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Abstract. It is well-known that in many safety critical applications
safety goals are antagonistic to other design goals or even antagonis-
tic to each other. This is a big challenge for the system designers who
have to find the best compromises between different goals.
In this paper, we show how model-based safety analysis can be combined
with multi-objective optimization to balance a safety critical system wrt.
different goals. In general the presented approach may be combined with
almost any type of (quantitative) safety analysis technique. For addi-
tional goal functions, both analytic and black-box functions are possible,
derivative information about the functions is not necessary. As an exam-
ple, we use our quantitative model-based safety analysis in combination
with analytical functions describing different other design goals. The re-
sult of the approach is a set of best compromises of possible system
variants.
Technically, the approach relies on genetic algorithms for the optimiza-
tion. To improve efficiency and scalability to complex systems, elaborate
estimation models based on artificial neural networks are used which
speed up convergence. The whole approach is illustrated and evaluated
on a real world case study from the railroad domain.

1 Introduction

In virtually all engineering domains two common trends can be identified. Firstly,
system complexity is rising steadily and ever more functionality is provided by
software controls. The second trend is a steady rise of criticality of system failure.
A derailing of a train in the 1950s was much less severe than the same accident
with a modern high-speed train which may cause numerous casualties. As a
consequence, safety analysis has become more difficult and more important.

During the last decade model-based safety analysis methods have become
prominent [27, 1, 3, 23, 10] which allow for very precise and reliable safety anal-
ysis. The common idea is to calculate safety assessments (automatically) from
a model of the system. Newest developments also make quantitative, model-
based safety analysis possible, which computes hazard probabilities much more
accurate than traditional methods [2, 11, 5, 8].

But in real-world applications minimal hazard probabilities are not the only
design goal. Most often other antagonistic requirements have to be met as well.



One example is of course the cost of a system, but also functionality and avail-
ability must be taken into account. These goals are often negatively affected by
focusing solely on safety aspects, raising the question how “best compromises”
between antagonistic goals can be found.

The approach described in this paper is one way to answer this question. It
is based on the mathematical theory of Pareto optimization adapted to safety
critical systems. In particular, quantitative safety analysis using state-of-the-
art stochastic model checkers is combined with neural networks for efficiency,
scalability and to speed up the necessary computation times. Direct integration
of qualitative model-based safety analysis techniques further increases perfor-
mance and quality of the results. In practice, this means that design variants
not fulfilling required qualitative safety properties are automatically identified
and discarded. This combination leads to an extremely precise characterization
and computation of the best design variants of the analyzed system, which are
difficult to find with traditional methods.

The rest of the paper is structured as follows: Sect. 2 introduces an illustrative
case study which is used throughout the whole paper. In Sect. 3 basics of model-
based safety analysis are briefly discussed and the techniques used in the paper
are introduced. The main scientific contribution is in Sect. 4 which describes and
explains our approach for multi-objective safety optimization and the underlying
algorithms. Finally, the approach is applied to the running example. Related
work is discussed in Sect. 5, while Sect. 6 summarizes the results and gives an
outlook to future work.

2 Case Study

The following case study of a radio-based railroad control was the reference case
study in the priority research program 1064 “Integrating software specifications
techniques for engineering applications” of the German Research Foundation
(DFG). It was supplied by the German railway organization, Deutsche Bahn,
and addresses a novel technique for controlling railroad crossings. This technique
aims at medium speed routes, i.e. routes with maximum speed of 160km

h . The
main difference between this technology and the traditional control of railroad
crossings is that signals and sensors on the route are replaced by radio communi-
cation and software computations in the train and railroad crossing. This offers
cheaper and more flexible solutions, but also shifts safety critical functionality
from hardware to software. The system works as follows:

Trains are assumed to continously monitor their position. When a train ap-
proaches a crossing, it broadcasts a secure-request to the crossing. When a rail-
road crossing receives this secure-request, it switches on the traffic lights, first
the yellow light, then the red light, and finally closes the barriers. Once they
are closed, the railroad crossing is secured for a certain period of time. Shortly
before the train reaches the latest braking point (latest point, where it is possible
for the train to stop in front of the crossing), it requests the status of the rail-
road crossing. If the crossing is secured, it responds with a release signal which



indicates, that the train may pass the crossing. If the train receives no confirma-
tion of the status of the crossing, it will initiate an emergency brake. Behind the
crossing, a sensor detects that the train has passed and an open signal is sent to
the crossing. A schematic view of the case study is depicted in Fig. 1.
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Fig. 1. Radio-based railroad crossing

One special requirement (from Deutsche Bahn) is, that once the barrier is
closed, it shall reopen automatically after 5 minutes even if no train has passed.
This requirement might seem counter-intuitive, but the background is that peo-
ple waiting at the crossing for a long time without any train in sight, are very
likely to get impatient and cross anyway. But if the crossing is closed, they will
probably drive very slowly which increases the risk of a collision. This case study
was first introduced in [17] and [13] contains a modelling including quantitative
aspects..

