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Abstract— The design of automotive control systems is be-
coming increasingly complex as the level of performance
required by car manufactures grows continuously and the
constraints on cost and development time imposed by the
market become tighter. A successful design, without costly and
time consuming re-design cycles, can be achieved only by using
an efficient design methodology that allows for component
re-use and evaluation of platform requirements at the early
stages of the design flow. In this paper, we illustrate a control-
implementation design methodology for the development of
embedded controllers by composition of algorithms picked
up from libraries. Randomized algorithms and hybrid system
theory are used to develop techniques for functional and
architecture evaluations, which are implemented in a prototype
tool.

I. I NTRODUCTION

Today, to meet increasing customers’ expectations, car
manufactures have to renew their products more frequently,
reducing the design cycle and introducing innovation in
each renewal, while keeping costs affordable. Most of
the renewals require either significant extensions of the
functionalities of automotive controllers or the introduction
of ones. In fact, today 80% of car innovation is in electronic
components. Hence, the pressure of competitiveness on
automotive embedded systems design is extremely high.
Successful designs, in which costly and time consuming
re-design cycles are avoided, can only be achieved using
efficient design methodologies that allow for component
re-use and evaluation of platform requirements at the early
stages of the design flow.
In [1] and [2] the authors proposed a general methodology to
bridge the gap between functional design and implementation
of embedded control systems. The proposed design
methodology is based on the principles ofplatform-based
design described in [3]. A platform, in this context, is
a layer of abstraction that hides theunnecessarydetails
of the underlying implementation and yet carries enough
information about the layers below to prevent design
iterations. The application of the methodology presented
in [2] to the design of an engine control unit (ECU) for
motorcycles was first described in [4]. In the proposed
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approach, an integrated control-implementation design
approach allows the designer to evaluate how closed–loop
performance and robustness of a given control algorithm are
affected by the implementation, which is represented in an
abstract form. The importance of developing efficient design
approaches for the top layers of the design flow is due to
the fact that most of the critical design choices are taken
in the early stages of the design flow and missteps in these
stages produce costly and time consuming re-design cycles.
Efficient re–use of components is essential to meet the tight
constraints on development time and cost and should be
fostered at all levels of the design flow. To support re–use at
the functional layer, it is necessary to develop methodologies
and tools that allow evaluation of “off the shelf” control
algorithms, available from previous product developments,
with respect to the customer requirements for the design at
hand. Often, if direct re–use is not possible, requirements
can be met with minor re–designs. The architecture of
control algorithms should be conceived is such a way to
maximize re–use, by choosing the correct granularity of
partitioning for instance.
In this paper, we refine the design methodology proposed
in [4] and present a prototype tool, denominated InterCIDe,
that supports re–use in the design of automotive embedded
systems. InterCIDe is written in Matlab and employs
the modelling facilities of Simulink and Stateflow. It is
conceived to support functional and architectural exploration
for the development of embedded controllers by composition
of algorithms picked up from libraries. InterCIDe allows
the designer to formally describe the architecture of the
control system and the requirements for each control
algorithm, as well as to automatically evaluate different
control algorithms and different HW/SW implementations,
characterized in an abstract form. The procedures developed
for functional and architecture evaluations are based on
randomized techniques and hybrid system techniques. More
precisely, performance criteria are tested for the control
algorithms over parameters spaces both via randomized
algorithms, i.e. letting the parameters vary according to a
given probability distributions, and stochastic algorithms,
i.e. letting the parameters evolve in time according to a
random coefficient stochastic differential equation.
The collaboration with Magneti Marelli Powertrain



Fig. 1. Upper part of the platform stack.

(Bologna, Italy) was fecund for the definition of the tool
specifications.
The rest of the paper is organized as follows. In Section II,
we briefly recall the main concepts of platform–based
design. In Section III, we present randomized and stochastic
algorithms developed for functional and architecture
explorations, giving an explicit example. Then, the tool
InterCIDe and an application to ECU design are described in
Section IV and in Section V, respectively. Some concluding
remarks are given in Section VI.

II. PLATFORM-BASED DESIGN METHODOLOGY

The basic tenets of the Platform-based Design Methodol-
ogy as exposed in [3] are:

• Regarding design as a “meet-in-the-middle process” where
successive refinements of specifications meet with abstrac-
tions of potential implementations;
• The identification of precisely defined layers where the
refinement and abstraction process take place.

