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Abstract—Collision avoidance is currently one of the main research
areas in road intelligent transportation systems. Among the different
possibilities available in the literature, the prediction of abrupt maneuvers
has been shown to be useful in reducing the possibility of collisions.
A supervised version of dynamic Fuzzy Adaptive System ART-based
(dFasArt), which is a neuronal-architecture-based method that employs
dynamic activation functions determined by fuzzy sets, is used for maneu-
ver predicting and solving the problem of intervehicle collisions on roads.
In this paper, it is shown how the dynamic character of dFasArt minimizes
problems caused by noise in the sensors and provides stability on the
predicted maneuvers. Several experiments with real data were carried
out, and the SdFasArt results were compared with those achieved by an
implementation of the Incremental Hierarchical Discriminant Regression
(IHDR)-based method, showing the suitability of SdFasArt for maneuver
prediction of road vehicles.

Index Terms—Collision-avoidance support, inertial sensors, maneuver
prediction, neuro-fuzzy.

I. INTRODUCTION

The problem of intervehicle collisions on roads may be addressed
from different points of view. In the current literature, three differ-
ent main paradigms can be found for collision-avoidance support:
1) systems based on an intelligent vehicle, which are capable of dealing
with a number of unfriendly and changing environments; 2) systems
that rely on shared information with the road infrastructure, coming,
for instance, from the traffic authorities; and 3) cooperative systems
in which the conjunction of vehicles involved in the scene intends to
avoid possible collisions. Whereas, in the case of the first ones, high
investments in the vehicle onboard equipment (OBE) are required,
the latter two options demand high penetration rates and, therefore,
low-cost devices. In particular, in the case of cooperative systems, the
timely prediction of the vehicle maneuver can effectively support the
system to prevent risky situations.

In this paper, a low-cost system for maneuver prediction based on an
Inertial Measurement Unit (IMU) and odometry sensors is presented.
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The performance of the IMU sensors highly depends on the technology
used and the unit price. Since market considerations are taken into ac-
count in this research, only low-cost Microelectromechanical Systems
(MEMS) devices are considered in the OBE of the vehicle. On the
other hand, these sensors are or will commonly be available in standard
road vehicles.

In the approach presented in this paper, we focus on the problem
of longitudinal collisions, which are typical in traffic jams and so-
called “stop & go” situations. We suggest three longitudinal maneuver
states intended to be recognized, i.e., Acceleration and Deceleration
(AC), Cruise (CR), and Stationary (ST). The dynamic Fuzzy Adaptive
System ART-based (dFasArt) neural architecture can naturally address
this issue. Due to its dynamic quality, dFasArt allows taking into
account the time span of input data, without the need to keep buffers
of past input or output values. The dynamic characteristic of the
activation functions provides a natural way of filtering noise in inputs,
whereas the dynamic evolution of the reset signals allows stability in
the predictions. In dFasArt, learning is unsupervised and incremental
[1], [2]. For details of the dFasArt method, see [2].

In this paper, a supervised version of the dFasArt algorithm
(SdFasArt) has been developed. This modification follows the Adap-
tive Resonance Theory MAP (ARTMAP) philosophy, maintaining the
maximum-generalization–minimum-prediction error principle.

Apart from supporting collision avoidance, maneuver recognition
may provide higher accuracy in the process of positioning and error
estimation by choosing the model that better describes the vehicle
dynamics at any time. Although this issue is not discussed in this short
paper, future investigations will focus on it.

In addition to the SdFasArt-based algorithm, an implementation
of the Incremental Hierarchical Discriminant Regression (IHDR) has
been developed, providing efficient results, at the expense of highly
intensive training process. Both methods are compared and analyzed
in this work.

The rest of this paper is organized as follows: First, relevant works
related to this issue are discussed. Next, the SdFasArt and IHDR clas-
sification techniques are explained. In Section IV, brief descriptions
of the OBE of the vehicle and the multisensor filtering are given,
and the results of experimental trials with real data are shown. Main
conclusions are finally discussed.

