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Abstract— We present a systematic and flexible method for tuning model predictive controllers (MPC) based
on an optimization formulation appropriate for on-line application. It aims to obtain not only a better perfor-
mance for the controlled variables but also lower control efforts for the manipulated variables. Its implementation
is divided into two steps, (i) monitoring, responsible to observe the control system behavior, and (ii) tuning, in
which the parameters are evaluated to meet the desired criteria. The proposed method was tested with an infinite
horizon MPC controller and compared with other on-line tuning approach based on a fuzzy inference system.
The results show that the application of the proposed method is capable of yielding the overall performance of
the plant, improving the performance of the controlled variables with less control energy.

Keywords— Process control, Online tuning, Model Predictive Control

Resumo— Apresentamos um método sistemático e flex́ıvel de ajuste de modelos de controladores preditivos
(MPC) com base em uma formulação de otimização com aplicação on-line, visando obter não apenas melhor
desempenho para as variáveis controladas, mas também menores esforços de controle. Sua implementação é
dividida em duas etapas, monitoramento, responsável por observar o comportamento do sistema de controle, e
sintonia, em que os parâmetros são avaliados para atender aos critérios desejados. O método proposto foi testado
com um controlador MPC de horizonte infinito e comparado com outra abordagem de ajuste online baseada num
sistema de inferência fuzzy. Os resultados mostram que a aplicação do método proposto é capaz de melhorar o
desempenho das variáveis controladas com menor variação das variáveis manipuladas.

Palavras-chave— Controle de processo, Sintonia Online, Conrole preditivo

1 Introduction

Model predictive control (MPC) is characterized
by using the simulated process response to com-
pute the control actions in a receding horizon op-
timization problem. Any synthesis of controllers,
including MPC, seeks to achieve a better perfor-
mance for the system being controlled. Unfortu-
nately, the selection of MPC parameters is not
intuitive, so that research aims to achieve efficient
control performance through appropriate param-
eter tuning.

Several MPC tuning methods based on heuris-
tic techniques have been developed so far. Rani
and Unbehauen (1997) and Garriga and Soroush
(2010) present an extensive study of the main
ad hoc tuning strategies applied on the indus-
try. By and large, such methods use, or closed-
loop system features (response time, rise time, de-
cay ratio, among others), or restrictions and pro-
cess dynamics (operational, economic, environ-
mental, etc.), or MPC formulation (DMC, GPC
etc.). Therefore, they are appropriate for spe-
cific cases. Lee and Yu (1994), Shridhar and
Cooper (1997), Shridhar and Cooper (1998b),
Shridhar and Cooper (1998a), Trierweiler and Fa-
rina (2003), and Wojsznis et al. (2003) better de-
tail such tunning strategies.

However, more recently, some research effort
have been dedicated to self-tuning methods, a
more systematic approach than the ones based on

heuristic techniques. Two schemes can be imple-
mented in such method: offline or online. Among
the offline methods, it is possible to verify that
they involve the solution of an optimization prob-
lem capable of handling different controller for-
mulations using a specified closed-loop response.
The application of this scheme is exemplified by
the works of: Ali and Zafiriou (1993), van der
Lee et al. (2008), Waschl et al. (2012), Suzuki
et al. (2012), Nery et al. (2014) and Yamashita
(2015). In general, the performance criteria used
do not consider the control effort and are limited
by the fact that they need to reevaluate the tuning
parameters to ensure good performance and ade-
quacy of the control system to unforeseen changes.
This aims to accommodate the non linearity of the
processes, criteria change and unmeasured distur-
bances influence.

On the other hand, the main objective of on-
line implementation strategies is to correct in a
real time mode the control system parameters, in
order to meet specifications designed in the time
domain. Al-Ghazzawi et al. (2001), Tuan and
Minh (2012) and Ho et al. (2014) developed on-
line methods in which specific mathematical ex-
pressions, related to the control strategy, are ap-
plied to evaluate the parameters. Consequently,
it is necessary to repeat the mathematical formal-
ism to obtain new tuning expressions for different
MPC controllers.