These layers support designs built upon them allowing the
designer to be freed from lower-level details but letting
enough information transpire about lower levels of abstrac-
tion to allow design space exploration with a fairly accurate
prediction of the properties of the final implementation. The
information should be incorporated in appropriate param-
eters that annotate design choices at the present layer of
abstraction. These layers of abstraction are calledplatforms.
A platform is defined to bean abstraction layer in the
design flow that facilitates a number of possible refinements
into a subsequent abstraction layer (platform) in the design
flow. The abstraction layer contains several possible design
solutions, but limits the design exploration space. During
the design process, at every step we choose aplatform
instancein the platform space. Every pair of platforms, the
tools and methods that are used to map the upper layer
of abstraction into the lower level one is aplatform stack.
Key to the application of the design principle is the careful
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Fig. 2. Functional decomposition.

definition of the platform layers. Some layers are more
important than others in the overall design trade-off space.
In particular, the articulation point between functional design
and implementation is a critical one for design quality and
time.

In the platform-based design paradigm, the effects of the
actual implementation is represented by an abstract model
characterized by idealized parameters. Each choice of these
parameters identifies an implementation platform. In this
view, control design is a platform mapping with as many
implementation details as exposed by the implementation
platform.

A schematic view of the upper part of the design flow
for ECUs in automotive applications is shown in Fig. 1. The
design process includes: formalization of system specifica-
tions, functional decomposition and deployment, controller
algorithm design and modeling of abstractions of potential
implementations.

A. From System Specification to Functional Decomposition

To tackle complexity, the system is decomposed into a
number of interacting simpler sub-systems, calledfunctions.
The decomposition is based on the understanding of the
physical process of interest. This first stage is clearly a
key step towards a good quality design, since it leads to
a design process that can be carried out as independently
as possible for each component (see [1] for more details).
By the decomposition process, the objectives and constraints
that define the system specification are distributed among the
components, so that the composition of the behaviors of the
components, made feasible and possibly optimal with their
own constraints and cost functions, is guaranteed to meet
the constraints and the objectives of the overall controlled
system.

1) Functional platform: In our methodology, this design
step represents a first refinement of the system specifications
into a platform abstraction capturing a structure of the
implementation. For engine control, we model the platform
at this layer with eight main functions, as described in Fig. 2
(see [1]). Since, in general, it is difficult to decompose the
system into independent parts, the determination of the local
objectives and constraints has to be the result of a careful
trade-off between the desire of optimality at the global level
and the ease of design for each component.

2) Functional refinement:The mapping of system speci-
fication to the platform model (previously described) defines
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the behavior for each functional component. This refinement
can be cast into the classical robust control representation
depicted in Fig. 3, where the controller represents the be-
havior of the function under design and the plant represents
the remaining part of the system (plant plus other functions).
Furthermore,d models measurable and unmeasurable dis-
turbances to be rejected,v denotes reference signals and
commands,w stands for feedforward and feedback signals,
u represents the control inputs andy denotes the system
outputs.

The behavior of the function is represented by a functional
specification defined in terms of a numberN of inequalities
of the type:

J̄i (Ji{y}|x∈Xi) ≤ 0 for i = 1 . . . N (1)

where:

• the system of inequalities may be related to different
operating modes of the system and – possibly – different
requirements for each operating mode;

• Ji : Yi → R is a functional measuring the perfor-
mance of the controlled system on a particular evolution
x ∈ Xi and the operatorJ̄i(·) collects the overall
performances inXi;

• x denotes the state of the plant, andXi is the family of
system evolutions of interest1;

• y denotes the system outputs on which the functional
is applied andYi is the family of output evolutions.

B. From Functional Decomposition to Control Strategies

As represented in Fig. 1, the next step in the design flow
consists of a refinement of the functional decomposition
obtained in the previous step into a set of control strategies
using given control platforms.