II. RELATED WORK

Collision avoidance is discussed in the literature from many dif-
ferent points of view. A number of works related to the collision-
avoidance support systems area can be found based on radar systems
[3], [4], vision [5]–[7], or combinations of both to avoid the weak
points related to any single approach [8] at the expense of increasing
the final price of the OBE. McCall et al. [9] made an interesting
comparison of previous research distinguishing between driver intent
inference and trajectory prediction.

The method proposed in this paper predicts maneuver changes based
on the vehicle dynamics being independent of the visibility, weather
conditions, or blockages of the Global Positioning System (GPS)
signals. The idea of using vehicle dynamics for maneuver recognition
has been used previously in aerial navigation [10]. In the road transport
field, this topic has been treated in a number of works. Several works
are based on the idea of using different vehicle dynamics for object
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tracking and navigation purposes [11]–[13]. Some authors focused
their efforts on recognition of vehicle behaviors by using a set of
diverse kinematical models, with each model developed to represent
the vehicle behavior in a particular maneuvering state [14]. Other
approaches can be found in the literature, such as [15], where finite-
impulse-response filters were employed. Nevertheless, many authors
find the tuning of the filter parameters problematic due to the very
diverse nature of a road vehicle maneuver, depending, for example, on
the road shape. Finally, it has been found that increasing the number
of vehicle models does not improve the results achieved.

In preliminary experiments, the proposed supervised dFasArt
(SdFasArt)-based system was proven to be capable of distinguishing
among the vehicle dynamics, avoiding tuning process problems [16].
A more exhaustive study of maneuver prediction is now presented,
with further experiments and more detailed analysis of the results. In
addition, the SdFasArt solution is compared with an implementation
of the IHDR method [17], presenting good results.

III. CLASSIFICATION SYSTEMS

Two classification systems have been implemented in our exper-
iments, i.e., an IHDR-based method and a supervised version of
dFasArt, which is presented next.

A. SdFasArt

The FasArt model links the ART architecture with fuzzy logic sys-
tems, establishing a relationship between the unit activation function
and the membership function of a fuzzy set [18]. On the one hand, this
allows interpreting each of the FasArt unit as a fuzzy class defined by
the membership-activation function associated with the representing
unit. On the other hand, the rules that relate the different classes are
determined by the connection weights between the units.

Derived from FasArt, dFasArt uses dynamic activation functions,
which are determined by the weights of the unit. These weights can
be regarded as the defining parameters of a fuzzy set membership
function [1]. In dFasArt, learning is unsupervised and incremental.
In this paper, a supervised version on the dFasArt algorithm has
been developed. This modification follows the ARTMAP philosophy,
maintaining the maximum generalization-minimum prediction error
principle.

The SdFasArt architecture is shown in Fig. 1(a). SdFasArt uses a
dynamic activation function determined by the weights of the unit as
the membership function of a fuzzy set. The signal activation is calcu-
lated as the AND of the activations of each one of the dimensions when
a multidimensional signal is considered. This AND is implemented
using the product as a T-norm. Hence, the activity Tj of unit j for an
M -dimensional input �I = (I1, . . . , IM ) is given by

dTj

dt
= −AT Tj + BT

M∏
i=1

ηji (Ii(t)) (1)

where ηji is the membership function associated with the ith-
dimension of unit j, which is determined by weights wji, cji, and
vji, as shown in Fig. 1(b). As it can be seen, (1) includes a term of
passive decay with the decay rate AT , which reduces the unit activity
when the signal moves away from the hyperbox that defines it, and a
term of excitation with excitation gain BT . If the condition AT = BT

is imposed in this equation and if input Ii(t) remains time constant,
when t → ∞, it can be found that

Tj →
M∏

i=1

ηji (Ii(t)) (2)

Fig. 1. (a) SdFasArt model architecture. (b) Membership-activation function.

which makes the original equation of the FasArt model without
dynamics.

