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Abstract. The method of evolutionary functional testing allows for the
automation of testing by transforming the test case design into an optimization
problem. For this aim it is necessary to define a suitable fitness function. In this
paper two different fitness functions are compared for the testing of an
autonomous parking system. The autonomous parking system is executed with
the generated test scenarios, the fitness for each test scenario is calculated on
basis of an evaluation of the quality of the parking maneuver calculated by the
autonomous parking system. A numerical analysis shows, that the proposed
area criterion supports a faster convergence of the optimization compared to the
proposed distance criterion and that the proposed area criterion describes an
efficient method to find functional errors in the system in an automated way.

1 Introduction
Electronic control units (ECUs) in cars take over more and more complex tasks.
New applications such as autonomous parking systems, intelligent cruise control
systems tracking the distance to vehicles driving ahead or emergency breaking
systems rely on the sensor-based calculation of distances to other objects. For such
applications errors in the ECU's software can result in high costs. Therefore, the aim
is to find as many errors as possible by testing the systems before they are released. In
practice, dynamic testing is the analytical quality assurance method most commonly
used. Usually, a complete test is infeasible, because of the huge number of possible
input situations. Therefore, test cases have to be selected according to test hypotheses,
e.g. each requirement should be tested at least once or every program branch should
be executed during the test.
In most cases, test case design is performed manually, requiring a considerable part
of the project’s resources. The method of evolutionary functional testing facilitates
the generation of test cases in order to detect functional errors during a directed
search. The method of evolutionary functional testing transforms the test case design
process into an optimization problem. Automated test result evaluation is a
prerequisite for this process. The evaluation is done by means of the fitness function,
which assigns a numerical quality value to a test result.

This paper evaluates two different approaches to the definition of fitness functions
for the functional testing of an autonomous parking system. The fitness functions
defined represent a quality metric and can automatically evaluate a parking maneuver
calculated by the parking system, i.e. they return a numerical value which describes
the quality of the parking maneuver. Both approaches are compared by numerical
experiments for a prototype implementation of an autonomous parking system. The
results show that of both the criteria proposed in this paper, the area criterion can
identify critical parking maneuvers better than the distance criterion introduced in [1].
The area criterion provides a more efficient method of error detection in the parking
system.
The structure of the paper is as follows: After a brief introduction to evolutionary
testing in the second section, the autonomous parking system is introduced and the
application of evolutionary testing to its functional testing is explained in the third
section. Section 4 describes the different fitness functions, whereas section 5 shows
the experimental results achieved by applying these fitness functions. The paper
closes with a short summary in the sixth section.

2 Evolutionary Testing
Testing is aimed at finding errors in the system under test and giving confidence in its
correct behavior by executing the system with selected input situations. Of all the test
activities, test case design is assigned decisive importance. Test case design
determines the type and scope and thus the quality of the test [2]. If relevant test cases
are forgotten, the probability to detect errors in the system sinks. Due to the central
importance of test case design, a number of testing methods have been developed to
help the tester with the selection of appropriate test data. One important weakness of
the testing methods available is that they cannot be automated straightforwardly.
Manual test case design, however, is time-intensive and error-prone. The test quality
depends on the performance of the tester. In order to increase the effectiveness and
efficiency of the test and thus to reduce the overall development and maintenance
costs for systems, a test should be systematic and extensively automatable. Both
objectives are addressed by the method of evolutionary testing [3].
In order to transform a test aim into an optimization task a numeric representation
of the test aim is necessary, from which a suitable fitness function for the evaluation
of the generated test data can be derived. Depending on which test aim is pursued,
different fitness functions emerge for test data evaluation. If, for example, the
temporal behavior of an application will be tested, the fitness evaluation of the
individuals of evolutionary testing will be based on the execution times measured for
the test data [3]. For safety tests, the fitness values are derived from pre- and postconditions of modules [4], and for robustness tests of fault-tolerance mechanisms, the
number of controlled errors can form the starting point for the fitness evaluation [5].
Applications of evolutionary testing to structural testing result in different fitness
functions again [6], [7], [8], [9]. An overview on the different applications of
evolutionary testing can be found in [10].

