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ABSTRACT
This work addresses the design of actuated traffic controllers, opti-
mized by Genetic Algorithm (GA). The type of sensing used in traf-
fic lanes is a decisive feature for the practical applicability of these
controllers due to their complexity and cost, and those based on the
measurement of the queue length are the most effective controllers.
Sensing the queue length is complex and image-based sensing is
typically suggested. The distinguishing feature of this project is that
it is based on a binary presence sensor, so technology as simple as
an inductive loop can be used. The performance of the controller
is evaluated by simulation and the results show that there is only
a tolerable reduction in performance when compared to controllers
that take queue lengths as inputs.
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1. INTRODUCTION
The massive volume of vehicles circulating in large metropolitan
regions results in long traffic congestion with undesirable conse-
quences for the economy and the quality of life of citizens and with
an impact on the natural environment via environmental pollution.
The design of traffic controllers optimized to reduce congestion and
its consequences is hot research with a lot of recent work being
published [2, 5, 9].

The optimization of the controller can be faced directly by the de-
signer by trial and error or by applying techniques such as the de-
sign of experiments. This approach, while yielding good results, is
time-consuming and costly as the designer is subject to the repeti-
tion of this manual procedure each time a change in traffic dynam-
ics is encountered. Therefore, techniques to automate the design of
traffic controllers are valuable and their search justified.

Genetic Algorithm (GA) is an effective metaheuristic in search for
optimization in high-dimensional spaces with recent applications in
various application domains: in engineering project configuration
[13], in the design of neural network architectures [14], scheduling
project [8], combinatorial optimization [6], continuous controller
optimization [7], image processing [12], as well as optimization of
traffic controllers [16, 1, 3].

Controlling traffic signals at an intersection is equivalent to defining
the sequence and duration of the phases. Phases are each of the
ways to allow vehicles to cross the intersection. At the end of each
phase, the controller must decide the next phase and its duration.

In general, traffic controllers are classified into three types based on
the information and the decision mode used by the controller [19].
Fixed time controllers use a sequence and duration of the preset
phases, calculated as a function of traffic regularities. The actuated
controllers regulate the sequence and duration of the phases based
on detectors located on the network’s traffic paths. Finally, adaptive
traffic controllers include plan selection or cooperation between lo-
cal controllers to optimize the individual or collective performance
of a group of intersection controllers.

This work addresses the design of actuated traffic controllers, op-
timized by the genetic algorithm (GA). GAs are an alternative to
search-based optimization that follows the gradient, and they are
suitable for non-convex optimization. GAs are known for their abil-
ity to not get stuck in local minimums.

The type of sensing used in traffic lanes is a decisive feature for
the practical applicability of these controllers due to their com-
plexity and cost, and those based on the measurement of the queue
length are the most effective controllers. Sensing the queue length
is complex and image-based sensing is typically suggested [15].
The distinguishing feature of this project is that it is based on a bi-
nary presence sensor, so technology as simple as an inductive loop
can be used. The binary sensing adopted here indicates only if the
length of the queue is greater than or equal to a certain threshold.
The performance of the controller is evaluated by simulation and
the results show that there is only a small reduction in performance
when compared to controllers that take queue lengths as inputs.

In Section 2 the research context is presented and some references
directly related to it are reviewed and in Section 3 the methods are
detailed. Section 4 is about the experimental plan, simulations and
results. Section 5 concludes by highlighting the main findings of
the research.

2. METHODS
This section describes the structure of the traffic controller and the
interaction between the GA, the controller and the intersection traf-
fic simulator in the optimization process. The details of GA are also
presented.
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2.1 Controller Structure
In many optimized traffic controller designs, the operation of the
controller takes the queue lengths at the intersection as inputs.
Sensing the queue lengths is complex and expensive when com-
pared to binary presence sensors such as inductive loops. Thus, the
distinctive feature of the project in this work is that it is a con-
troller based on a binary detector with satisfactory performance
when compared to an optimized controller based on measuring
queue lengths. Figure 2 shows the location of presence sensors in-
dicating when the length of each queue is greater than or equal to a
certain threshold th. By hypothesis, if the sensor th is on, the vehi-
cle queue length is greater than or equal to th.