In the Fuzzy ARTMAP model, there is one limitation with regard
to the normalization of the inputs. Carpenter et al. [19] introduced
the possibility of normalizing the inputs, maintaining the relative
importance of each component. However, to do so, it is implied that the
components of the input vector should be within the [0, 1] interval. In
the most general case, this condition is not satisfied, and a prenormal-
ization of the signal must be done. To do so, we must know a priori the
minimum and maximum values of every signal, which is not always
possible. The need for the previous signal processing phase of every
input signal constraints the online adaptive character of the system.

One could argue that, in a road vehicle, the minimum and maximum
values of acceleration, speed, and angular rate are characterized by
the vehicle dynamics features. However, it can be found that the very
different environments in which a road vehicle can entail very different
vehicle dynamics, and the assumptions done in some cases may not
well represent the vehicle behavior in some others [13].

We propose to solve this problem by introducing the parameter σ,
which determines the fuzziness of the class associated with the unit.
Therefore, in our approach, it is assumed that the variability of the
maximum and minimum values of the signal is not known a priori.
The σ parameter can be calculated as

σ = σ∗|2cj | + ε (3)

where σ∗ stands for the generality level of the associated fuzzy set
(the values of σ∗ → 0 make the set less fuzzy, whereas the values
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of σ∗ → ∞ increases set fuzziness), the parameter ε > 0 fixes the
minimum value of σ, and cj represents a typical value of the
category.

The election of the winning unit J is carried out, following the
winner-takes-all rule, i.e.,

TJ = max
j

{Tj}. (4)

The learning process starts when the winning unit meets a criterion.
This criterion is associated with the size of the support of the fuzzy
class that would contain the input if this was categorized in the unit.
This value is dynamically calculated for each unit according to

dRj

dt
= −ARRJ + BR

M∑
i=1

(
max(vJi, Ii) − min(wJi, Ii)

|2cJi| + ε

)
.

(5)

The Rj value represents a measurement of the change needed on
the class associated to the j unit to incorporate the input. To see if the
J winning unit can generalize the input, it is compared with the design
parameter ρ so that two conditions hold.

1) If

RJ ≤ ρ (6)

the matching between the input and the weight vector of the unit
is good, and the learning task starts.

2) If

RJ > ρ (7)

there is not enough similarity; therefore, the Reset mechanism
is fired. This inhibits the activation of unit J , returning to the
election of a new winning unit.

If the Reset mechanism is not fired, then the learning phase is
activated, and the unit modifies its weights. The Fast-Commit Slow-
Learning concept is commonly used.

When the winning unit represents a class that had performed some
other learning cycle (committed unit), the weights are Slow-Learning
updated according to the following equations:

d �W

dt
= −AW

�W + BW min
(
�I(t), �W

)
(8)

d�C

dt
=AC(�I − �C) (9)

d�V

dt
= −AV

�V + BV max
(
�I(t), �V

)
. (10)

For the case of the uncommitted units, the class is initialized with
the first categorized value Fast-Commit, i.e.,

�WNEW
J = �CNEW

J = �V NEW
J = �I. (11)

Supervision is carried out in the supervisory level by means of
vector �Ib = (Ib

1 , . . . , Ib
Mb). In this level, for each time instant, �Ia

activates the corresponding unit. The �W ab
k matrix of adaptive weights

associates, in a many-to-one mapping, units of category level to units
of supervisory level. When a unit J is activated for the first time in the
category level, weights are adapted by means of a fast-learning process

�W ab
J = �Ib. (12)

If unit J is a committed unit, a matching between the member-
ship value to the predicted category and the “crisp” desired value is
carried out.

1) If

∣∣∣ �W ab
J ∧ �Ib

∣∣∣ ≥ ρab|�Ib| (13)

then prediction corroborates supervision.
2) If

∣∣∣ �W ab
J ∧ �Ib

∣∣∣ < ρab|�Ib| (14)

then the matching between prediction and supervision is not
strong enough. In this case, the Reset signal is fired, and a new
prediction is made.

When no supervision is present, SdFasArt will predict the value
associated with the weight vector of the winning unit as output,

i.e., �W ab
J .