If an appropriate fitness function can be defined, the evolutionary test proceeds as
follows. The initial population of test data is usually generated at random. Each
individual within the population represents a test datum with which the system under
test is executed. For each test datum the execution is monitored and the fitness value
is determined with respect to the defined test aim. Next, population members are
selected with regard to their fitness and subjected to combination and mutation
processes to generate new offspring. These are then also evaluated by executing the
system under test with the corresponding test data. A new population is formed by
combining offspring and parent individuals, according to the survival procedures laid
down. From here on, the process repeats itself, starting with selection, until the test
objective is fulfilled or another given stopping condition is reached.

3 Evolutionary Testing of the Autonomous Parking System
As an automobile manufacturer, DaimlerChrysler is continuously developing new
systems in order to improve vehicle safety, quality, and comfort. Within this context,
prototypical vehicle systems are developed, which support autonomous vehicle
parking - a function that is likely to be introduced to the market in some years time.
To describe the application of evolutionary testing for the functional testing of
autonomous parking systems a brief description of the functionality of an autonomous
parking system is given first. Then, the application of the evolutionary test to the
parking system is explained. In addition, the test environment developed for the test
of the parking systems and the test data generator are described.
3.1 Autonomous Parking System
The autonomous parking systems dealt with in this paper are intended to automate
parking lengthways into a parking space, as shown in Fig.1. For this purpose, the
vehicle is equipped with environmental sensors, which register objects surrounding
the vehicle. On passing along, the system can recognize sufficiently large parking
spaces and can signal to the driver that a parking space has been found. If the driver
decides to park in the parking space detected, the vehicle can do this automatically.

Fig.1: Functionality of an Autonomous Parking System

Fig.2 shows the system environment and the internal structure of the autonomous
parking system. The inputs are sensor data, containing information on the state of the
vehicle, e.g. vehicle speed or steering position, and information from the

environmental sensors, which register objects on the left and right hand side of the
vehicle. As for output the system possesses an interface to the vehicle actors, where
the vehicle's velocity and steering angle will be set.
The parking space detection processes the data obtained from the environmental
sensor systems and delivers the recognized geometry of a parking space if it has been
identified as sufficiently large. The parking controller component uses the geometry
data of the parking space together with the data from the vehicle sensors to steer the
vehicle through the parking procedure. For this purpose, velocity and steering angle
are set for the vehicle actors. The parking controller has to guarantee that the collision
area is not entered by the controlled vehicle in order to avoid a high probability of
causing damage to adjacent parking vehicles or objects and the controlled vehicle
itself.
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Fig.2: System Environment and Sub-Components of the Autonomous Parking System

3.2 Applying Evolutionary Testing to the Autonomous Parking System
Comprehensive and efficient testing is essential before releasing a system such as the
automatic parking system. As many tests as possible must be performed in a
systematic and efficient way. Manual testing of the complete system is cost-intensive
and time-consuming because every test case comprises building up a parking scenario
with real cars and manual driving of each maneuver. Furthermore, it is difficult to
achieve an exact reproduction of the tests because the details of the test execution
vary. In contrast, automated tests have the potential to perform a large number of test
cases with less effort in a reproducible manner. Therefore, automated functional tests
performed in a controlled simulation environment should be integrated into the
quality assurance process of the autonomous parking system.
Evolutionary functional testing provides a way of automating functional tests as a
complete process. Instead of selecting the test cases manually, a search for interesting
test cases is performed automatically. This is done by translating the test case
selection into an optimization problem. The possible input situations of the system
under test are mapped to the search space. On the one hand, the mapping should keep
the size of the search space as small as possible, and on the other hand, the mapping
should be able to produce all possible input data for the system. If one considers the
whole input range during the design of the test data generator it does not mean that all

