-lane-two-ways traffic light problem.

The optimization process involves an interaction between the PSO algorithm
and the SUMO simulator, where the traffic light cycle times combined with sim-
ulated traffic data are used to evaluate the waiting times. Four experiments are
conducted to explore how different parameters affect the behaviour of the PSO
algorithm. The results obtained in the experiment with the best performance
will be compared to a real scenario in order to assess if there is an improvement
in the vehicle waiting times in the one-lane-two-ways traffic light system.

The remaining of this paper is organized as follows. In Sect. 2, a literature
review is carried out about optimization techniques and simulators used to solve
the traffic light problem. Section 3 presents the traffic light optimization problem
and the methodology based in the interaction of PSO and SUMO simulator
is described in Sect. 4. In Sect. 5, the implementation details and results are
presented and discussed. Finally, in Sect. 6, a final review and insight on future
work are made.

2 Related Work

The global optimization of traffic light problems has been applied in case studies
of smart cities when the real-time control of traffic lights is not possible or
expensive. It requires the optimization and simulation of a traffic scenario that
is estimated after collecting data from street level sensors. Among the approaches
used, metaheuristics such as particle swarm optimization stand out. PSO is a
stochastic global optimization technique that is simple to implement and has
proven to be effective in several applications [9, 6, 3].

In the literature, simulation-optimization models have been used in several
traffic light optimization problems. The PSO algorithm together with the VIS-
SIM (Verkehr In Städten-SIMulationsmodell) micro simulation software [8] was
applied to a real data set of traffic flow in a roundabout with 28 traffic signals.
The study achieved a reduction of 55,9% in the average delay time per vehicle
and an increase on the number of vehicles transiting the roundabout per unit of
time of 9,3%. The SUMO simulator and PSO were used to program the traffic
light cycle time in [14]. The results obtained with the simulation-based traffic



light cycle optimization showed significant improvements in terms of the number
of vehicles completing the simulation and the average travel time required for
vehicles to reach their destination. In [1], the genetic algorithm and the particle
swarm algorithm were applied in a case study of a road network containing 13
traffic lights in order to produce the minimum total travel time. The SUMO
software was used to simulate the road network located in the city center.

Recently, in 2020, [2] introduced the social learning particle swarm optimiza-
tion (SL-PSO) for the real-time traffic light problem in order to mitigate the
falling success rate of the classical PSO in high dimensional optimization prob-
lems. Based on real traffic data, an intersection was modeled in SUMO and the
SL-PSO showed higher computational efficiency and convergence speed than
PSO.

3 The Traffic Light Problem

Along the traffic networks on cities, there are different situations where traffic
lights are used. The one-lane-two-ways problem under study in this paper can
occur mainly in two situations. On one case, the traffic lights are used at a
fixed location and can be found on narrow roads or bridges. In this case, the
average number of vehicles for each time of the day can be measured and a time
fixed offline optimization can be made to reduce waiting times. On the other,
temporary traffic lights are used to regulate traffic on spontaneous events such as
road maintenance. In these events, the location of traffic lights changes frequently
and this unpredictability requires a more dynamic reading of the demand and
dimensions of the network.

This work aims to study the PSO parameters that achieve better and faster
results in the first situation described above. Based on a small bridge with only
one lane in the surroundings of the city of Braga, some network characteristics
were measured, mainly the distance between the two traffic lights and their
cycle times. Vehicle demand values where not measured but will be staged and
simulated by SUMO.

Thus, in this work, the one-lane-two-ways problem will be optimized by the
PSO, to determine the green light times of each of the two traffic lights in order
to minimize the average waiting time of the vehicles. The average waiting time
(Wtime), in seconds, of all vehicles that go through the system is given in (1). The
waiting time is the amount of time that a vehicle is stopped due to involuntary
factors like traffic lights and other vehicles. The decision variable vector y refers
to the duration time of the green light phase, in seconds, for each traffic light in
the system.

The mathematical formulation of the traffic light optimization problem is
given by

minimize Wtime =
∑N

i=1 Wti(y)

N

subject to y ∈ [20, 120]2
(1)



where Wtime is the average waiting time value for all the vehicles in the system,
Wti(y) is the waiting time for each vehicle i considering the green light phase
time vector y and N is the total number of vehicles.

4 Methodology

In this section, the methodology is described, presenting the PSO algorithm, the
SUMO software as well as the optimization strategy used in this paper.

