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Abstract. System-level performance-evaluation methods for computer
and communication systems can be divided into two main areas: simu-
lation and analytic methods. Analytic methods are often fast but rather
coarse, whereas simulation is time-consuming but often leads to more
accurate results. Therefore, there is the need to (a) determine analytic
models from simulation results, actual measurements or formal speci-
fications and (b) to generate representative event traces from analytic
models. Whereas there are many results available in case of statistical
analytic models, there are no methods known for other forms of vari-
ability characterizations. The method presented in this paper is suited
for arrival curves, a widely accepted tool for traffic characterization. In
addition, this class of event models has been successfully used to per-
form a modular performance, end-to-end delay and buffer size analysis
of distributed computer and communication systems. In particular, we
propose a new method to generate event traces for simulation or physical
measurements, starting from a formal specification of event streams in
form of arrival curves. In addition, a quality indicator is defined to eval-
uate the generated traces. Finally, experiments are described that show
the applicability of the approach.

1 Introduction

Performance evaluation is an important task during all phases of system design.
In the context of complex heterogeneous component-based systems, designers
need to have models and methods at hand to validate the end-to-end system
behavior in early stages of the design. As a result of this need, there exist many
different approaches to system-level performance evaluation at all levels of ab-
straction. They can be divided into two main classes: analytic methods and
simulation-based approaches. Analytic methods are often used in an early de-
sign phase as they lead to a fast performance estimation without the necessity
of detailed system specifications. They often give rather coarse-grained results
because of the high layer of abstraction they are applied to.

� Simon Künzli has been supported through the European Network of Excellence
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On the other hand, simulation-based methods are used on a lower level of
abstraction, can combine several layers of abstraction and lead to more accurate
results. Simulation techniques exist from low levels as gate-level simulation, over
cycle-accurate (e.g. [1]) to high abstraction levels as in trace-based simulation
(e.g. [2]). The main drawbacks of simulation-based validation techniques are the
high run-time and the difficulty to determine expressive test cases and input
loads. The results of a simulation hold only for the workload that has been
used to drive the simulation. Designers have to carefully interpret the simulation
results to draw conclusions about the system performance, especially if there are
critical corner cases in the system behavior. Simulation is widely established for
performance evaluation, the techniques are well-known and the results obtained
via simulation are trusted by designers. Normally, the average-case behavior
of a system can be captured well by simulation-based performance evaluation
methods, but no statements about the worst-case behavior (e.g. in terms of
end-to-end delay or memory requirement) are possible.

There are two major classes of analytic methods, namely statistical and
worst-case approaches. In both cases, the non-functional system properties are
formally analyzed for a whole set or a class of input loads. Therefore, it is possi-
ble to draw general conclusions about the system behavior in one single analysis,
e.g. worst case end-to-end delay or average throughput for a certain system en-
vironment. Because of the high level of abstraction and the necessity to follow
a formal modeling paradigm, the results of a performance analysis are usually
coarse grained.

Given the above, there are important reasons to bridge the gap between for-
mal event models and simulation and/or measurement methods. In particular,
there is the need of (a) transferring simulation or measurement results into for-
mal models that capture these traces and (b) to generate representative and
expressive event streams given a formal event model. If these methods are avail-
able, performance analysis of complex computation and communication systems
would benefit in the following respects:

– Given a formal specification of the input loads, e.g. in form of burstiness,
period, average rate or statistical behavior, one could generate expressive
system loads as well for simulation as for measurements on the actual system.
This would help as well in the design phase as in a later validation phase.

– Part of the system or system environment could be simulated or measured
and the resulting traces could be transferred into a formal model. These
formal event stream specification could be used for an analytic performance
analysis of (part of) the system. The resulting specifications of output streams
could then be converted into event stream instances for further simulation
or measurement studies on the rest of the system.

There exist many different approaches to traffic generation algorithms. Most
of them are situated in the networking domain, where the goal is to generate
artificial traffic traces that match statistical properties of measured traffic as
good as possible. Examples for this approach and references for further reading
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can be found in [3] or [4]. The approaches presented in [5] and [6] are closer re-
lated to ours as they are used in the embedded system domain. In the approach
presented in [5], real application traces are recorded and then played back for
simulation trace generation. In [6], traces for performance evaluation are gen-
erated at random using a uniform distribution or a two-state Markov chain, or
also based on collected traces.