1) Control platforms:On the basis of a model of the plant
interacting with the functional component, a set of candidate
control strategies are devised for each function. Different
control strategies are conceived to allow for exploration of
different solutions. These strategies correspond to different
choices of physical variables ind, u, w andv, and different
algorithms. Therefore, the platforms at the control strategies
layer are described by

• a numberR of different controller structures;

1Which may depend on uncertain and time-varying parameters, as well
as initial and final conditions.

• a set Xr
C of control parametersfor each controller

structurer ∈ {1, . . . , R}.
2) Control refinement:A particular control strategy, re-

sulting from the mapping of a functional solution into
a control platform, is identified by selecting a controller
structure and an admissible value for the control parameters.
Let ỹ and x̃ respectively denote the representation in the
given model of the physical variablesy andx. The functional
specification (1) is guaranteed for a control structurer,
control parametersc, and a given plant model if

J̄i (Ji{y}|x∈Xi
) ≤ J̄i (Ji{ỹ(r, c)}|x̃∈Xi

)
≡ Ji(r, c) ≤ 0 for i = 1 . . . N . (2)

Note that, whileJi{·} is a functional that is applied to the
system outputs,Ji : {1, . . . , R} ×Xr

C → R is a function of
the controller structures and control parameters. To guarantee
system specification (1), the model that producesỹ(r, c) has
be conservative w.r.t. functionalsJi{·}.

C. From Control Strategies to Implementation Abstract
Model

Finally, referring again to Fig. 1, we describe the third step
of the methodology in which control strategies are refined in
an implementation abstract model.

1) Implementation platforms:The essential issue for rep-
resenting implementation platforms in an abstract way is
to determine the effect of implementation platforms on the
controlled system performances. Accuracy of measurements
and actuations, and how to represent the fact that computa-
tion and communication take time and may be affected by
errors are important in this respect. The main effects of a
particular implementation on the behavior of the controlled
system must be carefully classified and characterized.

They can be represented in terms of perturbations on
the controller input/output channels, as illustrated in Fig. 4.
Disturbancesnu, nw, nr and blocks∆u, ∆w, ∆r represent,
respectively, value and time domains perturbations due to the
implementation and acting on the control inputsu, feedback
outputsw and reference signalsv. Depending on the selected
platform, these perturbations can be represented by different
models and characterized by abstract parametersp. A set of
implementation platforms with the corresponding exported
parameters is defined by:

• a numberS of different platform structures;
• a set of parametersXs

P for each platform structures ∈
{1, . . . , S};

• a set of platform constraints2

Jv(s, p) ≤ 0, for v = 1 . . . V . (3)

For a given platform structures ∈ {1, . . . , S}, elementsp ∈
Xs

P are referred to as theplatform parameters.

2Typically, the schedulability and latency constraints are added.
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Fig. 4. Abstract representation of the effects of implementation non–
idealities.

2) Implementation abstract model refinement:In the con-
trol parameters and platform parameters product space, fea-
sible mappings are given by the set

U = {(r, c, s, p) | r ∈ {1, . . . R}, c ∈ Xr
C ,

s ∈ {1, . . . S}, p ∈ Xs
P , such that

Ji(r, c, s, p) ≤ 0, for i = 1 . . . N + V } (4)

where Ji include both conservative expressions for (2),
including the effects of the implementation platform modeled
by (s, r), and the platform constraints (3).

The best implementation platform, among those described
by parameters inside the setU in (4), can be selected by
introducing a suitable objective function, representing an
estimation of the implementation cost to be minimized. It
is often the case that the cost model depends only on a
subset of the parameters. The parameters belonging to the
orthogonal space can be abstracted away. A very powerful
method for the abstraction of non–relevant parameters is the
use of formulas with existence and universal quantifiers.

As an example, consider a PI controller with gainsKP

andKI designed to control the speed of a crankshaft, with
nominal inertiaJ and inertial uncertaintyδJ . ParametersKP ,
KI , J, andδJ can be abstracted using the following formula:

∀J ∃ KP , KI ∀ δJ (ĉ, J,KP ,KI , δJ , p̂) ∈ U , (5)

where ĉ and p̂ are other control and platform parameters.
By applying quantifier elimination to (5), the exploration is
reduced to the subspace(ĉ, p̂), where the cost modelH(ĉ, p̂)
is defined. In [2], the use offlexibility

functions as cost models was proposed. The underlining
idea is to guide the exploration towards parameters that can
be easily achieved by platforms at lower levels of abstraction.
In this way, the risk of expensive design cycles that span
several platforms is minimized and a better platform choice
is offered while approaching the implementation level.