4.1 Particle Swarm Optimization

Kennedy and Eberhart in 1995 [10], developed the PSO algorithm, a population-
based metaheuristic inspired by the movement of birds within flocks, where the
population, known as swarm, is composed by particles. The movements of the
particles take into consideration their best-known position as well as the global
best-known position among the entire swarm. When improved positions are
found then they guide the movements of the swarm. The process is repeated
until a stopping condition is met.

The candidate solutions of the problem are the positions of each particle, x,
that are updated every iteration by its velocity v, as shown in (2).

xi+1 = xi + vi+1 (2)

The velocity of the particle has three components: the inertia, based on the
velocity vi, the cognitive component, based on the best position that the particle
itself found (p), and the social component, based on the best position found
by the swarm (g). The cognitive and social components are also multiplied by
a random number that is uniformly distributed in the interval [0,1] (r1, r2 ∈
U [0, 1]), respectively. In 1998 Shi and Eberhart [16] introduced a way to influence
the inertia, by multiplying its value with the inertia weight, w, balancing the
behaviour of the particle between global and local search. Thus, the update of
the velocity is computed by

vi+1 = w ∗ vi + c1 ∗ r1 ∗ (p− xi) + c2 ∗ r2 ∗ (g − xi) (3)

In order to further explore the effect of the inertia weight, Shi and Eberhart
[17] used a decreasing linear inertia weight over the iterations to improve PSO
performance given by

witer =
itermax − iter

itermax
(wmax − wmin) + wmin (4)

where wmax = 0,9 and wmin = 0,4.
Later, a constriction factor was introduced into PSO to reduce the overall

velocity values in order to ensure convergence of the algorithm [4, 5]. Thus, the
new update of the velocity of the particle is given by



vi+1 = K ∗ [w ∗ vi + c1 ∗ r1 ∗ (p− xi) + c2 ∗ r2 ∗ (g − xi)] (5)

where the constriction factor is calculated as

K =
2

|2− φ−
√
φ2 − 4 ∗ φ|

, where φ = c1 + c2, φ > 4 (6)

The pseudocode of PSO is presented in Algorithm 1.

Algorithm 1 Pseudocode of PSO

1: Inicialize swarm
2: while stopping condition not satisfied do
3: for each particle do
4: Evaluate objective function
5: Update best position
6: end for
7: Update global best position
8: for each particle do
9: Update velocity (using (3) or (5))
10: Update position (using (2))
11: end for
12: end while

4.2 Simulation of Urban MObility

Eclipse SUMO [12] is an open source, purely microscopic and multi-modal traf-
fic simulator that allows to simulate a variety of traffic management topics. The
simulations are deterministic where each vehicle is modelled with its own charac-
teristics and route throughout the network. Like any other simulation software,
it allows the assessment of infrastructure and policy changes before implemen-
tation.

SUMO makes use of input files in order to assembly the simulation model,
in particular, a configuration file (.sumocfg.xml), a network file (net.xml) and
a route file (.rou.xml). The configuration file is used to load together the net-
work and route descriptions from the input files, as well as, to detail processing
decisions and to select the necessary outputs. The network file describes the traf-
fic infrastructure like road and intersections where the vehicles will run during
the simulation. A SUMO network is a graph where the edges are the streets,
with the position, shape and speed limit of every lane, and the nodes are the
intersections. In case of the intersections having traffic lights, their logic is also
described in the file. The route file describes all vehicle characteristics and all
the different possible routes. A route is a set of edges and nodes. In order to
create the network and route files, SUMO provides a graphical network editor
named netedit, which allows to create different networks from scratch.



4.3 Simulation-Optimization Strategy

Similarly to [7], the optimization strategy was defined as a two-step routine: the
optimization algorithm and the simulation process. In the first step, the PSO al-
gorithm is applied to find the optimal, or near-optimal, traffic light configuration
in order to minimize the average waiting time. In the second step, the SUMO
software is employed to evaluate the traffic light configurations created by the
PSO, returning the waiting time of each vehicle. Figure 1 shows the simulation
and optimization process. Every time the PSO finds a new configuration for the
traffic lights (i.e., green light phase times), this configuration is sent as input to
the SUMO simulator for testing. In a similar way, after every simulation run,
the output results (i.e., the waiting time for each vehicle in the system) are sent
back for further optimization.