The three main variables to be decided in the design of this traffic-
driven controller are the sequence of the phases, the green times of
each phase and a queue length threshold (th) to be detected by the
presence sensor. In this project the sequence of the phases is fixed
and the green time of the next phase is decided at the end of the
previous phase and depends on the reading of the binary presence
sensors.

A presence sensor is installed on each traffic lane at a distance from
the intersection such that the active sensor indicates that the queue
length is greater than or equal to th cars and the inactive sensor
indicates that the queue length is less than th cars. In this way,
the traffic controller structure is defined and the green times and
threshold th will be optimized by a genetic algorithm.

For the signals of the intersection of four phases that will be used
in the performance tests of Section 3, each reading of the pres-
ence sensors generates one of the sixteen binary vectors [0,0,0,0]
to [1,1,1,1].

2.2 The Genetic Algorithm
The interaction between the Genetic Algorithm, the Traffic Con-
troller and the intersection traffic simulator is shown in Figure 1.
The general operation is that the fitness assessment of each indi-
vidual in a GA population requires a complete run of the simulator.
Also note that, to perform the performance comparison, the con-
troller input can be binary detectors or queue lengths.

Fig. 1. Functional block diagram of the interactions between the GA, the
traffic controller and the intersection traffic simulator during the optimiza-
tion procedure.

A standard Integer-Coded Genetic Algorithm [4] was used, the
pseudo-code of which is shown in Algorithm 1. The next para-
graphs describe the constituent parts of the GA used.

Evaluation function: Each chromosome represents a traffic con-
troller configuration. Thus, each individual in a population is eval-

Algorithm 1: Pseudo-code of a standard genetic algorithm.
Input: crossover probability pc, mutation probability pm
Output: best(P)
initialize P
P← eval(P)
P← select(P, f)
t← 1
while not stopping criterion do

P← reproduce(P, f, pc)
P← variate(P, pm)
f← eval(P)
P← select(P, f)
t← t+ 1

end
return best(P)

uated through a simulation run, with GA fitness being the average
queue delay obtained in that simulation run.

Chromosome representation: GA uses constrained-integer-coded
representation for the chromosome. Each gene encodes the green
time in seconds for a {phase, input-vector} combination. There-
fore, each chromosome is an integer vector with 17 elements as can
be seen by the following calculation: 16 inputs + 1 threshold (th).
Each green time gene is an integer in the range [7,55] [17] and the
threshold gene is an integer in the range [1,15]. Thus, in this project
a genotype is mapped into a phenotype without transformation.

Reproduce: This procedure has two stages - selection for reproduc-
tion and crossover. The selection of parents for reproduction used
tournament selection which selects the best individuals among the
chosen k. The crossover operation selects genes from parent chro-
mosomes and creates a new offspring. Single point crossover with
probability of crossover pc was used.

Variate: This procedure corresponds to mutation. Each chromo-
some gene is chosen for mutation with probability pm. The mu-
tation consists of replacing the current gene with another integer
generated randomly in the gene’s range.

Select: This procedure is the selection of the next generation. Here
the roulette wheel method with elitism was used in which the two
best chromosomes are kept for the next generation. The popula-
tion is completed by selecting individuals with probabilities pro-
portional to their fitness.

Table 1 shows the other GA parameters.

Table 1. Genetic Algorithm configuration
parameters.

parameter value
Population size 40
Number of Tournament Competitors 10
Crossover Probability (pc) 90%
Mutation Probability (pm) 10%
Number of Generations 100

3. RELATED WORKS
Traffic dynamics at an intersection are non-linear and stochastic,
and although queue length is a discrete variable, traffic controllers
based on queue length are often designed with continuous entry
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space. Neural and fuzzy controllers [2] as well as model-based de-
signs [18] are frequent. Formulation as a combinatorial optimiza-
tion problem [11], in addition to other design techniques for contin-
uous nonlinear controllers, such as that based on linearization [10],
are also used.