III. R ANDOMIZED ALGORITHMS

The determination of feasible maps (4), in the control
parameters and platform parameters spaces, happens to be an
hard task, which in many real cases is not affordable by de-
terministic robust control methods. The high computational
complexity is a common phenomenon in the determination
of feasible regions in robust control, see [5], that motivated

the use of Randomized Algorithms as a general tool [6], [7].
In our case, this issue is even more delicate because of the
hybrid and nonlinear nature of the involved control systems.
For a fixed controller structurēr and platform structurēs,
the problem boils down to a performance indices verification
of the type:

Ji(r̄, c, s̄, p) ≤ 0, i = 1, . . . , N + V,

for c, p varying in the appropriate spacesX r̄
C , X s̄

P .
In Randomized Algorithms the exploration of the feasible
region in the parameters space is operated choosing the
sampling according to assigned probability distribution func-
tions c̃ : Ω 7→ X r̄

C , p̃ : Ω 7→ X s̄
P , whereΩ is the event

space. It is natural to assume that such functions are of the
known types as Gaussian, Poisson or other. This method
permits to conduct an efficient exploration, while keeping
the computational costs at an acceptable level.
However, the corresponding probability distribution func-
tions (briefly pdfs) of the indicesJi happen to be quite
scattered reflecting the choice of parameters which are fixed,
once sampled, and do not vary as the control system evolves
in time. For example, in the idle control problem the level
of the battery is a parameter which is expected to have a
prescribed mean value. The use of this resource by many of
the car components leads to a stochastic behavior whose as-
sociated distribution is expected to be normal. The sampling
method of a Randomized Algorithm chooses a value in the
parameter space which is kept fixed as the system evolves:
such choice represents a battery having a regime level which
is not the expected one (probably due to a battery production
failure). The resulting pdfs of the performance indices may
thus be not satisfactory.
Moreover, even if the battery is perfectly performing, the
level at a certain instant of time may be different from the
average and this behavior is better represented by a stochastic
evolution. Hence, beside the implementation of Random
Algorithms, we propose the use of stochastic processes to
model parameters evolution. From mathematical point of
view this amounts to simulate the solutions to a random
coefficients stochastic differential equation:

dp = g(t, p, ω) + τ(t, p, ω)dW

whereω ∈ Ω and, as usual,W is a standard Brownian motion
(and a similar equation forc). The necessity of modelling the
parameters behavior with random coefficients comes from
the need of keeping the parameters in a given bounded set,
e.g. X s̄

P , while maintaining the typical feature of a noise
signal, see the example below and [8].
Example: FILM control system.
The control algorithm we consider is in charge of compen-
sating the evaporation of the fuel puddle, which affects the
amount of fuel entering the cylinder during intake. The fuel
puddle is produced by the condensation of the injected fuel
in the intake runner, on the wall in front of the injector. The
aim is to apply both randomized algorithms and stochastic
processes to determine the sensitivity of the given control
system with respect to the parameters changes as a first step



for determination of feasible regions.
The fuel puddle phenomena is usually modelled by the
mean–value model{

ṁv = 1
τ m1 + (1− χ)q

ṁ1 = − 1
τ m1 + χq

(6)

where mv is the mass of vaporized fuel,m1 is the mass
of the fuel puddle andq is the injected fuel flow rate. The
evaporation time constantτ and the condensation coefficient
χ ∈ (0, 1) depend on the engine temperatureTe and
such dependence is compensated by the FILM algorithm.
The uncertainties on the expressionsτ(Te) and χ(Te) are
represented in the plant model respectively by additive
disturbancesδp

τ andδp
χ. The computation ofτ(Te) andχ(Te)

in the implementation of the FILM algorithm is affected by
errors due to the implementation platform bounded precision,
modelled as additive disturbancesδc

τ andδc
χ.

