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Abstract— Multiobjective optimisation techniques have shown to be a valuable tool for control engineering
systems. Such techniques offer a suitable framework in order to analyse benefits and drawbacks of a given control
structure in an overall sense, by analysing trade-off surface. Recently, design concepts comparison have been used
in control systems in order to compare different controller structures. Nevertheless, to compare a control structure
and its Pareto front under different circumstances, as the ones that arise working on multimodel control systems,
might need a different approach. In this work, given a multimodel system we pose the following question: How
much will the performance degrade of a Pareto optimal controller of the model subsystem A, if it undergoes a
performance test in the model subsystem B?. In order to answer such question in a multicriteria decision making,

we introduce the idea of work scenario concepts comparison.
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1 Introduction

Recently Multiobjective Optimisation (MOO)
techniques have shown to be a wvaluable tool
for controller tuning applications (Reynoso-Meza
et al., 2014; Meza et al., 2016). They enable the
designer or decision maker (DM) having a close
embedment into the tuning process since it is pos-
sible to take into account each design objective
individually; they also enable comparing design
alternatives (i.e. different controllers), in order
to select a tuning fulfilling the expected trade-off
among conflicting objectives.

In this context, it has shown to be an in-
teresting idea to compare different Pareto fronts;
for controller tuning applications it is a useful
way to evaluate different ways which solve the
Multi-objective problem (MOP) at hand (Meza
et al., 2016). That is, when different controller
structures (or design concepts) are applied in a
control loop. Therefore, the overall trade-off sur-
face is analysed in order to appreciate benefits and
drawbacks for each design concept (Mattson and
Messac, 2005).

Nevertheless, Pareto front comparison might
be required under different circumstances, beyond
the design concepts comparison. In the con-
troller tuning context, the main question posed
for a design concept comparison is: Which con-
troller structure is more appropriated, given its
trade-off surface?. In spite of the usefulness of
such analysis, a different one might be needed
for different circumstances. For example, the
multimodel framework approach (Adeniran and
El Ferik, 2017; El Ferik and Adeniran, 2017) for
nonlinear systems have shown to be a powerful
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control tool for complex processes. Main idea is to
decompose the nonlinear model in subsystems, in
order to facilitate its analysis and control. In this
work, given a multimodel system we pose the fol-
lowing question: How much will the performance
degrade of a Pareto optimal controller of the model
subsystem A, if it undergoes a performance test in
the model subsystem B?.

To answer such a question in a multicrite-
ria framework, we introduce the idea of work
scenario concepts comparison and a basic
methodology to carry on with such a task. This
kind of analysis might be useful for systems with
steady state multiplicities, time varying systems,
and systems with variable dynamics. The remain-
der of this work is as follows: firstly in Section 2 it
is presented a brief background on MOO and de-
sign concepts comparison. Afterwards, is Section
3 the idea of work scenario concepts is introduced
and a minimal methodology is presented, which is
validated in Section 4. Finally, some conclusions
are given as well as future research on the topic.

2 Background

In order to describe the tuning approach of this
paper, some preliminaries on controller tuning,
multiobjective optimisation and design concepts
comparison are needed.
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Figure 1: Basic control loop.
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Figure 2: Pareto optimality and dominance concepts for a min-min MOP. Dark solutions are non-
dominated solutions which approximate (solid line) the Pareto front (dotted line) in the objective space

J.

2.1 Controller tuning as a multiobjective prob-

lem

A basic control loop is depicted in Figure It
comprises transfer functions P(s) and C(s) of a
process and a controller respectively. The objec-
tive of this control loop is to keep the desired out-
put Y(s) of the process P(s) in the desired refer-
ence R(s).

The control problem consists in selecting ade-
quate parameters of the proposed controller C(s)
in order to achieve a desirable performance of the
process P(s) in the control loop as well as robust
stability margins. As commented by (Garpinger
et al., 2014), conflictive objectives may appear,
when seeking a good performance and a desirable
robustness level; for this reason, MOO techniques
could be appealing for controller tuning.

2.2  Multiobjective optimisation

As referred in (Miettinen, 1998), a MOP with m
objectived'] can be stated as follows:

minJ(@) = (L@ Ju@)] (1)
subject to:
K@) < 0 (2)
L(x) = 0 (3)
where ® = [z1,29,...,2,] is defined as the

decision vector with dim(x) = n; J(x) as the ob-
jective vector and K (x), L(x) as the inequality

A maximisation problem can be converted to a min-
imisation problem. For each of the objectives that
have to be maximised, the transformation: max J;(x) =
—min(—J;(x)) could be applied.
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and equality constraint vectors respectively; x;, Z;
are the lower and the upper bounds in the decision
space.

It has been noticed that there is not a single
solution in MOPs, because there is not generally
a better solution in all the objectives. Therefore,
a set of solutions, the Pareto set Xp, is defined.
Each solution in the Pareto set defines an objec-
tive vector in the Pareto front Jp (See Figure [2)).
All the solutions in the Pareto front are a set of
Pareto optimal and non-dominated solutions:

e Pareto optimality (Miettinen, 1998): An ob-
jective vector J (') is Pareto optimal if there
is not another objective vector J(x?) such
that J;(x?) < J;(x!) for all i € [1,2,...,m]
and J;(x?) < Jj(x') for at least one j,
jelL2,...,m].