test cases in this range will actually be tested, but it provides the possibility to
generate any required test data. An appropriate model has to be designed for this
purpose.
Both components of the autonomous parking system have to be tested thoroughly.
For the parking space detection, it has to be tested that suitable parking spaces are
identified precisely whereas parking spaces to small for a parking maneuver have to
be rejected. Usually, the parking space detection has to be tested in natural
environments since reliable simulation models for the environmental sensors are not
available. Therefore, it is not considered in the subsequent sections of this paper.
Nevertheless, we plan to test the parking space detection by generating environmental
data in the future.
For the testing of the parking controller test cases describing different parking
scenarios are to be generated. The evaluation of the test cases is carried out by the
fitness function. For the test of the automatic parking system, the fitness function
calculates a numerical fitness value for each parking scenario generated. This fitness
value represents the quality of the corresponding test case and intends to lead the
evolutionary search into a direction of input situations which result in an error of the
parking controller. Therefore, the fitness function is designed to assign good fitness
values to parking scenarios which lead the system to enter the collision area or end up
in an inadequate parking situation. Bad fitness values are assigned to scenarios which
result in a good parking position with enough distance to the collision area.
3.3 Test Environment
The test environment of the automatic parking system (Fig. 3) comprises the
simulation environment, an evolutionary algorithm toolbox, an implementation of the
fitness function and the test data generator which translates individuals into actual
parking scenarios. The test object is the control unit of the vehicle with the
implementation of the automated parking system inside.
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Fig.3: Design of the Test Environment

The GEA toolbox for Matlab (www.geatbx.com) was used to implement the
evolutionary algorithms used for the test of the autonomous parking system. The

simulation environment (built up on a Matlab R12.1 platform) simulates the
properties of the vehicle as well as the surrounding environment. It runs with the
control unit "in-the-loop", meaning that the simulation environment calculates the
sensor data of the vehicle and presents it to the parking controller inside the control
unit. The control unit processes this sensor data and reacts on it with control data for
the simulation environment. This loop simulates a complete parking maneuver
resulting for the generated parking space scenario. The parameters describing a
parking space scenario for the simulation, such as the position of the car and the size
of the parking space, are outputs of the test data generator (see 3.4.). After the
simulation of a parking maneuver the fitness value is calculated using the fitness
functions described in the subsequent section and then assigned to the generated
individual.
3.4 Test Data Generator
The geometric data to characterize a parking space comprises six points P0 to P5, and
is referred to as parking space geometry. The points define the border between the
drivable and impassable area of the parking situation. The model for the generation of
this parking space geometry is shown in Fig.4. It is a simplified model, because the
borders of the parking space are always rectangular. The shape of the parking space
can only vary in length and depth.
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Fig.4: Model for Generation of Parking Space Geometry

This model takes the values of five independent variables and calculates from it
the parking space geometry. The independent variables define length and width of the
parking space. In addition, the starting position with the distance of the car to the
parking space (dist2space), the angle psi and the gap between the vehicle and the
collision area on the right side of the car are part of the parking space scenarios
generated.

4 Definition of Fitness Functions
This section describes the definition of two different strategies for the evaluation of
the fitness of a parking scenario. One strategy uses the distance between vehicle and

collision area as a measure of the evaluation of fitness [1], the other strategy works
with the area between vehicle and collision area. Both strategies separate the parking
space into two parts: (1) collision with the precedent vehicle and (2) collision at the
parking side. The possible movement of the vehicle into the parking space has limited
degrees of freedom and thus, if a collision with the preceding vehicle or the parking
side happens, either the right rear edge or the right front edge of the car must be
involved. As a result from the position of the collision areas, the lines between P3-P4
and P5-P4 have to be observed in order to identify a collision with the front vehicle.
To identify a collision with the side, the line P2-P3 has to be observed. The definition
distinguishes between the observation of a corner, defined by three points, and the
observation of an edge, defined by two points.
The fitness function is intended to assess a parking scenario and to assign an
adequate fitness value to it. The fitness value should correspond to the quality of the
parking scenario. From the testing perspective it is a good parking scenario if a
collision with other parking cars occurs or the controlled vehicle touches the parking
side. Since we are minimizing the fitness values during the search process, the fitness
value assigned to a parking scenario decreases with the quality of the scenario. An
interesting parking scenario achieves a smaller value than a parking scenario for
which the automatic parking system performs well. The fitness becomes negative
when a collision occurs.
4.1 Distance Criterion Fitness Function
The distance criterion considers the closest distance between a vehicle edge and the
collision border during the parking maneuver. In separate evaluations the smallest
distance of the collision corner P3-P4-P5 and the smallest distance from the collision
side P2-P3 are calculated. The following subsections describe, how the evaluation of
the collision corner and collision side is carried out.
Evaluation of a Collision Corner
The collision corner is defined by three points P3-P4-P5. All distances will be
calculated as polar coordinates with P4 as origin (Fig. 5). The evaluation of the
collision corner observes the section defined by P3-P4-P5 and the diagonal opposite
section. Only the points within these sections are considered. As quality measure for
the evaluation of the parking maneuver, the smallest distance between the vehicle
path positions and the point P4 is taken. The value of the distance is positive, if the
path is outside the collision corner. The value is set to zero, if the path crosses P4.
The value is measured as a negative value, if the path runs through the collision
corner (Fig. 6).
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Fig.5: Selection of Smallest Distance