Fig. 1. Interaction between the optimization algorithm and the simulator.

5 Simulation-Optimization Results

First, the technical details of SUMO configuration and the PSO parameters are
analyzed for the proposed simulation and optimization methodology. Then, the
obtained results from their application are presented and discussed. A python
code was developed to program the PSO algorithm, to call the SUMO simulator
and also ensure correct communication between the two parts. A PC running
Windows 10 operating system equipped with AMD Ryzen 7 4800H CPU @ 2.90
GHz, 16 GB RAM was used.



5.1 SUMO Input Configuration

As previously mentioned, this paper aims to study the one-lane-two-ways road
with alternating circulation. Naturally, the first step was to represent the network
in the SUMO tool, netedit. With the real world scenario in mind, the problem
network was built as shown in Fig. 2.

Fig. 2. Network representation.

During the design process, several characteristics of the road were taken into
account, such as the road length, the traffic light logic and the speed limits.
Two different maximum speed limits were set, 30 km/h for the road between
the traffic lights and 50 km/h for the remaining of the road. As usual, an all-
red mandatory phase was set to ensure that the lane was empty before any of
the traffic lights turned green to avoid collisions. Based on the time necessary
to drive through the distance between the two traffic lights (200 meters), plus
a safety margin, a time of 30 seconds was set for this phase. All this network
settings were saved in the SUMO network file.

In order to create the SUMO route file the type of vehicle as well as the
routes were defined as follows. Only one type of car was outlined, the passenger
vehicle, with default attribute values with some minor changes to its acceleration
and deceleration abilities, 3 m/s2 and 6 m/s2, respectively. Note that the heavy
vehicles are prohibited to cross the bridge due to its dimensions and weight. In
this scenario, there were only two different routes, one where the vehicles can
only travel from the left to the right, route01, and another that is reversed from
the first one, route02. The arrival frequency was arbitrarily defined, although
the model is able to calculate it based on real average demand data. Thus, a car
arrives every ten seconds for route01 and for route02 a frequency of one car every
thirteen seconds was defined. Considering the total duration of the simulation
of one hour of traffic (3600 seconds), the arrival time of each vehicle during the
simulation was assigned according to a random uniform distribution. Therefore,
a total of 628 vehicles belong to the simulation network being 352 to circulate
on route01 and 276 to travel on route02. A simulation stopping criterion was
defined for when all vehicles leave the network to make sure all waiting times
are considered on the output results.

5.2 PSO Implementation Details

In all experiments, the number of particles was set to 20, as used in an extensive
PSO inertia weight study [13], the algorithm stopping condition was set to 50
iterations, to limit execution times, and each experiment was executed 30 times
since PSO is a stochastic algorithm. Furthermore, the parameters used were



chosen after a small exercise with different values and according to previous
studies [5, 18].

In order to better understand PSO particles behaviour in this context, four
experiments where carried out. This experiments were mainly focused on the
effect that different particle velocity parameters can have on PSO convergence.
Table 1 shows the parameters used in each experiment, mainly different values
of inertia weight (w), cognitive parameter (c1) and social parameter (c2). In

Table 1. PSO parameters for the different experiments

Experiment w c1 c2
1 0,4 2 2
2 0,9 2 2
3 0,9 to 0,4 2 2
4 1 2,05 2,05

Experiment 1 and 2, two different fixed values of the inertia weight were used
to find out the effect of a relative low and high inertia respectively. After that,
in Experiment 3, a linear decreasing inertia weight was used between the two
previous values [0, 4; 0, 9]. In the last experiment, a constriction factor of K =
0, 729 was used to further assess if lower values of particle velocity help the
algorithm to find best solutions.

5.3 Results and Discussion

The results obtained with the four experiments are presented in Table 2. The
second to fourth columns show the average values over the 30 runs for the average
waiting time, the standard deviation and the average time spent for each run.
The last three columns present the values obtained for the best run, in particular
the best average waiting time and the green phase times of each traffic light, y1
and y2, respectively.

Table 2. Simulation-optimization results.