Dominance (Coello and Lamont, 2004): An
objective vector J(x!) is dominated by an-
other objective vector J(z?) iff J;(x?
Ji(z') for all i € [1,2,...,m] and J;(z?)
Ji(z') for at least one j, j € [1,2,...,m].
This is denoted as J(x2) < J(x1).

<
<

It is important to notice that most of the
times we rely only in Pareto front and set approx-
imations, Jp, X 5.

2.8 Design concepts and Pareto front compari-
son

In (Mattson and Messac, 2005), some refinement
is incorporated into the Pareto front notion in
order to differentiate design concepts. A Pareto
front is defined given a design concept (or sim-
ply, a concept) that is an idea about how to
solve a given MOP. In a control context, such
design concepts are related to different controller
structures (Reynoso-Meza et al., 2013; Hajiloo



XIIT Simposio Brasileiro de Automacao Inteligente

Jo()

017!
e Porto Alegre — RS, 12 — 4 de Outubro de 2017
FX—T frX g
=1 X X'
x; x')
QR X” QR’\] , Xo
x”l xl}]
X [ X

Figure 3: Graphical representation of design concepts.

et al., 2012; Meza et al., 2016) or pairing proposal
(Herrero et al., 2017), for example.

In Figure[3|this idea is illustrated. Four design
concepts X, X', X", X° are defined for a specific
bi-objective MOP and a Pareto front has been ap-
proximated for each one of them. With the visual
comparison between them, it is possible to notice
the three classical relations among Pareto fronts:

Partial dominance: If we compare Jp x and
Jp x> the former dominates a given region,
but it is dominated in other.

Total Dominance: Jg, ., is fully dominated

P
* *
by Jp x and Jp .
No dominance relation: Jg . is in a trade-
. ’ . .
off region where no other approximation ex-
ists.

3 Proposal for multimodel systems: work
scenario concepts comparison

As seen in Figure [3] the original idea for Pareto
fronts comparison is to evaluate different ways
which solve the MOP at hand. Therefore, the
overall trade-off surface is analysed in order to
appreciate benefits and drawbacks on each design
concept.

Nevertheless, it might happen that this com-
parison undergoes in other scenarios. For exam-
ple, assume that a single design concept is evalu-
ated, but there are different ways to be mapped
into the objective space (see Figure. This might
be the case where a design is evaluated under dif-
ferent conditions or in a different subsystem. For
example, it could be parameters associated for
a tire design, and their performance under sea-
sonal scenarios; or parameters of a given control
structure, working in different steady regions of a
given process. The latter is the motivation of this
work: How much will the performance degrade of
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a Pareto optimal controller of the model subsys-
tem A, if it undergoes a performance test in the
model subsystem B?.

Thus, the main idea is to measure perfor-
mance degradation of a solution evaluated in a
different work scenario. Such degradation will be
measured according to the Pareto front approxi-
mated for such an unfamiliar scenario. Since it
is expected to obtain a dominated solution, a dis-
tance measure will be evaluated. Here, we propose
the e-indicator, I, (Zitzler et al., 2003). This in-
dicator shows the factor I.(Jp;, Jp;) by which a
set, Jp,, is worse than another, Jj‘;j, with respect
to all the objectives.

The binary e-indicator I.(Jp,,Jp,) (Zitzler
et al., 2003) for two Pareto front approximations
Jp,, Jp, is defined as:

LU Th) = s, 3@ T) (O
where
e(J(@'),Jp) = min e(J(x'), (@) (6)
K J(zi)ed;

The binary indicator Ic(Jp;, Jp;) has been
developed to compare Pareto front approxima-
tions. As we are interested in the degraded per-
formance of each one of the Pareto solutions of a
given approximation when compared with other,
we will use the e factor e(J(x/), Jp,) of Equation

In Algorithm 1 a minimal methodology is
exposed. First at all, it is necessary to define
main work scenario W.Sy,. This is possible since
for control systems, control engineer has an idea
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Figure 4: Graphical representation of work scenario concepts.
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Algorithm 1: Basic methodology for work
scenario concepts comparison

input: L work scenarios for comparison
1 Select Main Work Scenario WSy ;
2 Define Auxiliary Work Scenarios
WSa;#WSuVi,i=11,...,L—1];
3 Compute Main Pareto front and set
approzimations Jp nr, Xp pp for WS
4 for i=i:L do
Compute an auxiliary Pareto front and
set approximations Jp 4;, Xp 4, for
each WS54,;.
end
for Fach decision vector € Xpr do
for i=1:L do

Figure 5: Multiobjetive optimisation for both
work scenarios.

about the most convenient region to operate the
system. Remainder scenarios will be named as ad-
ditional WS 4. Then a Pareto front approximation
is computed for each one of the work scenarios;
afterwards, Pareto set solutions of the WSy, will
be evaluated within the WS 4. Resulting objec-
tive vectors are expected to be have some prox-
imity to the Pareto front of this WS4. In or-
der to evaluate their closeness, the epsilon factor
e(J(a:M),JI’S’A) will be used. This information
about closeness will indicate which Pareto opti-
mal solutions from WS), are more probable to
belong to the other Pareto front approximations,
in the additional work scenarios. Lastly, such in-
formation could be merge in a decision making
methodology or tool.