B. IHDR

Designed as an approximate computational model for automatic
development of associative cortex, IHDR [20], [21] incrementally
builds a decision tree or regression tree, using bottom–up sensory
inputs and top–down motor projections. It is particularly adequate to
deal with very high-dimensional regression or decision spaces when
an online real-time learning and classification system is required. At
each internal node of the IHDR tree, information in the output space
is used to automatically derive the local subspace spanned by the
most discriminating features. Embedded in the tree is a hierarchi-
cal probability distribution model used to prune very unlikely cases
during the search. The number of parameters in the coarse-to-fine
approximation is dynamic and data driven, enabling the IHDR tree
to automatically handle data with unknown distribution shapes. The
IHDR tree dynamically assigns long-term memory to accommodate
new samples and avoid the loss-of-memory problem that is typical with
a global-fitting learning algorithm for neural networks.

One of the main contributions of the IHDR algorithm is the sam-
ple size-dependent negative-log-likelihood metric. This metric allows
efficiently computing distances to classes with very different numbers
of samples in them, which is a challenging issue for an incremental
classification system.

The IHDR algorithm is particularly appropriate for operation with
a high volume of data. In this paper, this capability has been used to
take into account the influence of past states in the classification of the
current maneuver. To do this, the IHDR classifier is fed with not only
information coming from the present output of the sensors but past
sensor data as well. If �S(k) is a vector representing the sensor data
gathered at time kT , with T being the sample time, to predict the ma-
neuver being carried out at time kT , the IHDR input is considered to
be the vector �I(k) = {�S(k), �S(k − 1), �S(k − 2), . . . , �S(k − NoD)},
with NoD being the number of delays, which is a parameter that will
experimentally be adjusted.

In addition to NoD, the IHDR also has a number of adjustable
parameters by itself. In this paper, we have only considered tuning
NoF, which is the number of examples that a node can have before
being frozen. This is an important parameter, as it regulates the
equilibrium point between the stability and plasticity of the classifier:
If NoF is high, plasticity is favored, whereas more stable but less
adaptable classifiers are obtained if low NoF values are used.
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Fig. 2. Trajectories of the circuits employed in the experimental tests.

TABLE I
SUMMARY OF EXPERIMENTS AND CIRCUITS

IV. EXPERIMENTAL RESULTS

Four different circuits (the trajectories of which are shown in
Fig. 2) were used in the three tests carried out. These circuits rep-
resent real road traffic conditions during approximately 10 min of
driving. Global Navigation Satellite Systems (GNSSs) and odometry
and inertial measurements were collected during these tests. The use of
odometry and inertial measurements supplies continuous positioning,
even in cases without GNSS coverage [22].

The most common dead-reckoning deployment, consisting of an
odometer and one gyro for heading estimation, has been comple-
mented with one longitudinal accelerometer. Apart from its benefits for
navigation purposes due to the typical problems of the odometry such
as unequal wheel diameters or effective wheel diameter uncertainty,
the use of one accelerometer results in particular convenience in
the “stop & go” situations under consideration. In these cases, it is
quite common that odometry systems suffer large transitory errors
caused by slides and slips, which appear more often when the vehicle
accelerates or decelerates. Moreover, without the support of the inertial
measurements, the detection of longitudinal maneuvers would become
too dependent on external factors, such as the friction between the road
and the tires.

In addition to that, the inclusion of inertial measurements provides
high-frequency measurements that result in being useful in represent-
ing the dynamics of road vehicles.

Table I summarizes the experiments. The use of different data
sets for training, evaluation, and validation avoids possible negative
influences in the algorithm response due to the data selection. In
every experiment, the parameters are tuned in the training and test
phases, whereas the validation phase shows the results obtained by
the corresponding data set with those parameters. Validation results
are therefore analyzed in this paper to check the system consistency.
Before discussing the results, brief explanations of the OBE and the
multisensor filtering used in the experiments are given.

Fig. 3. Vehicle prototype prepared by the research group of Intelligent
Systems and Telematics (UMU).