3 Model-Based Safety Analysis

One method to examine the safety of such a system is a model-based safety
analysis. It basically consists of three steps: (1) construction of a formal sys-
tem model, (2) qualitative safety analysis and (3) quantitative safety analysis.
There exist numerous variants of for model-based analysis, but they all share
this principle. Although some techniques merge some steps into one (e.g. failure
injection) or only focus on qualitative or quantitative aspects.

3.1 Formal Model Construction

The first step for model-based safety analysis is the construction of a formal
model that captures the nominal behavior of the system. Such a model contains
for example the movement and acceleration/deceleration of the train, the behav-
ior of the barrier of the crossing and the control system. Such a model already
allows to verify the correctness of the system according to its intended behavior.



But in safety analysis, it must also be examined what happens if one or more
components do not work as expected. As a consequence, failure mode behavior
must be integrated into the system model. Which failure modes are relevant is
application specific. For standard components catalogs of failure modes exist.
For non-standard system components, there exist structured approaches like
HaZop [16] or failure sensitive specification [25] to identify possibly relevant
failure modes.

For the safety analysis of the case-study, the following six relevant failure
modes were identified: error passed (which means that the sensor misdetects that
the train has already passed the crossing), error odo (which models a deviation
of its measured velocity), error comm (which models a communication failure),
error close (which models that the crossing wrongly signals that it is closed
although it is not), error actuator (which models that the barrier gets stuck
when closing), and error brake (which models failing brakes of the train).

These failure modes are integrated into the nominal system model to form
the extended system model. This integration is done in such a way that the func-
tional behavior is still contained as a real subset (in terms of possible traces).
More details on sound integration of failure mode behavior may be found in [26].
Finally, probabilistic estimations on environment and failure modes must be in-
tegrated. Convenient modeling frameworks for stochastic models are SAML [11]
or SLIM [4].

3.2 Qualitative Safety Analysis

Using the extended system model, qualitative safety analysis can be applied to
compute all combinations of failure modes that can lead to a hazard. In this case
this means the computation of all failure mode combinations that can cause the
train to pass the crossing although the barrier is not closed. This can for example
be computed with deductive cause-consequence analysis (DCCA). The results of
DCCA are the combinations of failure modes that can lead to a system hazard
which are called the minimal critical sets. In the case study, the following sets of
failure modes can cause the hazard, i.e. be the reason that the train enters the
crossing but the barrier is not closed [23]:

– Γ1 := {error passed}
– Γ2 := {error odo}
– Γ3 := {error comm, error close}
– Γ4 := {error comm, error brake}
– Γ5 := {error close, error actuator}
– Γ6 := {error actuator, error brake}
The advantage of DCCA compared to (formal) fault-tree analysis [31, 27] is

that DCCA is provably correct and complete. This means that for each computed
critical combination of failure modes, there actually exists a system run on which
it causes the hazard and there exist no other (inclusion-minimal) combinations
of failure modes that can cause the hazard.



3.3 Quantitative Safety Analysis

For certification of a safety critical system according to different norms and
standards, it is most often mandatory to prove that the occurrence probability of
a hazard is below a specified threshold whose amount depends on the application
domain. So, in addition to qualitative information about the possible causes of
a hazard, its occurrence probability is also very important.

In many approaches such a probability is computed in an a-posteriori way.
Most often the probability that failure modes cause the hazard is estimated based
on assumptions like stochastic independence of the failure modes. A method for
accurate computation of hazard probabilities using directly an extended sys-
tem model – i.e. without assumptions about stochastic independence etc. – is
probabilistic DCCA (pDCCA) [12].