4 Proposal validation

It will be used the benchmark control problem
used in the Jornadas de Automdtica in 2009.
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10
11
12

Compute objective vector Jar—s4,i
in WS4,

end

end

for Fach performance vector j € Jyr— a4
do

13 Calculate a proximity indicator Ipr— 4
to each Ja,; with Equation @
14 end

15 Integrate such information into a
visualization technique.

It represents a non-linear model with different
subsystems, according to its operational zone.
Three work scenarios are detected: damped, un-
derdamped and unstable. A description of such
benchmark and a solution with multiobjective
techniques can be consulted by interested readers
in (Reynoso-Meza et al., 2009).

We will focus on the identified models from
the same reference for the damped and under-
damped regions:

55.66

P(s) = 3 isss r 101 (8)
38.81

Py(s) = 9)

s2 4 1.83s+3.96
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phase margins, Gm and Pm respectively.

Jsi(x) = SettlingTimeggy[s] (10)
Jam-1(x) = —GmldB] (11)
Jpm-1(x) = —Pmldegrees] (12)

Therefore, the following optimisation (min-
imisation) statement is defined:
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(a) Pareto front approximation
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Figure 6: Visualisation of the WSy, with infor-
mation about the closeness to the WS 4.

For both of them a time delay of 0.1 [s] has
been included.

4.1  Multiobjetive optimisation

The MOP stated in (Reynoso-Meza et al., 2016)
will be used. Decision variables for the opti-
misation statement are proportional gain, inte-
gral time and derivative time of a PID controller:
x = [ky,Tr,Tp]. A total of three design objec-
tives will be stated: one related to performance
and two related with robustness. In the first case,
the settling time St[s] for a step response will be
used; in the latter case, the negativeﬂ of gain and

2in order to use an overall minimisation problem state-

ment.
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m:gn J(.’B) = [Jst(ic), *JGm(m)v *JPm(m)] (13)

subject to:
kp € [kp, kp] = [0.01,5.0]
Tr €1y, Ty) = [0.00,20.0]
Tp € [Tp,Tp]=[0.00,20.0]

Last constraint is known as pertinency bounds
in the objective space, in order to guarantee prac-
tical and reasonable controllers in the approxi-
mated Pareto front. In order to state such per-
tinency bounds, an idea on the tolerable value on
design objectives is required. In every instance, in-
ternal stability of the closed loop is also included
as constraint.

In Figure [5| the approximated Pareto fronts
and set are depicted, for each one of the work sce-
narios. As it can be noticed, trade-off surface is
different in each instance. Furthermore, the fea-
sible and pertinent set differs, according to the
different dynamics of the system. A straightfor-
ward comparison it is not possible; therefore the
proposal is presented next.

4.2 Work concepts comparison

As main work scenario, the Pareto front II Jp ;7
is selected. Methodology exposed in the last sec-
tion is carried out and the results are depicted in
Figure [f] The darker the solutions, the closer to
the additional Pareto front approximation Jp ;.
Light solutions are solution which are not feasible
in the auxiliary working scenario.

According to Equation @ The closer to 1, the
most probable that a solution from main work sce-
nario might belong to the Pareto front approxima-
tion of the auxiliary work scenario. For example
in Figure[6] the solution @ = [14.39, —23.87, —123]
has a e(J (x!1), Jp ;) value of 0.98 and the solution
x = [6.594, —46.95, —87.61,] has a value of 0.88.
The former is a solution closer to the Pareto front
approximation of the auxiliary working scenario;
such value means that it needs an overall improve-
ment of 2% in order to avoid being dominated by
the auxiliary working scenario. The latter on the



other hand is a solution which need an overall im-
provement of 12% in order to avoid the dominance
relation. Therefore, such visualisation and infor-
mation might be used by the decision maker, in
order to ponder if a solution with a given trade-
off might be used in the event that the system
would move to the other working scenario.

5 Conclusions and future work

Comparing Pareto fronts is a useful tool in order
to evaluate the overall benefits and drawbacks of a
given solution. While most of the times emphasis
on design concepts have been made, here we use
the complementary idea of work scenario concepts
comparison.

With the provided example, it is possible to
compare how close of the Pareto front approxima-
tion of an auxiliary working scenario a solutions
is. This is an alternative tool to performing a big-
ger MOO process for a many-objectives optimisa-
tion instance. Further work will focus on exam-
ples with more auxiliary work scenarios, as well
as with other visualization approaches. Besides,
new measures in order to indicate the closeness of
a solution to the additional Pareto front might be
useful for DM.
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