We setJ(r̄, c, s̄, p) = |errmbenzT |, the error in the mass of
vaporized fuel, and want to bound it byε = 0.2. In order to
check the sensitivity of the system (6) the following indices
are determined:

1) Dependence (in percentage) ofJ(r̄, c, s̄, p) on a given
parameter̄p

d =
100 maxp̄∈[pl,pr ]{maxσ∈Σ J(r̄,c,s̄,p)−minσ∈Σ J(r̄,c,s̄,p)}

E[J(r̄,c,s̄,p)] ,
(7)

where [pl, pr] is the range ofp̄ and Σ is the set of
samples. (The same definition for givenc̄.)

2) Probability that fulfilment of the performance criterion
depends on a given parameter

P =
∑

σ∈Σ 4y(1− y)
#Σ

(8)

where y = P (maxσ∈Σ J(r̄, c, s̄, p) ≤ ε) and #
denotes the cardinality.

We perform two stages: on thefirst stagewe let all the
parameters be constant except the chosen one, which evolves
inside the range[pl, pr] as

p(t, ω) = G(W (t))

whereG(t, x) = pr−pl

π arctanx + pr−pl

2 . This corresponds
to the solution to the stochastic differential equation

{
dp = g(t, p, ω)dt + τ(t, p, ω)dW (t)
p(0, ω) = 0,

where (see [8], [9] for details)

g(t, p, ω) = (pl−pr)W (t)
π(1+W 2(t))2 , τ(t, p, ω) = pr−pl

π(1+W 2(t)) .

We then computed andP and, ifd ≤ 50 andP = 0, we pass
to the next stage. At thesecond stagethe other parameters
are assumed to be random variables chosen according to
G(N(0, t)), whereN(0, t) denotes normal distribution. The
maxima ofd and P are computed over40 samples for the
other parameters.
For both stages the range[pr, pu] is divided into10 small
intervals, p(0, ω) is set to be center of the small interval
and50 samples are produced for the time horizonT = 20.

TABLE I

SENSITIVITY OF FILM CONTROL SYSTEM.

parameter stage I stage II

mc ∈ [−1; 1]
d = 40.53
P = 0

d = 42.08
P = 0.84

effpla ∈ [−0.1; 0.1]
d = 207.23
P = 0.88

-

effasp ∈ [−0.1; 0.1]
d = 276.81
P = 0.80

-

δp
τ ∈ [−0.05; 0.05]

d = 6.26
P = 0

d = 6.53
P = 0

δc
τ ∈ [−0.05; 0.05]

d = 9.03
P = 0

d = 5.32
P = 0

δp
χ ∈ [−0.05; 0.05]

d = 3.99
P = 0

d = 9.89
P = 0

δc
χ ∈ [−0.05; 0.05]

d = 11.90
P = 0

d = 10.80
P = 0

In order to execute the first stage, the constant values of
parameters are:δc

τ = 0.025, δp
τ = 0.025, δc

χ = 0.025,
δp
χ = 0.025, mc = 0.05, effpla = 0.05, effasp = 0.05.

Table (I) collects numerical results: it is worth observing that
effpla andeffasp influence the system the most, in fact the
fulfilment of the performance criterion strongly depends on
these parameters. On the contrary,J(r̄, c, s̄, p) depends only
slightly on δc

τ , δp
τ , δc

χ andδp
χ.

Fig. 5. Main window for the description of control algorithms and plants.

IV. I NTERCIDE

In this section, we present the tool InterCIDe that has been
developed to support the integrated control–implementation
design methodology presented in Section II and implements
the randomized algorithms described in Section III. Inter-
CIDe is developed in Matlab, uses the modeling facilities of



Simulink and Stateflow, and employs the Matlab Statistic
Toolbox for the implementation of statistic functions. In-
terCIDe allows the designer to compose the set of control
algorithms in each functional component by extracting them
from libraries of existing solutions. Figure 5 reports the
main window for the introduction and selection of control
algorithms.
According to the methodology described in Section II,
each candidate control algorithm is parametrized, in terms
of control parameters and implementation parameters. The
exploration between the candidate control algorithms is per-
formed in the control parameters and implementation param-
eters space. Efficiency of the parameter space exploration
is fundamental for the successful of the approach. Ran-
domized algorithms allow to achieve accurate exploration
within reasonable computation times. For each sample of
control parameters and implementation parameters, the tool
evaluates whether or not the assigned closed–loop

specifications are met. InterCIDe performs a random
screening of the parameter space, labelling each sample, ei-
thergoodor bad, according to fulfillment of the specification.
In a first stage, the control algorithm is functionally tested,
screening the control parameter space. If the tool succeeds in
finding a big enough region containinggoodsamples, then,
in a second stage, implementation details are modelled in
an abstract way and the screening proceeds including the
implementation parameter space.