For the quantitative analysis of the case study error comm was modeled as
a per-demand failure mode with an occurrence probability of 3.5 · 10−5. The
other failure modes were modeled as per-time failure modes with a failure rate
of 7 · 10−5 1

s for error odo and 7 · 10−9 1
s for the other per-time failure modes.

More details on the combination of failure rates and failure probabilities can be
found in [12], a more detailed description of the quantitative formal modeling of
the railroad case-study can be found in [13]. The computed hazard probability
for the example with pDCCA to an extended system model (described in the
SAML framework) is shown in Eq. (1):

P (H) := P [trueUH] = 5.6286 · 10−7 (1)

It computes the probability that the hazard H occurs (the train passes the
crossing but the barrier is open) expressed in the probabilistic temporal logic
PCTL [14]. It is computed using state of the art stochastic model-checking tools
like PRISM [18] or MRMC [15]. Note, that for actual computation of this number
a lot of assumptions (besides failure rates) had to be made. For example, in the
calculation of the latest breaking point no extra safety margin had been added
and a maximum allowed speed of 115km

h had been assumed. Both are obviously
free parameters of the system and variation of these parameters will affect both
safety and availability (i.e. time delay) of the system.

3.4 Summary

These three steps basically mark the procedure for a qualitative and quantita-
tive model-based safety analysis. A convenient way to do this is to construct the
extended system model in SAML. It allows for the combination of per-demand
and per-time failure modes. It is also tool-independent as it allows for the anal-
ysis of the system with different state of the art verification tools. The necessary
transformations of a SAML model into the input specification of different verifi-
cation tools are semantically funded which guarantees that the qualitative and
quantitative safety analysis are conducted on equivalent models.

Nevertheless, whether a computed hazard occurrence probability is sufficient
or not depends on external requirements. In the case study, it will be defined for



example by the EN 50128 standard for safety in the railway domain. If it is too
high, the system must be augmented with risk reducing measures to reach the
required threshold. But even if the probability is acceptable, often other aspects
cannot be disregarded: Is this the best compromise for other antagonistic goals
like costs? Is it possible to achieve a lower but acceptable safety threshold while
getting an disproportional larger advantage wrt. antagonistic goals?

For example, reducing the allowed speed a lot will most probably increase
safety but will also increase time delays. Choosing such free parameters is typi-
cally solely based on the experience/intuition of system designers. The approach
presented in the following section is an attempt to help them make this decision.

4 Model-Based Safety Optimization

One way to answer these questions is to use an additional analytic mathematical
model and optimize it to find better system designs [22]. The problem with such
an approach is that it does not reflect whether qualitative safety properties – in
particular critical failure mode combinations – are still valid in a changed system
design. Another problem is the usage of a-posteriori estimation methods which
are often based on unrealistic assumptions and are therefore not very accurate.

Because of these problems and challenges, we propose a different approach
which is based on mathematical optimization, but uses model-based techniques
to compute hazard probabilities and only evaluates system designs for which the
desired qualitative safety properties hold. The approach is completely automatic
and can cope with multiple antagonistic goals. The result is a set of possible
system variants which give the best compromises between the desired goals.

4.1 Multi-Objective Optimization

Central to multi-objective optimization is the notion of Pareto sets and Pareto
optimality. Informally, a system is Pareto optimal if there is no way to change
it in such a way that it becomes better wrt. one objective function, without
becoming worse wrt. another one. A Pareto set contains those elements which
are Pareto optimal. As there are multiple objective functions, it is not possible
to define a total ordering, but only a partial ordering. If two elements are in
Pareto order, the worse one is dominated by the better one. For a more detailed
description see for example [19].

In order to be optimizable, variable parameters must exist in a system. This
can be actually free parameters that can be instantiated, e.g. maximal speed of
the train, or varying failure rates for different qualities of system components. It
is also possible to vary complete system components that have the same nominal
behavior but have different other properties, e.g. use redundant sensors instead
of a single sensor. In general, a system will be described as the fixed part, a set of
possible parameter values and a set of possible system component substitutions.
A design variant of the system is then an instantiation of the free parameters
and a selection of the variable system components.