A. OBE

Inertial sensors and an odometry captor are installed aboard the
vehicle prototype. In addition, for navigation purposes, a GPS receiver
and geographic information system maps were also included. Due to
MEMS technology, low-cost inertial sensors can be considered, at the
expense of higher measurement noise and low level of performance
[23]. For vehicle-to-vehicle communications, wireless local area net-
work ad hoc networks are used [24]. The sensors employed in the tests
were EGNOS-capable GPS and differential GPS sensors by Novatel
and Trimble, MEMs-based IMUs by Crossbow and Xsens, and the
odometry of the vehicle.

Fig. 3 shows the vehicle prototype employed in the tests. A detail of
the customized interface panel is shown in the lower left corner of the
image.

B. Multisensor Data Fusion

To integrate the data coming from different sensors, a set of ex-
tended Kalman filters with different kinematic models, each of which
was oriented to an intended maneuver, was run. This allows the
application of the model that better represents the vehicle behavior
at the current time and the improvement of the positioning and error
estimations [13]. However, this issue is out of the intended scope of
this paper and will not be discussed.

C. Results With IHDR

Circuit 1 used for validation is shown in Fig. 4. From top to
bottom, the trajectory, the manually labeled maneuver classification,
and the IMU and odometry measurements collected in this circuit are
shown. The IHDR-based method has been tested using the experiments
presented in Table I, and a summary of the results can be seen in
Table II. We can appreciate the percentage of correct matches between
the manual labeling and the IHDR results along the experiments. The
parameters of the IHDR method for the experiments are given by the
following, with NoD and NoF being the numbers of delays and freeze,
respectively:

1) Experiment 1: NoD = 35 & NoF = 60;
2) Experiment 2: NoD = 64 & NoF = 50;
3) Experiment 3: NoD = 32 & NoF = 10.

At first sight, the solution appears consistent, with the percentage
of matching between both methods being more than 70% in almost
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Fig. 4. Circuit 1. (Top) GPS trajectory of the circuit. (Middle) Manually
labeled maneuver classification: AC (∗), CR (◦), and ST (+). (Bottom)
Velocity value from the (thick line) odometry v and (dotted line) IMU a and
(solid line) ω. Real values of a and ω have been scaled to fit in figure limits.

TABLE II
SUMMARY OF RESULTS OBTAINED WITH IHDR

TABLE III
PARAMETERS OF SUPERVISED dFasArt

all the tests and validations performed. The lowest values are obtained
in those tests, as well as validations carried out with circuit 3, when
circuit 2 was not used for training. What encourages thinking is that,
during the course of circuit 3, the vehicle presented a dynamic state
that is not found in circuits 1 and 4. On the other hand, when the
algorithm is trained with a higher number of data (as is the case of
E2), the results are hovering around the 76% value. This confirms
the improvements achieved by the IHDR solution when the number
of training data increases. Additionally, the value of NoD in the
experiments, which is between 3.5 and 6.4 s., is consistent with the
maneuvering times reported in the literature [25].

D. Results With SdFasArt

The same tests performed with the IHDR algorithm were carried
out with the SdFasArt method under consideration. The tuning param-
eters and the results of SdFasArt can be seen in Tables III and IV,

TABLE IV
SUMMARY OF RESULTS OBTAINED WITH SdFasArt

TABLE V
CONFUSION MATRICES IN EXPERIMENT 1

respectively. By comparing the results obtained by IHDR with those
achieved by SdFasArt, we can see that the latter offers better per-
formance for Experiments 1 and 3, whereas in Experiment 2, results
differ from the test phase to validation but still present good results.
The only case when the SdFasArt approach performs worse is when
the algorithms are trained with data coming from circuits 1 and 2 and
tested with circuit 3, confirming the observation made in the previous
section. This shows the importance of representative training data
sets and the inclusion of all possible maneuvering dynamics on them.
Comparing the results achieved by both methods, we can affirm that
SdFasArt supplies good and consistent predictions. In addition, the
computational cost of SdFasArt is much lower.