In this paper we are concerned with a completely different and orthogonal
way of describing properties of event streams, namely arrival curves, see e.g. [7,
8]. This characterization enables to specify classes of event streams on different
time scales. In particular, statements about the burstiness of the stream and its
average behavior can be made. Moreover, the specification of event streams by
arrival curves is a major prerequisite for the worst-case analysis of computer and
communication systems in terms of end-to-end delay and memory requirements,
see e.g. [8–10]. In addition, arrival curves are often used to specify formally the
behavior of an environment to which the system is exposed. For example, it is
possible to specify classical models such as periodic event streams, periodic with
jitter and bursty behavior. In addition, it is equivalent to conventional service
level agreements (SLA) where a client and a system supplier agree on a T-Spec
[11] arrival curve describing the traffic which the networking device has to be
able to support.

In the following, we inspect two situations in which the transformation be-
tween an abstract description of a workload and a simulator input event trace
can be used: (1) In a service level agreement (SLA) a client and a system supplier
agree on a T-Spec [11] arrival curve describing the traffic which the networking
device has to be able to support. In addition, the designers provide a simula-
tion model for the networking device that should be tested. They are interested
whether or not the networking device is capable to support the traffic described
with the T-Spec curve. To be able to check this, a simulator input trace has
to be generated representing the traffic described with the curve. (2) Figure 1
shows a framework which can be used to measure properties of a networking de-
vice, such as packet queuing delays or the maximum supported throughput. The
traffic is specified using a formal description, but the networking device under
test is measured using a real packet trace. Therefore, we also need a method to
generate packet traces based on a formal traffic specification.

Traffic

Specification

Event Trace

Generator

Data

Collector

Networking-

System

under Test

Fig. 1. Block diagram of framework for property-testing of networking systems.
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Despite of the importance of arrival curves in terms of requirement specifi-
cation and performance analysis, there are no methods available that allow to
generate representative event streams that respect a given curve. In addition, it
would be highly desirable to generate expressive event streams that challenge the
subsequent system components by exploiting corner cases. But here, not even a
well defined indicator is known that is able to measure the ’expressiveness’ of an
event stream. The paper contains the following new results:

– Definition of a quality measure that defines the expressiveness of event
streams that respect a given arrival curve.

– A set of parameterizable methods for generating expressive event streams
that respect a given arrival curve.

– Experimental validation by means of simulations and measurements.

As a result, the event trace generation approach presented in this paper helps
to bridge the gap between formal input specifications in terms of service level
agreements, analytic methods for worst-case performance analysis, simulation
and measurement. In the next section, we will present a modular performance
analysis framework as basis for the work presented here. Our contribution, a
method for event trace generation and a quality indicator for the generated
traces is presented in Sect. 3. In Sect. 4 we discuss implementation issues and
present experimental results.

2 Arrival Curves

This section introduces shortly the well known concept of arrival curves which
are used for requirement specification and analytic system analysis.

Definition 1. The upper and lower arrival curves αu
E(∆) and αl

E(∆) give upper
and lower bounds on the number of events that can be observed in any interval
of length ∆ in the event stream E.

Therefore, the upper and lower arrival curves of an event stream bound the
minimal and maximal number of events that can be observed in any interval of
a specified length ∆. As the curves describe this behavior for all window sizes
∆, the characteristics of a class of event streams is captured on different time
scales, e.g. burstiness (short term) and average rate (long term).

Arrival curves were initially used in the networking domain, see e.g. [7],[8].
The curves give a compact representation for a whole class of event streams.
For example, the arrival curve on the right hand side of Fig. 2 represents not
only the event trace on the left hand side but also an infinite number of ’similar’
traces, i.e. traces that are compliant with the arrival curve according to Def. 1.

Recently, Chakraborty et al. have introduced a general framework for perfor-
mance evaluation of embedded systems. The work presented in [8] was extended
by means of introducing also a lower arrival curve, which in addition to the up-
per arrival curve gives a lower bound on the number of events in time intervals.
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The framework is described in more detail in [10, 12]. Using the framework, we
can combine different analytic components to an analytic model of the system
in the same way, as we can compose different architectural blocks to a whole
system. The framework has successfully been used for design space exploration
of network processor architectures [13] and to derive optimal scheduling param-
eters for multimedia processors [14]. The performance analysis method is based
on event models to characterize event streams and on resource models to char-
acterize the processing units that are available to process these event streams.
The event streams are described using the concept of arrival curves as given in
Definition 1.