This strategy shall ensure, that closer the path gets to the collision corner, the
lower the assigned fitness value becomes. For different paths which continuously
move into the collision corner the corresponding fitness values become continuously
lower, as shown in Fig.7, where D1 > D2 > D3.
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Fig.6: Signed Distance Values

Evaluation of a Collision Side
The collision side is defined by the straight line between P2-P3. The distances
calculated are between this line and the path positions of the car. In this calculation,
only path points whose x-values are within the range of P2 and P3 are taken into
account. The selection is done by comparing the x-coordinates of the path points with
P2 and P3.
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Fig.7: Distance from Line with Positive, Zero and Negative Value

The distance is calculated positive, when the path is above the line, and it is set to
zero, when the path touches the line. The distance is calculated as negative value,
when the path runs through the collision area. From all calculated distance values, the
minimum is taken as fitness value for the generated parking space scenario.

4.2 Area Criterion Fitness Function
The area criterion fitness function considers the area included between the path of the
vehicle and the parking geometry. Here, the areas included in the collision corner and
the collision side are calculated in separate evaluations. The following subsections
describe how the evaluation of the collision corner and the collision side with the area
criterion is carried out.
Evaluation of a Collision Corner
The area included between the corner lines and the vehicle path is taken as a measure
of the evaluation of the parking scenario. To calculate this area, it is separated into
smaller segments, appropriate to the points of the vehicle’s path through the corner,
as shown in Fig.8. The overall area A included in the collision corner is the sum of all
segments together.
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Fig.8: Separation of Included Area into Small Segments

For an effective and fast calculation of the fitness value, an approximate
description of the area of each segment can be provided by a triangle. When the
distances between two points of the path Tn and Tn+1 is significantly smaller than the
distance to P4 the angle alphan is very small.
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Fig.9: Approximation of Segment by a Triangle

For small angles of alphan, the ratio dn to rn is approximately the anglen in radiants.
The area of one segment which is approximately described by a triangle is:

An =

1
× rn × d n and with d n ≈ rn × (thn+1 − thn )
2

(1)

the area of a segment can be calculated thus:

An ≈

1
2
× rn × (thn+1 − thn ) .
2

(2)

The angle thn and the radius rn for each path point Tn can be easily obtained, when
the path positions are transferred to Cartesian coordinates into polar coordinates with
P4 as origin of the coordinate system. The overall area of the corner is the sum of all
segments within the corner

Acorner = ∑ An .

