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Abstract—The embedded software in some classes of contem-
porary cyber-physical systems (CPS) is required to run models
of its physical environment in real time and with high accuracy
and precision. The question to which extent the embedded
software can achieve these requirements largely depends on the
properties of the embedded platform (i.e. embedded hardware
and middleware). In this paper, we focus on the modelling of
some of the properties of an embedded platform and on the
co-simulation of these properties with the physics-based models.
This will result in an assessment of the influence of the embedded
properties on the performance of the physics-based models in
early stages of the development of embedded software for CPS.

I. INTRODUCTION

Along with the growth in intelligent behaviour of current
CPS, their embedded software shows increasing ‘awareness’
of their physical environment, and more in particular of the
physical plant that they are supposed to control. Therefore,
models of the physical environment often need to be part of the
embedded software. Well-known examples are virtual sensing,
model-predictive control and self-calibration.

Executing these physics-based models on embedded hard-
ware is not always straightforward. In a typical design process,
the physics-based models are designed by mechanical or
control engineers with the purpose to be run in a simulation
environment, mainly aiming at achieving a good correlation
with their physical counterparts. When re-using such models
on an embedded processor, problems can be expected related
to real-time performance, memory consumption, numerical
precision, I/O-properties, etc. Bertsch et al. [1] anticipate
some of these problems when transitioning from a simulation
environment to an embedded environment in the context of
the Functional Mockup-Unit (FMU).

Karsai et al. [2] argue that the design of CPS can only be
accomplished in a co-design fashion and that modeling the
embedded execution platform needs to take part in it.

This brings us to the point that it is beneficial to incorporate
the proper embedded platform properties into the simulation
models of the CPS under design. One of the well-known
tools in this respect is TrueTime [3], which allows for the
incorporation of execution delays into Simulink models. Denil

et al. [4] show that the DEVS-modelling language is also
suitable to express the embedded delays and to simulate their
performance impact.

This work encourages us to further investigate the
co-simulation of models of processor-based embedded plat-
forms with models of their applications, especially for those
CPS-applications for which the performance is presumably
influenced by the embedded system architecture. While True-
Time can be used for this purpose, it requires parts of the
model to be implemented in MATLAB-scripts. In a co-design
setting, the model to be deployed is often provided, e.g. in
Simulink. In this case re-implementation of the model in
MATLAB would be counterproductive. Additionally, when the
new model including the embedded platform properties is to
be used by the original engineer to optimize their design, it
is favourable to make minimal modifications to the original
implementation. For these reasons, we rely on the combination
of Simulink and SimEvents. While Simulink is appropriate to
describe the continuous models of the physics that take part in
the application, SimEvents in turn is an interesting candidate to
model the discrete event properties of the embedded platform
architecture [5]. This includes the modelling and simulation of
the scheduling of application tasks on one or more processors
[6].

The current paper focusses on a virtual sensing case based
on an Extended Kalman Filter (EKF) which comprises a model
of the physical plant under observation. This use case is
further described in the next section. Having an embedded
realisation of this Kalman filter in mind, Section III explores
which performance characteristics are deteriorated by which
embedded components. It shows simulation results on the
performance drawbacks of certain choices of the embedded
platform configuration. Finally, in Section V, we discuss some
future ideas to setup a more generic co-simulation framework
for this type of problems.

II. MOTIVATING EXAMPLE

As an example case we make use of a virtual torque sensor
developed by Forrier et al. [7]. This virtual sensor is a model-



Fig. 1: General diagram of a model-based estimator.

based estimator. Figure 1 shows a general overview of the
workings of such an estimator. Certain inputs, in this case
phase voltages, are applied to the actual drivetrain, after which
values such as currents, accelerations, etc., can be measured.
These same inputs are also applied to a model of the drivetrain.
This model is then used to predict the measured values, as
well as internal states, parameters, etc. The difference between
the predicted and actual measurements is then used by the
Kalman filter to correct the internal states, among other things.
This is an recurrent process whereby the model is expected
to converge to the actual driveline over time. This allows
variables that are difficult to measure, such as the external
load torque, to be extracted from the model. The test setup
of the drivetrain is presented in detail in [8]. Note that,
in our experiments, we use this estimator with simulated
measurements, i.e. generated from a model, as data recorded
on the actual test-setup was unavailable at the time.