Another online approach is presented by Ali
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(2003), who shows a Fuzzy Inference System (FIS)
to evaluate the weighting matrices and prediction
horizon of the nonlinear MPC. Despite the FIS be-
ing designed based on expert knowledge about the
MPC controllers in general, there is no guarantee
about the FIS effectiveness if applied in different
MPC formulations. Some works have presented
different FIS formulations in order to obtain bet-
ter results in different MPC controllers, which re-
quires a prior knowledge about fuzzy logic. The
works of Zarkogianni et al. (2011) and Grosso
et al. (2013) can be cited as an example of this
approach.

It can be concluded that, the online methods
available are not flexible, because each method de-
termines which parameters will be adjusted and
do not explicitly consider the control effort in the
tuning design. From the foregoing discussion, it
is clear that, despite recent efforts to design MPC
tuning methods, there are still limitations found
in the literature on such research topic. There-
fore, this work proposes a systematic technique for
MPC tuning in order to encompass multiple per-
formance criteria, such as: (i) explicit inclusion of
the manipulated variables behaviour in the design,
(ii) flexibility of application to different controllers
formulations, (iii) compatibility with different set
of tuning parameters and, (iv) feasibility for online
application.

2 Proposed Tuning Method

From the philosophy of the MPC scheme itself,
the proposed method is based on a receding hori-
zon optimization problem in which the decision
variables are evaluated from the closed-loop sim-
ulation. It is suggested the inclusion of an on-
line layer into the control hierarchy, where process
measurements, set-points and tuning criteria, are
received and then the parameters of the existing
MPC are updated. The implementation of this
layer is split into two steps:

Monitoring: The process is monitored by a
closed-loop simulation of controlled (y) and
manipulated (u) variables, that uses the ac-
tual process measurements and the current
set of MPC parameters (θk−1). If the simu-
lated values, ŷ and û, are in non-conformity
with the desired requirements, the second
step is executed.

Tuning: The second step is responsible to eval-
uate a trend of parameters increments as a
solution of optimization problem whose ob-
jective function should represent the desired
performance/robustness criteria.

2.1 Closed-loop Simulation

In the proposed layer, it is performed a closed-loop
nominal simulation some time steps ahead of the
current process measurements, denominated here
as simulation horizon. In this way, the MPC used
in the simulation must have the same configura-
tion of the controller applied in the plant, as well
as the same prediction model. Based on the re-
sults of this simulation, an optimization problem
is executed to evaluate a new set o parameters.

2.2 Design Requirements

Among the different criteria which can be adopted
to tune a control system, it can be mentioned,
the overshoot, the decay ratio, the rise, accom-
modation time and response time, in addition to
the integrals of the square and absolute error of
controlled variables (ISE, ITAE). These criteria
can be represented in a time domain tunnel, as
depicted in Figure 1, which must be designed in
relative values to be easily adapted for different
set-point amplitude changes or disturbance mag-
nitude (Ali and Zafiriou, 1993). These tunnels can
be adopted to the output tracking and regulatory
cases.

Figure 1: Example of a performance tunnel for
set-point tracking (red dashed line) based on the
desired close-loop response (blue line).

However, such performance requirements do
not consider the manipulated variables behavior,
so the tuning method can evaluate parameters for
achieving better controlled variable response, but
with a large control effort. In this way, the pro-
posed tuning problem deals with a modification
of the multi-objective function proposed by Nery
et al. (2014), by incorporating the tunnel limits to
it. In symbols:

Jk =

nsim∑
j=1

‖ŷ(k + j|k)− ysp(k + j|k)‖2Γ

+

nsim−1∑
j=0

‖∆û(k + j|k)‖2, (1)

which nsim is the simulation horizon, ŷ and ∆û
are the closed-loop simulation response of con-
trolled and manipulated variables, ysp is the de-
sired set-point, Γ is a penalty matrix, which el-
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ements can be evaluated using the following ex-
pression:

γi,i(k) =


ŷi(k)

yi,max(k)
, ŷi(k) ≥ yi,max(k)

2yi,min(k)−ŷi(k)

yi,min(k)
, ŷi(k) ≤ yi,min(k)

1, otherwises

, (2)

γi,j(k) = 0, for i 6= j, (3)

which i = 1, 2, . . . , ny. Equation 2 and Equation
3 define a diagonal matrix, whose smallest non
zero value is equal to one. This structure is equiv-
alent to the ISE criterion (yimax and yimin). If
the simulated values exceed the limits, the ISE is
penalized proportionally to the violation, result-
ing in the Weighted Integral of the Squared error
(WISE).

Another approach is to adopt zero for PV val-
ues that are within the specified limits, what can-
cels the ISE, modifying Equation 2 to:

γi,i(k) =


ŷi(k)

yi,max(k) , ŷi(k) ≥ yi,max(k)
2yi,min(k)−ŷi(k)

yi,min(k) , ŷi(k) ≤ yi,min(k)

0, otherwise

.

(4)

Thus, the tuning method will consider only
the tunnel violations and the control effort to find
the optimal trend of increments in tuning param-
eters.

2.3 Decision variables

MPC controllers compute a control signal se-
quence based on the prediction of the process fu-
ture behaviour. In a similar manner to the MPC
scheme, the proposed tuning algorithm estimates
a parameter increments sequence, denoted here as
tuning actions, cf. Equation 5, which are depen-
dent on the closed-loop simulation. The sequence
size is determined by the tuning horizon (hT ), and
its function is similar to the control horizon of
a MPC, which determines the control signal se-
quence size.

∆θk = [∆θ(k|k), . . . ,∆θ(k + hT |k)]
>
. (5)

Since the optimal sequence is computed, only
the first value is implemented to obtain the new
parameters values Equation 6.

θ(k) = [1 + ∆θ(k|k)] · θ̄, (6)

which, θ̄ represents the value of the design param-
eters estimated by the knowledge of the expert or
by an offline tuning method.

It is worth mentioning that the incremental
tuning proposed here provides a new set of pa-
rameters around the project values. Thus, the

tuning method makes changes only in the tran-
sient regime (set-point tracking or rejection of dis-
turbances) and can always return to the project
settings, based on the dynamics desired by the
specialist. In addition, this incremental formula-
tion prevents the implementation of values that
are too far from the design condition.

2.4 Tuning Algorithm

The tuning algorithm seeks to evaluate tuning ac-
tions in a finite trend based on the behavior of
the closed-loop system. Then, the proposed tun-
ing method aims to solve the following receding
horizon optimization problem:

min
∆θk

Jk =

nsim∑
j=1

‖ŷ(k + j|k)− ysp(k + j|k)‖2Γ

+

nsim−1∑
j=0

‖∆û(k + j|k)‖2 (7)

subject to equation Equation 2, Equation 3 and:
θmin ≤ θ̄ · (1 + ∆θk) ≤ θmax

∆θmin ≤ ∆θk ≤ ∆θmax

∆θ (k + j|k) = 0, ∀j ≥ hT ,
(8)

in which Equation 8 describes the restrictions
on the parameters and ŷ(k + j|k) and ∆û(k +
j|k) are the simulated values from the deci-
sion variables (∆θk) and current measurements
(ysp,y(k|k),∆u(k − 1|k)).

For the implementation of the proposed
method, it is required to define the simulation
and tuning horizons, the parameter constraints
and the desired performance requirements. These
specifications can be made based on a priori
knowledge of the designer or with the aid of a rig-
orous simulation, assuming that the parameters
are already known.

3 Simulation Results

It is known that an increase in the prediction
horizon (p) and weighting matrix (Q) can favor
a better response of PVs with more aggressive
control actions, as well as the reduction in the
control horizon (m) and in the values of move
suppression matrix (R), otherwise a slower re-
sponse and smoother control actions can be ob-
tained (Shridhar and Cooper, 1997). However,
the prediction and control horizons (p,m), along
with weighting matrices (Q,R), as decision vari-
ables require a mixed-integer optimization algo-
rithm, which it can derail the online implemen-
tation. In addition, modifications in the horizons
cause changes in the MPC solution time and can
delay the action of the controller.