For the case study, three parameters were identified that can be adjusted to
get an optimized system design. The first is the accuracy of the odometer (i.e. us-
ing odometer components of different quality and costs). The quality is measured
as the failure rate λodo of the deviation from the real velocity. This clearly has an
influence on the safety of the system, as the breaking point calculation is based
on the reported value of the odometer. The second parameter is a safety margin
z which is added to the calculated breaking point of the train to compensate
for some wrong sensor data of the odometer or variants in braking coefficients.
This safety margin basically adds a buffer to the distance at which the train
initiates the communication for the closing of the barrier. The third parameter
vallowed is the allowed maximum speed of trains on the track when approaching
the crossing. This velocity directly influences the calculation of the activation
point. Both safety margin and allowed speed directly influence the safety of the
system as the calculation of the activation point of the radio communication is
dependent on these parameters. For the example, we used the interval [0, 1] for
failure rates of the odometer1, possible safety margins between 0 and 200m and
allowed maximum velocities between 1 and 120 km

h . The (antagonistic) objective
functions considered in the example are:

f1(λodo, z, vallowed) := P [trueUH]

f2(λodo, z, vallowed) := cost(λodo)

f3(λodo, z, vallowed) :=
z + xbrake(vallowed)

vallowed
− z + xbrake(vallowed)

vmax

The first function f1 is the occurrence probability of the hazard H, i.e. that
the train enters the crossing while the barrier is not closed. It is computed using
stochastic model-checking of the extended system model instantiated with the
concrete parameters. The second function f2 describes the cost of more accurate
components (i.e. odometer). It is modeled in such a way that the decrease in
failure rate results in an exponential rise in cost (proportional to the negative
logarithm of λodo). The third objective function f3 describes the time delay
caused by lowering the allowed speed of the train at a single crossing (compared
to normal travel time on a track without crossing at a speed vmax = 160km

h ).
For multi-objective optimization, every design variant of the system can

then be represented as an element of x ∈ [0, 1] × [0, 200] × [1, 120] and may
be assessed by computing the values of the objective vector function f(x) =
(f1(x), f2(x), f3(x)). The Pareto set for this problem describes all ”best” com-
promises. Computing the Pareto set for arbitrary functions is a computationally
hard problem, even more so for non-analytic functions. In the special situation
of model-based quantitative safety analysis, one objective function is the evalua-
tion of the model with a stochastic model checker. This is treated as a black-box
1 for simplicity, a continuous value is used here. In practice, a fixed number of different
odometers and respective failure rates will be more realistic. Such a situation would
of course be also possible with this approach (even with lower computational effort).



function for which no information about derivatives or mathematical properties
is known. Therefore, the minimization problem is solved with an optimization
scheme based on genetic algorithms which do not rely on derivative information.

Perhaps the biggest challenge for the safety optimization is that evaluation of
f1 (the quantitative safety assessment with pDCCA) needs much longer than the
computation of the analytic functions or even a qualitative safety analysis, the
average running time of one single pDCCA for the example is 11.5min. Normally
genetic algorithms rely on a large number of function evaluations. This problem
is tackled by using adaptive estimators which allow for an a-priori identification
of potentially good system variants. The costly operations are then only applied
on promising candidates.

4.2 Safety Optimization

Our approach for model-based multi-objective safety optimization is based on
the non-dominating sorting genetic algorithm (NSGA-II) [30]. It is one of the
most widely used multi-objective genetic algorithms. It has a very elaborate
strategy to assure diversity in the system variants and has successfully been
applied to many different optimization problems. Combination of genetic algo-
rithms with estimation models to increase the convergence has already been done
by [6]. A NSGA-II variant using artificial neural network estimators to reduce
the number of actual function evaluations is introduced in [20]. This algorithm
has been adapted to allow for the model-based multi-objective optimization of
safety critical systems. The complete approach for the model-based optimization
is shown in Fig. 2.
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Fig. 2. Schematic View of Model-Based Multi-Objective Safety Optimization



I At first an Initial Set of Candidates for the system design is created. For
system components where different variants with the same functional prop-
erties are available, one specific implementation is selected. For parameters,
an initial value is chosen in a pseudo-random fashion. To ensure that a repre-
sentative choice is made, values are chosen with Latin-hypercube sampling,
either from a uniform distribution over an interval or from a logarithmic
partitioning of an interval (this is desirable e.g. for probabilities where very
small probabilities would be left out on an only uniform distribution).

II In the Feasibility Check, the candidates are checked for admissibility by
verifying qualitative properties, i.e. qualitative safety properties like minimal
critical sets (DCCA). Only candidates that meet the qualitative requirements
are evaluated with quantitative methods. If no admissible candidates are
found in the initial sampling the optimization process is terminated.