Arrival curves can be obtained in different ways. First, they can be computed
from an existing event trace or a set of traces. According to Figure 2, we can
traverse the event trace(s) with windows of different sizes ∆ and keep track of
the maximum and minimum number of events seen in this window. The value
found for the maximum results in αu(∆), the minimum leads to αl(∆). The
traces used can be the result of measurements or simulations. Note that the
final arrival curves not only represent the traces that have been used for their
construction but an infinite number of compliant event traces, too.
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Fig. 2. Example event trace with corresponding upper and lower arrival curves.

Second, arrival curves are also used for contracts in the telecommunications
domain. In service level agreements (SLA), the traffic allowed for a client to
generate on a server is often characterized using T-Spec curves [11], which are
just a special case of arrival curves. In a similar way, arrival curves may be
constructed from known properties of the generating process, such as periodic
with jitter or a certain degree of burstiness, see e.g. Fig. 3.

Arrival curves are defined for all 0 ≤ ∆ ≤ ∞. In order to allow for a finite
representation, we introduce a specification size W , up to which an arrival curve
is defined. For arguments larger than W , arrival curves are periodically extended:

α(∆) =
⌊

∆

W

⌋
α(W ) + α(∆ −

⌊
∆

W

⌋
W )

As has been described in the introduction, analytic methods are often not suf-
ficient for a thorough performance analysis in the networking and embedded sys-
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Fig. 3. T-Spec curve with burst rate r, long term rate s, maximum packet size m and
burst b (left). Example upper and lower arrival curves for a periodic event stream with
jitter (middle), and a periodic event stream with bursts (right).

tem domain. Therefore, a set of transformations is necessary to transform a for-
mal event stream specification into an event stream for simulation/measurement
and vice versa. While computing the arrival curves for an event stream based
on a given set of event traces is straightforward, the generation of representative
event traces is more involved. In the next section, we will define the require-
ments for event trace generation and propose a method to generate event traces
starting from a specification with an upper and a lower arrival curve.

3 Event Trace Generation

In this section we describe a method to generate a representative and expressive
event trace starting from an upper and a lower arrival curve [αl(∆), αu(∆)].
Figure 4 shows as an example the first part of a trace that was generated using
the approach presented in the remainder of this paper. The upper and lower
arrival curves that were used as specification curves for this generation are given
in Figure 9 (top,left). In Fig. 4 we can identify bursts (marked with (a)), where
the generated trace is as bursty as specified by the upper arrival curve. But
we can also identify periods in which only a few events are generated (marked
with (b) in the figure). In this case, the generated trace represents the lower
specification arrival curve.

The generated event stream must respect the specification following Def. 1.
But we also need to define the meaning of ’expressiveness’ which is done in the
next section.

3.1 Requirements and quality assessment

It is obvious, that the expressiveness of an event stream very much depends
on the further use of it. In simulation and measurements, we are interested in
corner case behavior. Therefore, it appears to be appropriate to require that the
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Fig. 4. Generated trace based on the arrival curves for specification 1 in Figure 9.

event stream follows as well the short term characteristics (bursts), i.e. αl(∆) and
αu(∆) for small values of ∆ as well as the long term characteristics (average case)
for large values of ∆. In this sense, the generated trace should show “fractal”
or self-similar behavior [15], i.e. in a short observation interval, the trace should
be as bursty as allowed by the upper and the lower specification curve in a
short time interval — whereas for a larger observation interval, the trace should
represent the whole upper and lower specification curves.

In addition, as the behavior of different event streams interact on the system
under observation, we should require that we find the characteristics of the arrival
curves everywhere in the stream. For example, we would expect that bursts or
silent intervals occur frequently in the generated event trace. Therefore, we are
looking for a new quality indicator I that covers the property that the multi-
scale representation of arrival curves can be seen frequently in the generated
event stream.