XIII Simpósio Brasileiro de Automação Inteligente

Porto Alegre – RS, 1o – 4 de Outubro de 2017

646



Therefore, in this paper, the decision vari-
ables for the proposed optimization problem will
consist of increments on the output weights (Q)
and move suppression matrix elements (R), ∆θ =
{∆q; ∆r}. In this way, Equation 5 and Equation
6 can be rewritten as:

∆θk = [∆q(k|k),∆r1(k|k), . . . ,∆rnu(k|k), . . . ,

∆q(k + hT |k),∆r1(k + hT |k), . . . , (9)

∆rnu(k + hT |k)]
>

{
qj(k) = [1 + ∆q(k|k)] q̄j , j = 1, . . . , ny

rl(k) = [1 + ∆rl(k|k)] r̄l, l = 1, . . . , nu
(10)

In the case of the weighting matrix (Q), each
element reflects the importance of the relationship
among the controlled variables. Thus, the incre-
ments evaluated by tuning algorithm will be ap-
plied to all elements, as in Equation 9 and Equa-
tion 10, which maintain the relationship required
by the specialist.

The proposed method seeks to tune the In-
finite Horizon MPC (IHMPC) presented by Od-
loak (2004), although this method can be applied
to other MPC formulations, since the closed-loop
simulation consider the same controller applied in
the plant.

The case study is a hypothetical CSTR with
constant level, in which the reagent concentration
(CA) and reactor temperature (T ) are controlled
by IHMPC, by manipulation of the inlet flow rate
(Fin) and the cooling fluid temperature (Tc). The
plant is represented by the following set of nonlin-
ear ordinary differential equations:
dcA(t)
dt

=
[cA,in−cA(t)]Fin(t)

πr2h
− k0cA(t) exp

[
− E
RT (t)

]
dT (t)
dt

=
[Tin−T (t)]Fin(t)

πr2h
− k0cA(t) exp

[
− E
RT (t)

]
∆H
ρCp

+ 2U
ρrCp

[Tc(t)− T (t)] ,

(11)

The equilibrium point adopted for obtaining
the IHMPC model are: CA = 0.9267 kmol/m3, T
= 317.92 K, Fin = 0.05 m3/min and TC = 295 K.
The constant terms used in Equation 11 and in
the controller settings are summarized in Table 1.

The set-point tracking performance tunnel
was assumed based on a unit step response for
a second-order transfer function with overshoot
equal to 40% and 5% (reactor concentration and
temperature, respectively) and peak time equal to
5 minutes, while in the disturbance rejection case
an equivalent impulse response is adopted. The
settings of the proposed method are expressed in
Table 2.

For this scenario, the results generated by the
proposed method are compared to the FIS-based
tuning method suggested by Ali and Zafiriou
(1993). Figures 2 and 3 compare the response of
the process variables.

Table 1: Description of reactor variables and
IHMPC parameters.

Variables description Values
CA,in - Reactant concentration in feed stream 1.0 kmol/m3

Tin - Temperature in feed stream 350 K
h - Liquid level in CSTR 0.327 m
r - Radius of the reactor 0.197 m
∆H - Enthalpy of reaction -5×107J/kmol
Cp - Heat capacity of the reaction mixture 239 J/(kg K)
ρ - Density of the reaction mixture 1000 kg/m3

U - Overall heat transfer coefficient 915.6 W/(m2 K)
E/R - Energy activation/Universal gas constant 8750 k
k0 - Pre-exponential factor 7.2×1010 min−1

Tc,max - Upper bound of Tc 442.5 K
Tc,min - Lower bound of Tc 277.3 K
∆Tc,max - Variation bound of Tc 147.5 K
Fin,max - Upper bound of Fin 0.10 m3/min
Fin,min - Lower bound of Fin 0 m3/min
∆Fin,max - Variation bound of Tc 0.025 m3/min
q̄ - Specified dimensionless value of weighting matrix [0.02;1]
r̄ - Specified dimensionless value of suppression matrix [0.01;1]

Table 2: Settings of the proposed method for the
CSTR case.