III In the Evaluation step, all candidates are evaluated for all objective goal
functions and the results are stored. For safety optimization one objective
function will always be the hazard occurrence probability (we are using pD-
CCA for this).

IV The evaluation results are used in the Pareto Sort step to rank all candi-
dates and compute the current Pareto set. The dominating candidates in the
current population are identified in this step. NSGA-II uses the “crowding
distance” [30] which balances function values and distance of candidates to
increase diversity in the population.

V The results of the evaluation are used to Update the Estimation Model.
In the current implementation this is realized as an artificial neural network
which estimates the values of all objective goal functions for a system variant.
It is based on the fast artificial neural network library libfann [21].

VI In the next step, Creation of New Candidates is done by combining
the most promising existing candidates and mutating in a random fashion.
To ensure diversity and prevent early overfitting, the mutation rate is ad-
justed with the number of generations, and a roulette selection with fixed
probabilities is used to select candidates for combination.

VII The generated new candidates are then Evaluated on the Estimation
Model and the best ones – according to the estimation model – are chosen
for the next iteration. This selects the most promising candidates for concrete
quantitative assessment, thus saving the evaluation time from less-promising
ones. The selected candidates are then checked for qualitative feasibility (step
II) and the algorithm continues.

VIII The algorithm terminates once either the maximal time is reached or the
planned number of generations has been reached and the planned number
of candidates has been evaluated.

4.3 Optimization of the Case Study

It is relatively obvious, that decreasing the failure rate for the odometer directly
increases the cost and that decreasing the allowed speed increases the time delay.
These objective functions are analytic and the effect of the different variables can



be studied using calculus. Still, finding the best compromise, i.e. an optimum for
both at the same time which is not necessarily an optimum for every objective
function considered in isolation, is difficult.

For the non-analytic “black-box” function f1, the effect of the parameters is
unclear. From the modeling, an increase in the safety margin should decrease
the hazard probability. It also seems obvious that the effect of the allowed speed
on the hazard probability is also directly proportional and that a lower allowed
speed means a decreased risk.

Yet, the “obvious” effect of decreased safety with increased speed does not
really hold. Under closer examination one finds that, although for larger values
for the allowed speed the increase in hazard probability clearly shows (even
rather dramatically for values over 17m

s ), the minimum is actually reached at
a value of 4m

s and slower speed increase the hazard probability! This effect is
not expected and would probably lead to wrong assumptions if not checked on
the quantitative model. The reason for this is the requirement that the crossing
reopens after a while even if the train had not passed the crossing (see Sect. 2).

The optimization of the case study was computed with two parallel runs on
a 8 core Xeon CPU with 2.66 Ghz and 16G RAM2. An additional advantage
of using the proposed approach for optimization is its trivial parallelization for
further speedup. The population size was 25 and 20 generations were created in
total. For each new generation, 250 candidates were created and evaluated on
the estimation model. So in total 1050 (2 · 25 initial candidates and 2 · 20 · 25
evolved) function evaluations were conducted which required 4 days and 5 hours.
PRISM [18] was used as verification tool, the model representations were sparse
matrices.

The results of the parallel runs were then combined into a single result file to
further increase diversity. The Pareto set was then computed on the combined
results. Note that in contrast to the published original NSGA-II, all evaluated
pDCCA results are stored and used for the final Pareto set computation, not
only the candidates in the last generation of the genetic algorithm. The total
number of elements in the Pareto set is 258. As there are 3 objective functions,
it is difficult to visualize the complete Pareto set. For illustration purposes, a
two-dimensional projection of the Pareto set for the functions f1 and f2 is shown
in Fig. 3.

The figure clearly shows, that the initial “guess” (the point marked with the
arrow) is not even in the Pareto set. This means there are system variants which
are better than the original system design with respect to these two objective
functions. This holds true for all other combinations of two objective functions,
which are omitted here because of space restrictions. Analyzing the complete
three-dimensional Pareto set, it turned out that exactly one system variant x∗

was found which is better for all three aspects than the initial system variant
xinitial as shown in the following:

2 For the experimental software please contact the authors.



Fig. 3. Projection of the Pareto set onto f1 and f2

f(x∗) = f

9.04 · 10−5 1
s

4.97m
67.08km

h

 =

4.90 · 10−7

7.70
2.76s

 <

5.63 · 10−7

7.96
2.80s

 = f(xinitial)