To obtain this indicator value we first calculate the probability Pτ that the
measured arrival curves of an arbitrarily selected trace snippet of length τ match
the specified curves [αl(∆), αu(∆)] for all 0 ≤ ∆ ≤ τ

2 .
To compute this probability we have to traverse the full trace using a sliding

window of size τ , then calculate the upper and lower arrival curves from the
trace snippet seen in the sliding window and finally check whether these curves
[αl

c(∆), αu
c (∆)] equal the given curves [αl(∆), αu(∆)] for all 0 ≤ ∆ ≤ τ

2 .
We calculate the probability Pτ for all values of τ up to some observation

window size L which can be chosen arbitrarily. The indicator I is then the
minimum over all τ ≤ L of these probabilities Pτ as we want to represent the
arrival curves at all scales τ .

Formally, we can compute this indicator I with the following steps:

1. Select all trace snippets Ti of length τ in trace T .
2. Compute the upper and lower curve [αl

c, α
u
c ] from each trace snippet Ti.

3. Set Z(Ti) = 1 if αu
c (∆) = αu(∆) and αl

c(∆) = αl(∆) for all 0 ≤ ∆ ≤ τ
2 and

Z(Ti) = 0 otherwise.
4. Compute the probability Pτ = 1

N

∑
Ti∈T Z(Ti) where N denotes the number

of considered trace snippets Ti in trace T .
5. Set I = min∀τ≤L Pτ .
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The larger the indicator value I, the better the trace exposes the desired
fractal behavior. For the trace generation algorithm presented next we intend to
maximize the indicator value I in order to generate a trace that represents the
specification in a any short observation interval as well as in any large observation
interval.

3.2 General event trace generation

The main idea underlying the proposed event trace generation algorithm is to
use a ON/OFF traffic source as shown in Fig. 5. The traffic generator has two
distinct states: ON and OFF. In existing traffic generation approaches (see e.g.
[16],[17]) events are generated in the ON state, and in the OFF state no events
are generated at all. In contrary to the classical approach, we generate events
that conform with the upper specification arrival curve, if the generator is in
the ON state. In this case, if we would compute the upper arrival curve for the
generated trace, the upper specification curve would be obtained. In other words
the generator creates events as soon as it is allowed by the upper specification
curve. Similarly, the generator in the OFF state is as “lazy” as allowed by the
lower curve, i.e. it generates an event only if the lower specification arrival curve
would be violated otherwise. We also say that the generator “follows” the upper
curve while it is in the ON state and “follows” the lower curve in the OFF state.

The basic event trace generation algorithm consists of three main steps:

1. Determine time stamp T at which to switch between ON- and OFF-states.
2. Generate events according to the state while 0 ≤ t < T .
3. If t = T then switch the state, set t = 0, and go to step 1.

The time t denotes the time spent in a state. In Fig. 5(bottom) an event trace
generated with this simple algorithm is given, the grey boxes denote the state
of the generator.

ON OFF

ON ONOFFON ONOFF

Fig. 5. (top) ON/OFF-automaton used for trace generator. (bottom) Example for a
generated trace with boxes indicating whether generator in ON- (light grey) or OFF-
state (dark grey).
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The choice of the times at which the traffic source switches between states
influences the generated trace and as a consequence also the indicator value I
for the generated trace. See Figure 6 for two different traces that are based on
the same specification arrival curves. The only difference for these traces are the
distributions of the switching times between ON and OFF state of the generator.
The second trace is more regular, e.g. we can observe the event pattern between
5000 and 8000 ms, during which no state switches occur at all.

We will next look at a simple example which will lead us to a deterministic
algorithm to determine the state switching time. Then, we will randomize the
algorithm to make the generated trace less predictable.

0 1000 2000 3000 4000 5000 6000 7000 8000

1000 1050 1100 1150 1200 1250 1300 1350 1400 1450 1500

0 1000 2000 3000 4000 5000 6000 7000 8000

1000 1050 1100 1150 1200 1250 1300 1350 1400 1450 1500

Fig. 6. Two generated traces (plots 1 and 3 from top) based on the same specification.
They were generated using a different switching time estimation technique. Plots 2 and
4 from top are magnified snippets of the traces (the traces are shown between 1000
and 1500 ms).