(3)

To lead the optimization towards a collision, the corner P3-P4-P5 symmetrical to
point P4 is also taken into consideration. The path of the vehicle has to pass the point
P4 and the aim of the optimization is to bring that path into the collision area. The
idea is to rate an area included in the opposite corner as a positive value and an area
included in the collision corner as a negative value. When the vehicle path crosses
through the corner point P4 the corresponding value is set to zero. Thereby, the areas
shown in Fig.10 become A1 > A2 > A3 when the vehicle path keeps on shifting into
the collision corner. This leads to a gradual improvement of the fitness value, depending on how near the vehicle path passes by the collision corner or crosses into it.
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Evaluation of a Collision Side
The evaluation of a collision side takes the area included between the vehicle path
and the straight line P2-P3 as a measure. The calculation of the area takes only those
points into consideration which have their x-coordinate in the range between P2 and
P3. The calculation is done by approximation with the rectangles defined through the
path positions. The area of each rectangle can be easily calculated by ∆x and the
distance between path and line ∆y. With a sufficient number of path points in the
range between P2 and P3, a good approximation of the included area can be achieved.
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Fig.11. (1) when the path is above the line, (2) the path touches the line or (3) the
path crosses the straight line into the collision area. In the first case, the included area
has a positive value, in the second case the value for the area is set to zero. In the

third case the area below the line has a negative value. The distinction drawn between
the three cases prevents a larger area above the line compensating small areas below
the line. It also prevents a touch of the line from being concealed by adjacent areas so
that they cannot be observed.

5 Experiments
The aim of the experiments is to analyze and compare the suitability of the fitness
functions described in the previous section for the testing of autonomous parking
systems. A number of experiments were performed to analyze the fitness landscapes
for both fitness functions. For each experiment, two variables from the test data
generation input vector were varied within a defined range and a defined number of
samples. The remaining three variables were kept constant resulting in twodimensional variation plots of the fitness landscapes. To calculate the fitness value for
each parking scenario, a parking maneuver of the autonomous parking system was
simulated as described in section 3.2. Fig. 12 shows the results for the experiment in
which the variables dist2space and psi were varied, and in which the length and width
of the parking space as well as the gap to the right of the vehicle are kept constant:
length was set to 8.0 m, width to 2.5 m and the gap to 0.7 m. The axis to the right
shows the distance to the parking space in the range of 0.0 m to 7.0 m, with a
resolution of 70 points. The axis to the depth shows the angle psi from +10o to –10o,
with a resolution of 40 points. Both functions return negative fitness values when
angle psi reaches +10o and dist2space goes towards 7 m. A considerable difference
between the shapes of both surfaces is that for fitness values greater than zero the
distance criterion returns constant small values where the area criterion descends its
values towards the border to zero. This appears as a flat plateau in the distance
criterion surface (on the right hand side of Fig. 12) where the area criterion surface
slopes continuously (left hand side of Fig. 12).
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Fig.12: Fitness Landscapes for Area Criterion (left) and Distance Criterion (right) as
Function of Angle psi and Distance to Parking Space

Comparable results were found in most experiments, e.g. Fig. 13 shows the plots
for the variation of dist2space and parking space length. The range of the length,
shown on the axis to the right, is between 5 and 10 m. Dist2space is shown on the
axis to the left and ranges from 0 to 7 m. The remaining variables are kept constant:
width of parking space was set to 2.5 m, the gap to the right of the vehicle was set to
0.7 m and the angle psi was set to 0o. As in the preceding example, the surfaces for
the area criterion and the distance criterion differ. The distance criterion surface has a
flat plateau of equal fitness values for low distances to the parking space and longer
parking spaces. In contrast, the area criterion shows a sloping characteristic for that
domain.

6 Conclusion
The experiments have shown that both fitness functions have a sloping characteristic
for collision maneuvers, where their fitness value is less than zero. The slope of the
distance criterion function is steeper in that domain than that of the area criterion
function. Furthermore, the distance criterion function shows an angle at the point
where the values enter the negative range whereas the area criterion function has a
smooth transition for fitness values around zero. Both fitness functions guide the
search to scenarios where a collision happens. The area criterion function provides a
sloping characteristic for maneuvers with positive fitness values, in contrast to the
distance criterion function, which returns constant fitness values resulting in plateaus
of equal fitness in the search space for scenarios without a clash. It does not
differentiate between good and better maneuvers. As a consequence, the area criterion
function is better suited to direct the search towards collision maneuvers, than the
distance criterion function. It supports a faster finding of test cases for which the
autonomous parking system does not react correctly. Therefore, the area criterion will
be used for the evolutionary testing of autonomous parking systems in the future.
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