Variables Values
hT - Tuning horizon 8
nsim - Simulation horizon 33
qmax - qi upper bounds [0.04; 2]
qmin - qi lower bounds [0.002; 0.1]
∆qmax - qi upper variation bounds 1
∆qmin - qi lower variation bounds -1
rmax - ri upper bounds [0.02; 2]
rmin - ri lower bounds [0; 0]
∆rmax - ri upper variation bounds [1; 1]
∆rmin - ri lower variation bounds [-1; -1]

Figure 2: Comparison between controlled vari-
ables behavior with FIS and online tuning meth-
ods applied to CSTR with IHMPC.

Figure 3: Comparison between manipulated vari-
ables behavior with FIS and online tuning meth-
ods applied to CSTR with IHMPC.
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Figures 2 and 3 depict that the application of
the FIS method results in a good performance of
PVs, but the inlet flow rate is subjected a biggest
variation during the simulation period. However,
with the parameter tuned by the proposed method
the system performs a smoother dynamic perfor-
mance.

This behavior is reflected in the performance

index, ISEi =
∑nsim

j=1

(
yi(k + j)− yspi

(k + j)
)2

,

IDMVi =
∑nsim−1

j=0 (∆ui(k + j))
2

and IG =
ISE+IDMV , evaluated for both tuning methods
(cf. Table 3).

Table 3: Performance indeces evaluated for online
and FIS methods applied to CSTR with IHMPC.

Index Online FIS
ISE1 0.0370 0.0210
ISE2 0.0016 0.0014
IDMV1 0.1479 0.5805
IDMV2 0.0007 0.0020
IG 0.1872 0.6049

From Table 3 it is possible to observe that
the FIS approach is able to evaluate the IHMPC
parameters in order to improve the performance
of the controlled variables, even without changing
the original rules and fuzzy sets. On the other
hand, by not explicitly considering the control ef-
fort in its formulation, the suppression matrix is
zeroed, as show in Figure 4, which generate a ag-
gressive response, thus worsening the overall in-
dex of performance, IG. However, the proposed
method computes increments around the tuning
parameters specified by an engineer and return to
its initial values after transient regime resulting in
a better global performance index.

Figure 4: Comparison between R elements with
FIS and online tuning methods applied to CSTR
with IHMPC.

Another particular feature of the FIS ap-
proach is shown in Figure 5. The FIS tunes only
the element qi of the variable that causes a greater
violation in the closed-loop simulation, which in
this case is the reactant concentration. On the
other hand, the proportion of the matrix Q, de-
fined by the expert, is maintained by the pro-
posed method throughout the simulation period,

and the initial parameters are used when the sys-
tem reaches the steady-state.

Figure 5: Comparison between the Q elements
with FIS and online tuning methods applied to
CSTR with IHMPC.

4 Conclusions

This work presented a systematic and flexible tun-
ing method based on optimization, which is as-
sociated with three main elements: designed re-
quirements in the objective function, incremental
tuning actions (decision variables) and closed-loop
simulation. The mechanism adjusts the MPC pa-
rameters to achieve the performance specifications
defined for the closed loop, when detects set-point
changes or external disturbances.

The results were found from performance cri-
terion represented by an objective function (Equa-
tion 1). Only the matrices Q and R were adopted
as tuning parameters with the proportion of the
weighting matrix (Q) elements maintained. The
results of tuning for an IHMPC performed by the
proposed method and the FIS approach are com-
pared in a set-point tracking scenario. It was seen
that, the proposed method was able to tune an
IHMPC with an improvement in the system as a
whole. However, the FIS implementation causes
an increase in the overall performance index by
not considering the control energy in its formula-
tion.
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