Next, quantifier elimination is applied to project the results
in the subspace where the estimation model for the imple-
mentation cost is defined. Quantifier elimination has been
implemented using a griding method. By means of quantifier
elimination, the samples are projected in the cost model
parameter subspace. Then, the convex polyhedraPgoodand
Pbad are produced by computing the convex hull of the
subsets ofgood and bad samples, respectively. The subset
of parameter values for which the specification is assumed
to hold is given by the (non–convex, in general) polyhedron
Pgood\ Pbad. Subsequently, the cost parameter subspaces
of all control algorithms to be implemented in the electronic
control unit are composed and the setPecu is defined
by composing the setsPgood \ Pbad obtained for each
control algorithm. Hence, the point corresponding to the
minimum cost, according to the given cost model, in the
setPecu is obtained by an optimization algorithm. Finally,
optimal values – maximizing robustness – for the remaining
parameters of each control algorithm abstracted away by the
quantifier elimination are selected.

V. A PPLICATION

The description of an entire chain of control algorithms
for fuel injection in a motorcycle application had been
introduced in InterCIDe. For each control algorithm, desired
closed–loop specification, and functional and implementation
models had been described using the tool according to design
methodology presented in Section II. Using the randomized
algorithms implemented in InterCIDe, control and imple-
mentation parameter screening has been performed for each

control algorithm. Then, quantifier elimination is applied to
project the results of the exploration in the subspace of sam-
pling frequencyFi and latencyLi parameters. The sampling
frequency and latency subspaces of all control algorithms
are composed in the space(Fi × Li)m and constraints on
maximal latency and CPU utilization are introduced. The
latter is defined as follows:

Jv(Wi, Fi, Ucpu) =
m∑

i=1

WiFi − Ucpu ≤ 0

whereWi andFi are, respectively, the worst case execution
time and the execution frequency of thei–th algorithm, and
Ucpu is the maximal CPU utilization.

It was obtained that the feasible set in the(Fi×Li)m was
not empty. Then, the CPU utilizationJv(Wi, Fi, Ucpu) was
used as cost model to be minimized.

Fig. 6. GTIT control algorithm.

Fig. 7. GTIT plant model.

As an example, we report the result obtained for the GTIT
algorithm, which is designed for air–to–fuel ratio control.
The GTIT algorithm produces desired air–to–fuel ratio cor-
rections, on the basis of the feedback from the ON/OFF
lambda sensor. The specification is to keep the mean–value
of the air–to–fuel ratio close to the stoichiometric value. The
GTIT algorithm is depicted in Figure 6. The plant model,
described in Figure 7, includes closed–loop models for the
subsystems interacting with the GTIT algorithm, namely the
TIT and BINJ subsystems.

The control parameters are: the sampling frequency, the
latency, the

upper and lower saturation limits. Each parameter is
represented as follows:

pi = (1 + δi)Pi10Qi

wherePi and Qi are constant andδi is random. Figure 8
reports the setPgood\ Pbad for the GTIT algorithm. This
set is defined in the sampling frequency and latency subspace
and is obtained by abstracting away the upper and lower
saturation limits, using quantifier elimination. The GTIT set
Pgood\Pbad in Figure 8, composed with the corresponding
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Fig. 8. Implementation parameters projection.

ones obtained for the other control algorithms, defines set
Pecu on which the optimal solution that minimizes CPU
utilization is searched for.

VI. CONCLUSIONS

A control-implementation design methodology for the
development of embedded controllers in the automotive in-
dustry has been presented. The proposed methodology allows
the designers to reduce the development cost by maximizing
re–use of algorithms available from previous designs. The
methodology is supported by the prototype tool InterCIDe
that allows automatic validation of functional and archi-
tecture solutions. The validation techniques implemented in
InterCIDe are based on randomized and stochastic algorithms
and hybrid system theory.
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