Assume the upper and lower arrival curve specified in Fig. 7(top). For sim-
plicity we only look at three different intervals of length A, B and C with A = 2×
B = 4C. For the example, we use the ON/OFF-automaton from Fig. 5, but we
restrict ourselves to switches between states after A, B or C time units only. If
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we are in the ON state for A time units, we denote this by A ↑, if we are in the
OFF state for B time units, we denote this by B ↓ accordingly.

Furthermore, we assume that after a state change we generate events accord-
ing to the specification curve, i.e. if we are in the ON state for C time units, we
can generate an event sequence that reproduces an upper arrival curve equal to
the specification curve up to C time units as shown in Fig. 7(top).

C�A� A�A�B� B�C�C� A� A�B�B�C� A� C�

P[see A and A in A] = 2/18 = 0.11

P[see B and B in B] = 2/18 = 0.11

P[see C and C in C] = 2/18 = 0.11
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A� B�B� C�A� C�C� A� B�A� B� A� A�C�
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P[see B and B in B] = 2/33 = 0.06

P[see C and C in C] = 5/33 = 0.15
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Fig. 7. Example for upper and lower specification arrival curves and two examples
for generated traces with probabilities corresponding to the intervals A, B and C. (a)
randomly generated trace and (b) deterministically generated trace. The dotted lines
give the limits after which the generation pattern is repeated in the examples.

In the example, we check the match between the specification curve and the
computed arrival curve at discrete times and the step size is set to C. In this
setting, the probability to see the upper and lower specification curve in interval
2C is the number of times we can see C ↑ followed by C ↓ (or vice versa) divided
by the total number of checks performed. As we want to achieve a large indicator
value I, we have to ensure that for all the different interval sizes (A, B, C) the
probability to see the corresponding upper and lower curve is maximized. In
other words, we have to generate at least one trace snippet for the upper and
the lower specification curve for each of the interval sizes in order to achieve
non-zero probabilities for all the intervals. Because we do not know a priori the
length of the generated trace, we want to generate all possible trace snippets as
soon as possible.

The specification curves shown in Fig. 7(top) reveal that the upper curve
of length C is contained in the upper curve of length B. This fact helps us to
further improve the value of the indicator I: We start the trace generation in
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the ON state, set the dwell time to the smallest possible interval and generate
a trace snippet according to the upper specification curve. In the example, we
therefore first generate a trace snippet C ↑. We then switch state and remain in
the OFF state for again C time units, generating a trace snippet C ↓. Next, we
increase the dwell time by the step size, thus in the example we generate a trace
snippet B ↑. We again switch state to OFF, generate the corresponding trace
snippet, switch to ON state, increase the dwell time, switch back to OFF state,
and so on. Like this, we can not only see the upper and lower specification curve
in the the sequence C ↑ C ↓, but also in the sequence C ↓ B ↑, as the upper
curve of length C is contained in the upper curve of length B.

Having the above considerations in mind, we can propose a deterministic
algorithm that generates an event trace that leads to a large indicator value I:

1. Set next switching time T = 0
2. Increase T by the chosen step size.
3. Generate events according to ON state while t < T .
4. If t = T then switch to OFF state, set t = 0, and generate events while

t < T .
5. If T exceeds window size L, go to 1.
6. Switch to ON state, set t = 0, and go to 2.

The above event generation optimizes two conflicting goals: (1) all the inter-
vals should be generated as often as possible to increase the individual probability
Pτ and (2) all the intervals should be generated as soon as possible, because we
have no a priori knowledge about the desired length of the trace.

In Fig. 7(bottom,a) the example of a randomly generated trace is given.
Below the probabilities to detect the upper and lower specification curve for
A, B or C are depicted. In part (b) of the figure, we show a trace that was
generated according to the deterministic algorithm. Again the probabilities for
the interval sizes are given. Note that the largest interval (in the example A) has
to be generated 3 times in order to equalize the probabilities Pτ .

The algorithm shown above generates a deterministic trace. To avoid this
problem the deterministic algorithm is randomized. Instead of stepwise increas-
ing the dwell times in the generator states deterministically, we determine the
dwell times randomly, according to a uniform distribution of the dwell times
between the minimum interval size and the window size L. With this procedure,
the event trace becomes unpredictable and especially multiple event traces are
independent and uncorrelated.

