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Abstract. Computational intelligence competitions have recently
gained a lot of interest. These contests motivate and encourage re-
searchers to participate on them. Computer games are interesting test
beds for research in artificial intelligence that motivate researchers to
apply their work areas to specific games. In this paper a structural pa-
rameter set of a car agent is optimised using particle swarm optimisation
and evolution strategies. The change was for were to the TORCS com-
petition held during the Car Setup Optimization Competition EvoStar
2010.
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1 Introduction

Designing a racing car is quite complex and expensive. The fact that the optimi-
sation of the final design in most cases depends on environmental variables, such
as the weather, makes it a difficult task. In addition, the structural configuration
of a car does not behave in the same way over different circuits, this implies that
parts of its structure should allow modifications to exploit the caracteristic of the
circuit. The main problem is that this type of modifications are normally very
expensive and require a long time. Most racing teams do not have the financial
resources or the time to properly perform this type of configuration.

This paper focuses on the use of Artificial Intelligence techniques to optimise
the structural setup of a car agent for The Open Racing Car Simulator (TORCS)
[1], a car racing simulator that provides a physics engine, a 3D visualization and
different models of car and tracks. The optimisation of the parameter set that
defines the structural configuration of a car (Rear Wing, Brake System, Rear
Anti-Roll Bar, Front Left-Right Wheel, etc) was done by applying two evolu-
tionary techniques: a particle swarm Optimisation algorithm and an evolutionary
strategy {ν + λ, α}-ES. The performance of these controllers are compared and
the results obtained are presented here and analysed individually.
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2 The Simulation

For developing the different algorithms, the organizers of the Car Setup Op-
timization Competition EvoStar 2010 (Luigi Cardamone, Daniele Loiacono,
Markus Kemmerling and Mike Preuss) have provided a server module for
TORCS that provides the communication to the remote controller called opt-
Server through an implemented API allowing to send the parameters that defined
the car setup and replies with the result of the simulation which is a vector of
four parameters (lap time, max speed, distance, damage).

There is an important problem that needs to be taken into account. It is
very important to know that the simulation results not only depend on the
parameters set or simulated time, but also on the position of the car in the final
instant of the previous simulation. This is a very important issue which will
influence the outcome of the simulation. For example if a car is located pointing
backwards the agent will have to turn around in order to continue the race with
the corresponding waste of time, however, a car driving at a very high speed at
the end of the previous simulation will have a positive influence over the current
one.

if anyone interested then look for reference http://cig.dei.polimi.it/
?page id=103.

3 Techniques

In this section, the tecniques that have been selected to solve the parameter op-
timisation of the car agent are dealt with, these are particle swarm optimisation
and evolution strategies.

3.1 Particle Swarm Optimisation

The PSO implementation used in this worrk, is based on Jswarm [7], which has
been adapted and changed to meet the dynamic fitness evaluation time problem
mentioned above and the car optimisation competition contest requirements.
This technique uses a group of 200 particles (solutions) and then searches for
optima by consecutive generations. At every iteration, each particle is updated
depending on the value of three parameters: global best, local best and personal
best. The algorithm finishes when the maximum number of game tics allowed
by the simulator (1 million game tics) is reached.

The fitness of an individual is obtained by running the simulation process
once and computing the fitness through the following equation

f(x) = MaxSpeed− Damage . (1)

which tends to select individuals that maximise the speed and minimise the
damage suffered by the car.
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3.2 Evolutionary Strategies

The second artificial intelligence technique used here to optimise a vector of
parameters of a car agent is an evolutionary strategy, in particular a {ν +λ, α}-
ES. with ν parents and λ offspring per generation. Again, the algorithm finishes
when the maximum number of game tics allowed by the simulator is reached.
The fitness of an individual is obtained by running the simulation process in
random order 5 times with different number of tics, and then computing the
average fitness values of each individual as

f(x) = (MaxSpeed + AverageSpeed) − Damage . (2)

The parameter α in the definition of the ES was introduced to account for the
number of iterations that an individual remains in the population without being
evaluated. It is used to avoid the effects of the noise in the evaluation and increase
the number of iterations of the process.

The above equation (2) selects individuals with maximum top speed, those
with more stable speed during the entire race and those with less damage. Ini-
tially a variant of this equation was used, the average damage was substracted
from the sum of the average speed and the best top speed, however, it was ob-
served that in many cases the car speed was decreased significantly and thus it
was not usefull.

4 Experiments

4.1 Evaluation

To validate the two techniques presented in the paper, every controller is tested
on three different tracks (E-Track 5, Dirt 4 and E-Track 1), each one of them
has different characteristics to prove the efficiency of the algorithm. Each cir-
cuit presents a different structure and characteristics which allows checking the
potential of the algorithm to find a good setup for the car controller.

Figure 1 shows the three different circuits selected for the experiments, the
first circuit, called E-track 5, is a simple fast track, that has been selected to
find the maximum speed of the optimised vehicles, the second track, called Dirt
4, is probably the most difficult track, due to the large number of bends which
allows finding vehicles that deal without problems with the need to turn. The
last circuit, called E-Track 1, is a difficult environment with areas where the
maximum speed can be reached followed by sharp bends. All experiments shown
in this paper have been executed using the version 1.3.1 of TORCS.

4.2 Results

The evaluation process is performed in three steps. First, for the PSO technique
three agents are obtained, one at each circuit. Then, the process will be repeated
for the ES technique. Next, each of the six technique-circuit pair is tested on
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Fig. 1. Structure of the different circuits used to test the setup vector generated for
each technique

each circuit for 50 runs of 10,000 game tics (about 3 minutes and 20 seconds)
and the results are averaged. Finally, the different solution are tested on their
corresponding circuit running together with other cars to observe the influence
of other vehicles in the solutions.

The following tables show the results obtained after making the tests, in most
cases the PSO gets better results but the difference between the two techniques
is quite small.

Table 1. Results for individual tests

Track
ES PSO

Average Standard Average Standard
Deviation Deviation

E-Track 5 9726.66 625.06 9903.63 494.33
E-Track 1 8071.80 468.17 8116.94 395.04

Dirt 4 7984.93 402.88 7924.65 411.38

Table 1 shows the results obtained after executing the different car agents in
the different circuits.

In table 2 the results of driving with other cars on the track are presented. In
this case the PSO technique dominates over the ES.

After analysing the results show inthe tables 1 and 2, it seems to be a good
idea to perform multiple assessments to obtain the most reliable fitness or use
a small population, although this does not guarantee a quality vehicle. Since
the best results are obtained by the swarm of particles this represents the most
stable solution regardless of circuit conditions and evolves with large populations
and single individual assessment.
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Table 2. Results for test with traffic

Track
ES PSO

Average Standard Average Standard
Deviation Deviation

E-Track 5 9736.13 543.65 9918.84 483.57
E-Track 1 7883.70 1239.06 8153.21 417.50

Dirt 4 7388.48 394.74 7416.74 450.83

5 Conclusions

In this paper, two different artificial intelligence techniques, PSO and ES, have
been used to successfully optimise a setup vector for a racing car agent. This
setup vector represents certain structural characteristics of a vehicle.

The results suggest that both techniques are able to generate configurations
that offer similar results regardless of the circuit, but in general the PSO tech-
nique obtained better results. Although the results were quite good, it has been
observed that the optimisation process incurred in some problems. These were
due to the way the fitness is evaluated, fitness is based on the results obtained in
several sections of the circuit which leads to optimised parameters that produce
very fast vehicles, but not downshifting effectively in the curves, because the
optimisation process always selects the fastest vehicle with minor damage.
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