Paying attention to the confusion matrices of the different exper-
iments, further conclusions may be obtained. Table V shows these
values for Experiment 1. As can be seen, the units dedicated to inter-
pret the stationary maneuvering state are totally clear. There were no
cases during the experiments when a value of stationary in the manual
labeling is wrongly matched by the algorithm. On the contrary, in some
cases and, specifically, when validating using circuit 3, the predicted
state is stationary, with the manual labeling pointed to the AC or CR
state. Having a look at the situations in which these wrong matches
appeared, we confirm that they correspond to states of very low
motion, which are very hardly distinguishable from stationary states.
Even in the manual labeling process, its categorization is ambiguous.
The same situation can be seen in the confusions between the CR and
AC maneuvering states. An also valid but different manual labeling
would lead to better values in these matrices since very low dynamic
changes can be categorized in both states. However, the significance
of the results would not have changed due to this since, de facto, the
categorization of one or another maneuvering states depends on the
user criteria and the final application.

V. REMARKS ON THE RESULTS

Fig. 5 shows one of the validation results obtained by
SdFasArt. As can be seen, the differences between the manual labeling
and the results given by the proposed algorithm are mainly due to
delays in the maneuver prediction (whether in the manual labeling or in
the algorithm response) and some spurious detections. In a test carried
out with circuit 1, the percentage of correct matches increases from
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Fig. 5. Results on the validation circuit. (Top) Desired maneuver classifica-
tion: AC (∗), CR (◦), and ST (+). (Bottom) Predicted maneuver classification:
AC (∗), CR (◦), and ST (+).

85.28% up to 86.14% by simply applying a temporal window of 0.3 s,
which is an appropriate value for the problem under consideration.
Nevertheless, the majority of wrong matches appear in those instants
in which it is not clear how to categorize the maneuver. In the same
test, only 3.76% of the errors correspond to wrong matches of the
algorithm, obtaining similar improvements in all the tests evaluated
and, thus, giving a good idea of the actual consistency of the proposed
method.

VI. CONCLUSION

In this paper, a supervised version of dFasArt has been proposed
and tested for maneuver prediction of road vehicles. The combination
of the dynamic character of dFasArt with a supervisory module has
resulted in a robust classifier that is capable of providing stable outputs
in spite of noisy time-varying input data. The neural architecture has
been tested using real data gathered from inertial and odometry sensors
mounted on a vehicle, showing good performance and consistent
results.

The results were compared with those of an IHDR-based method,
obtaining significant improvements, at lower computational charges.
The consideration of different but valid manual classifications for the
tests and validations may increase the performance of the system to
values of 97% of correct predictions, with latency values of 0.3 s.,
which is an appropriate value for the problem under consideration.
In addition, transitions from stationary to cruise-maneuvering states,
or vice versa, are never predicted by the algorithm, showing the
consistency of the maneuver categorization with the vehicle dynamics.

Future investigations into this topic will be dedicated to a more
precise analysis of the activation units and lateral vehicle maneuvers,
such as lane changes. In addition to that, further analysis in terms
of accuracy enhancements and the quality of the error estimates is
planned.

Finally, some other alternative (and possibly complementary) meth-
ods to SdFasArt and their combinations are also under consideration.
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Supporting Agile Change Management by
Scenario-Based Regression Simulation

Christian Berger and Bernhard Rumpe

Abstract—Many system-development projects today are mainly driven
by the complexity of their software interacting with sensors or actuators in
an embedded context. Autonomous vehicle development is a domain where
it seems inevitably necessary to apply modern development techniques to
cope with complexity, increase development efficiency, and ensure appro-
priate quality. Furthermore, changes that are triggered by customers or
inventions of competitors, as well as bugs, enforce a comprehensible, if nec-
essary, yet agile development process with stringent quality management.
In this paper, we describe the agile efficiency- and quality-focused change
management mainly based on scenario-driven regression simulation used
in the CarOLO project for the development of an autonomously driving ve-
hicle to compete in the 2007 Defense Advanced Research Projects Agency
(DARPA) Urban Challenge program. The main contribution is the demon-
stration of the modern software engineering techniques’ applicability to
develop distributed embedded systems.