Research and publication on the design of optimized traffic signal
controllers is extensive. To contextualize this paper, this section re-
views some works directly related to this research.

The paper [3] focuses on the automatic optimization of the passage
of vehicles through intersections. The problem has been addressed
by proposing three mechanisms to model any type of intersection,
to calculate the roads with fewer points of conflict between their
inputs and outputs, and to optimize the arrival rate of vehicles us-
ing a Genetic Algorithm to achieve the maximum performance of
the intersection. The proposed systems achieve a throughput im-
provement between 9.21 and 36.98% compared with the traditional
solutions (priority and traffic lights).

The paper [9] is aimed at optimizing delay at isolated signalized in-
tersections through application of meta-heuristic search optimiza-
tion methods. However, real-time traffic is usually heterogeneous,
having non-linear, stochastic, and intricate characteristics. Thus,
they proposed a couple of meta-heuristic-based including GA and
DE (Differential Evolution) methods for efficient traffic control.
Both GA and DE yielded rational signal timing plans. The results
indicated that both methods effectively reduced the average travel
time delay ranging from 15 to 35% compared to existing condi-
tions.

Araghi [2] develops the design of a traffic signal controller based on
ANFIS (Adaptive-Network-Based Fuzzy Inference System). The
controller takes the length of queues at the end of each phase as
input to decide both the next phase and its duration. The controller
is optimized using Genetic Algorithm. This paper is the main ref-
erence of this research and its results are taken as a benchmark for
external comparison. Unlike the controller proposed here, in [2] the
phase sequence is not fixed. In Section 4 more will be said about
this work.

Common to all of this work is that its controllers are based on mea-
suring queue lengths for decision making by the controller. The
work in this paper is based on a binary detector which distinguishes
it from the previous ones.

4. EXPERIMENTS AND RESULTS
In order to perform the tests, a simplified traffic simulator driven by
discrete time with a time pulse equal to 0.1 s was programmed. The
simulator abstracts some physical properties of the phenomenon,
but it has been calibrated and validated, reproducing approximate
results of the average queuing times of some published works. A
vehicle start-up time of 2 s has been included in the model. The
simulator works as a state machine with transitions every 0.1 s.
The state trajectory log file during the simulation is stored and then
used at the end of the run to calculate the performance index statis-
tics. Using the classification given in [20] this simulator is in the
mesoscopic traffic simulator category.

4.1 Experiment plan
For the tests, an intersection of four phases was simulated with the
configuration shown in Figure 2. The phases are those represented
in Figure 3. In any of the traffic lanes the vehicle can move forward

or deviate left or right. In all experiments, traffic is a Poisson arrival
process.

Fig. 2. Traffic lanes and queues at the four-phase intersection used in the
simulation experiments.

Fig. 3. The directions of the traffic routes of the phases at the intersection.

The experiments compare the performance of the binary presence
detector based controller (bd-ga) against that of the one based on
measuring the queue length (ql-ga). Both controllers have the same
operating structure as described in Subsection 2.1 and are opti-
mized by the same GA. The comparison is made for balanced traf-
fic (equally divided between phases) and unbalanced traffic, vary-
ing the total rate at the intersection. For unbalanced traffic, 70% of
total traffic was used in one of the phases and 10% in each of the
others.

For external performance comparison the results of the work [2]
are taken as a reference. In this case, only the result for balanced
traffic between phases with a total rate of 1200 car/s is available.
The numerical data for the table and graphs were extracted directly
from paper [2].