III. METHOD

Bariş et al. [9] identify three major factors that impact
the precision of a physics-based estimator after deployment.
However, they mostly focus on the first factor: precision loss
due to the use of single- instead of double-precision floating
point numbers. Two other factors, additive measurement noise
and update frequency (timing), are not explored. It is these
factors that are investigated in the following sections.

A. Additive Measurement Noise

Additive measurement noise is, as the name implies, noise
that is added to the measurements that serve as inputs for
the estimator. There are multiple factors that contribute to
the noise: electromagnetic interference (EMI) and possible
crosstalk on the analog inputs, quantization noise due to
the resolution of the analog to digital converter (ADC), and
accuracy of the ADC. But also other factors such as a possible
gain or offset error, or possible non-linearity of the ADC.

To investigate the impact these factors have on the accuracy
of the estimator, they are modelled in Simulink as separate
subsystems, as illustrated in Figure 2. Varying the parameters
of this interface model, such as ADC-resolution, offset, gain,
etc., allows both the embedded and the control engineers to
determine the impact of the previously mentioned factors.

To test the impact of the modelled interface, two copies of
the same estimator are placed in a Simulink model. The inter-

Fig. 2: Different parts of the interface are modelled as different
subsystems.

face model is placed on the inputs of one of the estimators to
mimic an estimator running on an embedded system. The other
copy of the estimator serves as a reference. Measurements
(voltages, currents, etc.) are then fed to the two estimators.
The corresponding reference torque is subtracted from the
estimated torques to obtain their respective error. This setup
is illustrated in Figure 3.

Fig. 3: Diagram showing test setup for interface model.

A MATLAB script is used to vary different parameters of
the input model, run the simulations and process the results.
The mean and standard deviation over the different runs can
then be plotted to further investigate the impact on the output.

B. Timing

In general, the achievable accuracy of an estimator depends
on its update frequency. For simple, single step estimators
determining the maximum frequency is rather straightforward
as it is almost entirely dependent on its worst case execution
time (WCET). However, when CPS become more complex,
the software running them may need to be split into multiple
tasks. In this case, task interaction becomes important as it can
have an impact on timing and subsequently on the behaviour of
the system. This was demonstrated by Morelli et al. [10], who
saw a difference in the behaviour of a controller depending on
the priorities of its different tasks.

To be able to simulate the impact of these timings on the
behaviour of the system, these effects need to be added to the
original model. As previously mentioned, SimEvents allows
for the modeling of the scheduler of an embedded system.
SimEvents models can be mixed with Simulink models con-
taining the application, thus forming a hybrid model. The link
between the scheduler and the control loop can then be made



using function triggered subsytems and function calls. This
setup is illustrated in Figure 4.

Fig. 4: Illustration of test setup for timing.

To test the usefulness of SimEvents in simulating timing
behaviour, a small test case was made starting from an example
implementation of a scheduler [6]. The example was modified
to have a single task with a period of 250 µs. This corresponds
to the specified update rate of our estimator case.

The estimator is converted into a triggered subsystem.
Simulink simulations follow the Zero Execution Time (ZET)
model. This means that when the subsystem is triggered, its
outputs are calculated based on its current inputs and are
updated in the same timestep. The execution time of the model
on the processor has no impact on the simulated time. This is
in contrast with the actual behaviour after deployment, where
the outputs would only become available after a certain amount
of time (the execution time). To simulate this behaviour,
another triggered subsystem is added to the outputs of the
estimator to serve as an output latch [10]. When triggered,
this subsystem copies its inputs to its outputs.

When the task defined in SimEvents is activated, the estima-
tor subsystem is triggered and its outputs are calculated. When
the specified execution time has passed, the task is finished
and the output latch is triggered. This makes the latest outputs
available to the rest of the model. The output of the estimator
can then be compared to the reference torque in the same way
as described in the previous subsection.