Index Terms—Agile software engineering, autonomous driving,
Caroline, CarOLO, change management, Defense Advanced Research
Projects Agency (DARPA) urban challenge, intelligent algorithms,
regression testing.

I. INTRODUCTION AND MOTIVATION

More than one third of major project risks for software and system-
development projects arise from late changes—either in a customer’s
needs or due to incorrect or incomplete requirements [1]. Further
analysis of the Standish Group report yields that only 16.2% of the
examined projects were in time and budget mainly because of the
aforementioned reason. Five years later, that ratio has not improved
significantly [2]. Therefore, the Standish Group suggests an iterative
development process, including direct contact with the customer itself.
Modern development processes for small-size to midsize projects
like Extreme Programming (XP) [3] or the Rational Unified Process
(RUP) [4] are directly based on an iterative principle considering that
suggestion.

However, besides the iterative development process, further inter-
pretation of the report yields that a consistent change-management
process addressing the main risks of projects is necessary to com-
plement an iterative development process itself. The main goal of the
change-management process is to record and track change requests
like rearrangements in a customer’s needs and to schedule their
processing in a regular iteration cycle.
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Although agile development is mainly applied in business system
development nowadays [5], it is still waiting for an adaption for em-
bedded software development. One reason is the inherent need for doc-
umentation of quality-ensuring activities in embedded systems such as
vehicles that are inherently incompatible with today’s agile methods.
Another maybe more important reason is the pretended inapplicability
of agile development to traditional engineering techniques as known
by mechanical and electrical engineers. Although very successful in
their domains, these processes do not match very well, and thus, an
alignment of these two different styles of development needs to be
carefully realized. In particular, research projects, like the development
of autonomous vehicles, are particularly suitable in demonstrating how
agile development of complex embedded systems is possible when
relying on an appropriate tool support.

We use the 2007 Defense Advanced Research Projects Agency
(DARPA) Urban Challenge as an example to illustrate the agile change
management process in the CarOLO project. Besides being able to
add and adapt technology as well as architecture in an agile way,
we were able to keep track of problems, ideas, and concepts while
working with only a limited set of personal resources available. Thus,
for keeping the tight schedule in the competition, we applied an agile
change management for processing change requests.

To embrace changes, we were forced to preserve the system’s qual-
ity without involving manual testing procedures all the time. We, thus,
realized an automatic regression testing system that uses CxxTest [6]
together with unattended and automatic system simulations allowing
the software to virtually unattendedly drive complex scenes for the so-
called regression simulation.

Having decided to use an agile development process, which uses
and adapts substantial elements from XP and Scrum [7], we also had
to keep in mind that although developers could meet regularly, we had
to tackle the split-up of the development sites in Germany and the U.S.
We, thus, used our change management process and tooling to handle
globally distributed software development for ensuring the quality of
software contributed from different sites—sometimes without being
tested on the vehicle before being committed to the versioning system
because of the limited availability of the vehicle itself, due to either a
tight schedule, or the physical presence on the other continent.

In the following, we describe the competition and our contribution,
followed by an overview of the change management that is used in the
project. Furthermore, we show the integration of system simulation
in our development and the change management process by outlining
the software architecture and briefly describing our regression simu-
lation framework. Finally, we show the applicability of our change-
management process during the regular development and during the
semifinal of the 2007 DARPA Urban Challenge.

II. CAROLO PROJECT

The CarOLO project run by the Technische Universität Braun-
schweig developed an autonomously driving vehicle called “Caroline”
for the 2007 DARPA Urban Challenge. In the following, the competi-
tion and our vehicle Caroline are described.

A. 2007 DARPA Urban Challenge

The 2007 DARPA Urban Challenge was the continuation of the
well-known Grand Challenge series from 2004 and 2005. The goal in
the DARPA Grand Challenges was to autonomously drive through an
a priori unknown terrain by mainly following a route of predefined
Global Positioning System waypoints. The challenge was to safely
navigate through the unknown and rough terrain with only stationary

1524-9050/$26.00 © 2010 IEEE
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