4.2 Results
The results presented are the average of 30 simulation runs for each
parameter setting. Low variance (less than 0.1) was observed in
the statistics for 30 runs. For this reason, and considering the gap
between the values in Table 4.2, statistical hypothesis tests were
dispensed with.
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Fig. 4. The best fitness of the population in a GA run. The existence of
several suboptimal controllers in the final population was observed.

Figure 4 shows the evolution curve of the best fitness of the pop-
ulation in a typical GA execution. Note that an optimal controller
was obtained after 60 generations. It was observed that the optimal
controller is never obtained after 80 generations. It was also ob-
served that there are several almost optimal controllers in the final
population of GA in each execution.

Figures 5 up and down show the total queued waiting delay accu-
mulated for each of the controllers during a typical simulation run
lasting 3600 s, for balanced and unbalanced traffic, at a total rate
of 1200 car/s. This figure shows a clear hierarchy of performance
among the controllers.

Fig. 5. Up: cumulative queued time, unbalanced traffic, 1200 car/s. Down:
cumulative queued time, balanced traffic, 1200 car/s.

The performance differences observed in Figure 5 are captured in
summary form by the average waiting time in line, shown in Table
2 and in Figures 6 up and down, when the total traffic and the type
of traffic (bal, unbal) are varied. For lack of results in [2] for similar

experiments, the third column of Table 2 contains only one value
and the graphs of Figures 6 up and down compare only the con-
trollers developed in this work with the exception being the 1200
car/s setting balanced in Fig-5 up.

Fig. 6. Up: average queue delay, balanced traffic. Down: average queue
delay, unbalanced traffic.

Discussion: The results in Figures 5 and 6, and in Table 2, reveal
the impact of the type of traffic sensing, measuring queue length
or binary presence detector, on the performance of the optimized
controller. For controllers with the same proposed structure, the
average delay of waiting in line goes from 8.18 s to 10.59 s for
balanced traffic, and from 5.96 s to 13.70 s for unbalanced traffic,
respectively, for 1200 car/s. However, accepting this increase in the
average queuing time is advantageous in view of the reductions in
complexity and in the cost of operating traffic control at the inter-
section. With these delay values, the quality of the traffic control
service at the intersection perceived by drivers remains satisfactory
[17].

When comparing performance with the ANFIS [2] controller, this
one is superior to the proposed controller and also to its variant
based on measuring the queue length. This is to be expected since
no two restrictions relevant to its practical applicability were im-
posed in the design of the controller in [2]:

—The ANFIS controller was not imposed a minimum green time.
This means that in order to optimize his performance index he
can assign green times as short as 1 s while traffic engineering
manuals [17] recommend green times of no less than 7 s in Major
Arterial.

—The ANFIS controller was not required to allocate a guaranteed
minimum capacity for all phases. In this condition, an imbalance
of traffic can impose long waiting times in queue on low flow
traffic routes while seeking to reduce the global average.
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With these restrictions, the ANFIS controller is difficult to apply.

Table 2. Average queue delay obtained by
controllers for balanced traffic and

unbalanced traffic. For lack of results in [2]
for similar experiments, the fourth column

contains only one value.
traffic bd-ga ql-ga ANFIS [2]
bal-800 10.51 7.13 –
bal-1200 10.59 8.18 4.87
bal-1600 11.21 9.51 –
unbal-800 12.16 4.67 –
unbal-1200 13.70 5.96 –
unbal-1600 15.23 7.35 –

5. CONCLUSION
This research explored the abilities of genetic algorithms in the
optimization of an actuated signal controller at intersections. The
distinguishing feature of this design is that the controller is based
on binary detection in contrast to most designs which are based
on measuring queue lengths. This feature of binary sensing has a
strong impact on the practical applicability of the controller.

The comparative performance tests using simulation found that this
change in the detection sensor generates only a small and accept-
able reduction in the performance of the controller when compared
to measuring queue length, remaining, however, much higher than
the pre-timed controllers.

In continuity, this research will seek to apply this design principle to
Area Control in which multiple interdependent intersections must
be coordinated.
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