A MATLAB script is used to set the execution time, run
the simulation and collect the outputs. The execution time
was varied between 190 µs and 260 µs. Additionally, as the
real life execution time is not constant, a uniform random
value between 0 µs and 50 µs is added to the set execution
time for each time the task is executed. These values were
chosen based on the actual distribution of execution times we
observed during previous experiments. As the fixed part of
the execution time is increased, this random part means that
a certain percentage of deadlines will be missed, delaying the
execution of the next task.

IV. RESULTS

A. Additive Measurement Noise

Figure 5 shows a plot with the accuracy of the estimators
as a function of the ADC-resolution. The blue line is the
mean error for the simulated embedded estimator including

Fig. 5: Estimator accuracy in function of ADC resolution (no
noise).

Fig. 6: Estimator accuracy in function of ADC resolution (with
AWGN).

the ADC-model; the red band is the corresponding confidence
band, i.e. the same mean ± the corresponding standard devia-
tion. The green confidence band refers to the ideal estimator.
The inset shows this more clearly. This graph shows that as
the ADC-resolution increases, the red band converges to the
green band, as we would expect. The same experiment is also
performed with additive white gaussian noise (AWGN) added
to the measurements. The results of this are shown in Figure 6.
Here, a resolution of 12-bit is close to the standard deviation
of the AWGN. The graph shows that increasing the resolution
above this point no longer has a noticeable impact on the
accuracy of the output.

B. Timing

Fig. 7: Estimator accuracy in function of execution time.

Figure 7 shows the accuracy in function of the execution
time. This graph shows that the system can tolerate a certain



amount of deadline misses. When the fixed part of the execu-
tion time is set to 220 µs, about 40% of deadlines are missed,
yet there is no noticeable decrease in (numerical) accuracy. It
is only when the execution time is increased further that the
accuracy of the estimator starts to decrease.

Normally deadline misses would be avoided at all costs, but
this scenario does show the possibilities of using SimEvents
to introduce scheduling behaviour in Simulink models.

V. CONCLUSIONS AND FUTURE WORK

By explicitly modelling the interface of the embedded
system and adding this to the original model, it becomes
possible to simulate the impact of a certain hardware aspects
of the embedded system. This allows both the control engineer
and the embedded engineer to investigate the effects of certain
parameters. This has several advantages. It allows the control
engineer to possibly relax or restrict certain requirements. For
example, if increasing the ADC resolution above a certain
point yields a negligible increase in performance, a less precise
ADC could be used in the final deployment. This in turn
decreases the overall cost and complexity of the system.
Alternatively, the control engineer could add an additional
requirement that shielding should be used on all signal wires,
to decrease the noise due to EMI. Additionally, it allows
the control engineer to modify their design to deal with the
increased noise (e.g. update noise covariance matrices, add
filtering, etc.) if this is deemed necessary.

The use of SimEvents to introduce timing behaviour in
Simulink models looks promising, especially in a co-design
context, as it makes the effect of timing on the control
behaviour of the model visible to the control engineer. This
becomes more important when working with more complex
systems and complex embedded platforms. For example, if a
model has to be divided into multiple tasks, task interaction
becomes important as it will have an effect on the timing be-
haviour. For this reason the presented methodology should be
expanded to include more properties of a Real-Time Operating
System, such as preemption, task interaction, etc.

AADL (Architecture Analysis & Design Language) [11]
already offers a modelling language to describe embedded
platforms. In our future work, we intend to use AADL to
express the platform configuration and to couple these models
with SimEvents such that the AADL-models become exe-
cutable. This idea is expressed in Figure 8. The triplet AADL,
SimEvent and Simulink would hence offer a generic modelling
and simulation environment to assess the performance of
computationally intensive algorithms on embedded platforms.
This idea could even be extended towards other modelling
languages. In the latter case, the use of the Functional Mockup
Interface (FMI) standard is appealing to couple the different
models. However, in such case a large part of the discrete
time properties of the embedded platform (such as scheduling
operations) will most probably need to be implemented in the
FMI-master. An automatic generation of the FMI-master [12]
would serve these needs.

Fig. 8: AADL as configuration for SimEvents.
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