4 Implementation

4.1 Trace Generation

In this section we present an implementation of the algorithms described in
Sect. 3. As discussed above, event traces can be generated starting from arrival
curves using an ON/OFF state machine as traffic generator. The times at which
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we switch from ON to OFF state and vice versa can be determined at random
or deterministically.

We can use arbitrary specification arrival curves for the event generator. Of
course, the specification curves have to represent a valid characterization, i.e.
it must be possible to find an event stream that complies with both the upper
and the lower specification curve. The only additional constraining factor for the
curves is the memory demand. To keep the needed memory bounded, we use the
periodically extended finite representation introduced in Section 2.

Algorithm 1 describes our general approach to generate event traces starting
from upper and lower arrival curves [αl(∆), αu(∆)]. The algorithm contains calls
to several functions which are further described in Tab. 1.

Algorithm 1 Algorithm for trace generation in pseudo-code
/* initialize variables */

t = 0;

generate = false;

state = 0;

swt = getNextSwitchingTime(t);

/* generate event at time t */

generateEvent(t);

while (!stopGeneration) {

while ( t < swt ) {

if (state == 0) {

if ( canIGenerateNow(t) )

generate = true;

}

else{

if ( !canIStillWait(t) )

generate = true;

}

if (generate) {

/* generate event at time t */

generateEvent(t);

updateHistoryWithEvent(t);

}

t = t + timeStep;

generate = false;

}

swt = getNextSwitchingTime(t);

state = (state + 1) mod 2;

}

In the implementation, the algorithm to determine the next switching time
between ON and OFF state is the only component that can be freely chosen
by the user, whereas the generation pattern in the ON and the OFF state is
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fixed by the upper and lower specification arrival curves. We have implemented
the deterministic switching time generator as proposed in Sect. 3 and two ran-
domized versions. One is based on a uniform distribution of the switching times
between an upper and lower bound that can be set as a parameter. The generator
with a uniform distribution represents a randomized version of the determinis-
tic algorithm. The other one is based on a Weibull-distribution. We chose the
Weibull-distribution here, because it is often used for traffic generation (e.g. in
[16] and [17]). We use it in our experiments to have control runs that we can
compare with the other runs. The Weibull probability distribution function of a
random variable X,

P{X ≤ x} = 1− e−(x/β)α

, x ≥ 0

has two parameters α > 0 and β > 0.

Name Description

getNextSwitchingTime(t) Determines the next point in time
based on the time stamp t at which
the state of the generation mode should
be changed.

generateEvent(t) Generates event at time t

canIGenerateNow(t) Returns a Boolean value denoting
whether it is possible to generate
event at time t without violating
the specification curves.

canIStillWait(t) Returns a Boolean value denoting
whether it is possible to wait for
timeStep time units after t with
the event generation without violating
the specification curves.

updateHistoryWithEvent(t) Update the history of already
generated events. Add the newest
time stamp t and remove the
oldest time stamp if the size of the
history is > WindowSize.

Table 1. Functions used in Alg. 1

Note the difference between the event trace generation presented in Sect. 3
and the implementation. Although we stated that in the ON state, we will gen-
erate events as greedy as allowed by the upper arrival curve, this is not always
possible without violating the specification [αl(∆), αu(∆)].

Assume that the generator was in the ON state for some time t0, the gen-
erated trace snippet represents the upper specification curve. In other words,
the upper curve derived from the generated trace snippet matches the upper
specification curve. Then, we switch for a very short time to the OFF state, and
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do not generate events at all. After coming back to the ON state, we are not
necessarily allowed to again generate events as specified in the upper curve up to
t0. This is because we then would generate the maximum number of events al-
lowed by the specification curves in t0 twice within an interval of length 2t0. This
could potentially violate the specification. See Fig. 8 for an example. To solve
this problem, we use in the algorithm the guard functions CanIStillWait() and
CanIGenerateNow(). They ensure that a generated event does neither violate
the upper nor the lower specification curve at any time.

t0

2t0

ON ONOFF

found 7 events in 2t ,

but only 5 events allowed
in specification

0

t0 2t0

2

4

6 event trace
generation

ON OFF

Fig. 8. Example in which greedy event generation leads to violation of the upper
specification arrival curve.