Average values among 30 runs Best Solution
Experiment Avg Wtime Std Dev Avg Runtime Wtime y1 y2

1 39,294 0,471 1242,888 38,71 44,782 32,170
2 39,746 0,298 1230,873 39,14 45,278 31,754
3 39,376 0,341 1273,502 38,77 44,427 32,547
4 39,228 0,443 1209,352 38,73 44,951 31,997

From Table 2, the proposed strategy that obtained better results on average
was Experiment 4 (in bold). However, the best solution was obtained in Ex-
periment 1 resulting in a time of y1 = 44,782 and y2 = 32,170 seconds for the



green phase times of each traffic light. All experimental results seem similar in
terms of running time, although a slightly shorter runtime can be observed in
Experiment 4, perhaps due to the delay of the last vehicles leaving the system
being lower, ending the simulations earlier.

To better analyze the behaviour of the particles during the optimization,
Fig. 3 depicts the particle positions along the iterations for the best run of each
experiment. In the first three experiments, some particles are still far from the
best solution found, specially in Experiment 2 where the high inertia caused
a slower convergence. The effect of the social and cognitive parameters is the
likely cause of some particles escaping the best solution area. In Experiment 4,
the particles seem to continuously converge towards one point, the global one.

Fig. 3. Comparison of the population position of the best run, of each experiment on
different iterations. The red diamond marks the global best found so far.



In the following, a comparison to a real scenario simulation considering green
phase times of 120 seconds (y1 = 120 and y2 = 120) on each traffic light was
conducted. The SUMO simulator was run one time with the same configuration
values given in Sect. 5.1 and with these green phase time values. After the
simulation, a value ofWtime = 52,04 seconds was obtained for the average waiting
time. Thus, when comparing this value with the best solution obtained with the
simulation-optimization strategy, Wtime = 38,71 seconds, there is a reduction
of 25,6% in the waiting time. Figure 4 presents the evolution of the number of
vehicles in the network during those two types of simulations.

Fig. 4. Number of vehicles in the system along the simulation time of 3600 seconds, in
the simulation-optimization strategy and in the simulation of the real scenario.

The results showed that the number of vehicles in the system was similar in
both scenarios, although a reduction in the average waiting time should translate
into reduced traffic congestion. However, there were vehicles that could not enter
the system at the scheduled time because the queue at traffic lights reached and
exceeded the network limits. Figure 5 represents the evolution of the number
of vehicles waiting to enter the system for both scenarios, revealing a higher
number of vehicles on the real scenario. Therefore, the simulation-optimization
strategy effectively reduced traffic congestion.

The comparison between the waiting time along the simulation time of 3600
seconds in the simulation-optimization strategy and in the simulation of the real
scenario can be seen in Fig. 6. There is a clear difference between the range of
values of the two figures. In the simulation-optimization strategy, the waiting
time is more evenly distributed across all vehicles, reaching a maximum of 107
seconds, while a large increase to 184 seconds is registered in the real scenario
simulation.



Fig. 5. Number of vehicles waiting in queue to enter the system along the simulation
time of 3600 seconds, in the simulation-optimization strategy and in the simulation of
the real scenario.

Fig. 6. The waiting time along the simulation time of 3600 seconds, in the simulation-
optimization strategy (on the left) and in the real scenario simulation (on the right).

6 Conclusions and Future Work

Mobility needs, especially in large urban cities, are always on the rise due to
the fast economic growth and to the increasing world population. Current stress
on existing infrastructure causes traffic jams that are harmful to the health of
all citizens with increasing greenhouse gas emissions and noise pollution. The
adjustment of the traffic light cycle times to the network requirements is seen as
a good solution to this problem.

This paper aimed to optimize the waiting time in the one-lane-two-ways
traffic light problem. Thus, a simulation-optimization strategy, based on PSO
algorithm and SUMO simulator, was used for solving the traffic light configu-
ration problem. The objective was to minimize the average waiting time of the
vehicles in a simulated system. The SUMO simulation software evaluates the
traffic light configurations created by the PSO, returning the waiting time for
each vehicle.



Different values to the inertia, social and cognitive parameters were used to
assess the convergence of the PSO. Four experiments were conducted, and the
best solution for the green phase times of each traffic light with values of y1 =
44,782, y2 = 32,170 and Wtime = 38,71 seconds was obtained in Experiment 1.
When comparing these values with a simulation of a real scenario, under the
same conditions of the experiments, there was a reduction of the average waiting
time by more than 25% when using the simulation-optimization strategy for
optimizing the traffic light cycle times.

In the future, the effect of the traffic lights on the surrounding network will be
taken into account. A study on the three-way intersection and its possible com-
binations will be carried out and the utilization of other optimization algorithms
will be considered.
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