4.4 Selection of System Design

In this example there was a single element in the Pareto set which was better in
all aspects than the original reference system. In general, there will be several
dominating candidates. Therefore one of them has to be selected. This is a well-
known problem in multi-criteria optimization. Different criteria are possible to
decide which to choose for general systems [7]. For safety critical systems, hazard
probability must typically be kept below a given threshold. This means that all
systems variants that have a hazard probability above a given threshold must
be discarded. A possible decision strategy might then be to choose the most
cost effective system variant which adheres to the hazard probability threshold
required by a standard. More elaborate approaches are of course possible, but
are not in the scope of this paper.

5 Related Work

A first approach to use hazard probabilities in an optimization approach has
already been described in [24]. It uses analytical mathematical models in an a-



posteriori optimization. This approach is computationally much more efficient.
However, it can not cope with stochastic dependencies and relies on separate
models for quantitative analysis. In addition, quantitative approximations are
much coarser. This approach might be useful alternative to the current estimator
model.

In [9], a framework for early quality prediction of component-based systems
is proposed. It aims in particular at systems where reliability, safety, availabil-
ity and security are important. But also allows consideration of performance of
the system. Although it mainly considers software systems, the framework could
be extended to also include software-intensive safety critical systems and ad-
ditional non-functional requirements like costs as described in this paper. This
would allow the described model-based multi-objective safety optimization to be
integrated into the larger framework proposed in [9].

In [28], the Hip-Hops [29] methodology is used as the basis for optimization
of safety critical systems. Hip-Hops is a structural approach to safety analysis,
where components with known properties can be combined into a larger system
model and a failure propagation model is used to describe how the system reacts
in case of failure occurrence. Such a structural description is then used to evolve
better system designs with similar properties wrt. functionality, but better failure
tolerance and/or lower costs. For this optimization a variant of NSGA-II is used.

The advantage of our model-based approach is the accompanying increase
in accuracy. On the other hand, as the whole system must be analyzed, it may
suffer from the state-explosion problem, which is less severe for an approach
as [28]. A combination of the two approaches would be interesting, e.g. using
the Hip-Hop approach for the structural description of the system, but analyz-
ing the single components with the more accurate model-based safety analysis.
The optimization could then be applied on either structural level – exchanging
equivalent components – or the parameter level of the components. This could
be an interesting compromise between accuracy and scalability.

6 Conclusion

The paper presented a method to optimize safety-critical systems with respect to
multiple goal functions. It will automatically find (all) best compromises between
feasible safety, affordable cost and functional properties. The approach itself is
generic. It may be combined with any model-based automatic safety analysis
method. In this paper DCCA was used for feasibility checking and pDCCA for
quantitative assessment of the system variants.

The approach guarantees that any specified set of qualitative (safety) prop-
erties holds for each proposed optimized system variant. Combination with very
precise model-based qualitative and quantitative safety analysis methods make
quantitative estimations very accurate and avoid coarse over estimations. Al-
though computational costs are high, a smart estimator model allowed to apply
the approach to a medium-sized case study with a single work station. Possible
parallelization is straight forward, so that it can easily be distributed on a clus-



ter of normal PCs and run over night. Further increases in performance seem
possible through combination with other methods for estimating system safety.

Besides these performance improvement, an interesting area for further re-
search is comparing different multi-objective optimization algorithms in the con-
text of safety optimization. Another very interesting question is the effect of
different estimation methods on the quality of the optimization. The method
of estimation is crucial for both convergence speed and quality of the results.
Our experiments with the optimization of the case study described in this paper
showed that both the absolute and relative estimation error of the neural net-
work for the estimation of the hazard probability decreased considerable with
the number of available real evaluation data. An interesting question for further
research is how much of the effect comes from generalization and how much from
concentrating the search in similar directions due to the estimation model. Fur-
thermore different estimation methods and also different (adaptive?) strategies
for using the estimations methods will be compared in further research.

Acknowledgment Matthias Güdemann is funded by the German Min-
istry of Education and Science (BMBF) within the ViERforES project (no.
01IM08003C)

References

1. Parosh Aziz Abdulla, Johann Deneux, Gunnar Stalmarck, Herman Agren, and Ove
Akerlund. Designing safe, reliable systems using SCADE. In Proceedings of ISoLA.
Springer, 2004.
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