4.2 Results

To compare different switching time estimation algorithms, we generated traces
of 100’000 events each for different switching strategies. The results of the com-
parison are shown in Fig. 9. On the y-axis the indicator values I are given. To
be able to compare the different algorithms for two different specifications, we
use the indicator values achieved for the deterministic algorithm as a base line
and give the relative indicator values for the other algorithms. On the x-axis, we
show the result bars for different switching time algorithms.

We have performed the tests for two different pairs of specification curves
leading to two bars for all different switching time algorithms. The parameters
corresponding to the different switching time estimation algorithms are specified
in Tab. 2. For the Weibull distribution, α was fixed and the parameter β was
then calculated such that the expectation value of the dwell time was as desired.

The deterministic switching time algorithm (left-most bars) achieves the
highest indicator value, as expected. It leads to the event trace that represents
well the desired worst-case behavior. The randomized algorithms all perform
worse than the deterministic algorithm. Nevertheless, the randomized algorithm
using switching times uniformly distributed between 0 and 2L, achieves also rea-
sonably good results (within 65 % of the deterministic algorithm on average),
while being non-predictable. Weibull-distributed switching times lead to worse
indicator values and should not be used for our event trace generator as a con-
sequence. The indicator value I for a uniformly distributed switching time with
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expectation L
2 varies much between the two specifications (cf. Fig. 9, column

10). The reason for this is that intervals of length L are hardly generated using
this switching strategy and that the specifications consist of two different arrival
curve pairs, where specification 1 is more regular and therefore easier to fulfill
than specification 2.
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Fig. 9. Normalized indicator values I for different switching strategies between ON
and OFF state specified in Tab. 2

4.3 Application for Measurement System

The event generation has been applied to an industrial case study. In particular, a
tool chain for validating a complex packet processing device with several quality
of service classes was implemented. The framework consists of an arrival curve
based event trace generator as presented in this paper, a packet generator that
generates IP (internet protocol) packets at exactly the times specified in the event
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Nr. Switching Time Determination

1 Deterministic algorithm as presented in Sect. 3
up to window size L

2 Weibull-distributed with expectation L
2
and α = 0.5

3 Weibull-distributed with expectation L and α = 0.5
4 Weibull-distributed with expectation 2L and α = 0.5
5 Weibull-distributed with expectation 3L and α = 0.5
6 Weibull-distributed with expectation L

2
and α = 0.3

7 Weibull-distributed with expectation L and α = 0.3
8 Weibull-distributed with expectation 2L and α = 0.3
9 Weibull-distributed with expectation 3L and α = 0.3
10 Uniformly distributed with expectation L

2

11 Uniformly distributed with expectation L
12 Uniformly distributed with expectation 2L
13 Uniformly distributed with expectation 3L

Table 2. Parameters for the different switching strategies for the event trace generator.

trace, and finally a data collector tool that collects the packets that have been
processed by the system under test. In addition, a high precision synchronization
device allowed us to measure end-to-end delays of the system up to a precision
of 1µs.

The graphical components of the tool chain have been implemented in Java,
the packet generator and the data collector tool as Linux kernel modules in order
to achieve good timing accuracy.

The block diagram of the tool chain is shown in Fig. 1, a screenshot of the
data collector tool is given in Fig. 10. In Fig. 10, the top row shows the measured
arrival curve at the receiver (left) and the measured per packet delay (right)
for a real-time packet flow (RT), the bottom row for a flow with no real-time
requirements (NRT). Note that the maximum delay measured for the RT flow
is 95µs, whereas for the NRT flow the maximum delay is ca. 60 ms. With this
framework, we have a tool chain at hand that can be used to validate system
properties such as packet throughput or processing delays, starting from a formal
specification of the system input with arrival curves.

5 Conclusions

The event trace generation algorithms presented in this paper allow to bridge
the gap between simulation/measurement and analytic methods for performance
evaluation, as they define a way to translate a formal workload specification with
arrival curves into a representative event trace. The proposed quality indicator
measures the expressiveness of a generated trace represents. To show the ap-
plicability of the presented approach we (1) implemented the proposed event
trace generation algorithms, (2) compared different generation algorithms, and
(3) used the generated traces in a performance measurement framework depicted
in Fig. 1.
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Fig. 10. Screenshot of the measurement tool.
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