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ABSTRACT An accurate understanding of the output power functionality in gas turbines concerning the
fuel, inlet valve status and other parameters can provide a general overview of the turbine’s performance.
In this study, the problem of practical power regulation in gas turbines is investigated in the simultaneous
presence of actuator constraints, unknown disturbances, and measurement noises. To this aim, a model
predictive controller-based approach is utilized because of its high flexibility combined with a two-layer
filtering and anti-filtering procedure to efficiently copewith themeasurement noises.Moreover, the proposed
structure takes the effects of unknown disturbances into account and thereby it is shown that the proposed
controller can efficiently achieve all design objectives while handling actuator constraints, disturbances and
measurement noises.

INDEX TERMS Performance improvement, gas turbine, actuators constraints, model predictive control,
estimation.

I. INTRODUCTION
The gas turbine is a rotatingmachine that works on the energy
of combustion gases [1], [2]. Gas turbines are the significant
and extensively employed prime movers in transportation
industry [3]. The public perception is that the aircraft engine
is one of the most widely used types of gas turbines [4],
[5]. Besides this important application area, gas turbines
are used in power systems where they are the main power
generators [6]. Each gas turbine unit consists of a compressor
for compressing air, a combustion chamber for mixing air
with fuel and combustion, and a turbine for converting hot
and compressed gas energy into mechanical energy [7]–[9].
Due to the increasing importance of gas turbines in various
industries and the necessity of designing the proper control
system for gas turbines as the beating heart of this indus-
try, extensive research has been done in the recent years
[10]–[13].

Obtaining a suitable model for a gas turbine and deter-
mining its various parameters can play a significant role
in the stability of the power system [14]–[16]. The con-
trol system is the most important section of a gas turbine
power plant [17]. Without a suitable control scheme, any
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variation in power demand or frequency deviation can lead
to over-heating or over-speeding, or even system shutdown.
In recent researches, several models for gas turbines have
been of interest to experts, including IEEE, Rouen, thermo-
dynamic and neural models, among which Rouen is more
prominent. In [18], an accurate nonlinear three-order model
is employed for investigation of the dynamic behavior of
DEUTZ T216 gas turbine (which is used in the jet engine)
and a controller is designed for the stabilization of the sys-
tem using feedback linearization technique. Reference [19]
provides good modeling of a low-power gas-turbine which is
suitable for simulation. Once the model is extracted, the sys-
tem constraints are mentioned which are necessary to better
understanding of the system design and control. After extract-
ing the model and identifying the constraints, an efficient
controller is required and, as mentioned in [20], the Model
Predictive Control (MPC) method, due to its high flexibility
and dynamic constraints such as constraints on the state and
nonlinear control variables, is an appropriate controller. The
model predictive control scheme is considered as the control
algorithm in this study. Reference [21] introduces an opti-
mized and systematic way to find a linear feedback control
law for a linearized version of a low-power gas turbine.
In [22], a multivariate model of a gas turbine derived from
the linearized system equations is investigated.
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The model predictive control approach is an advanced
high-performance design technique which is known to be a
very efficient method of controlling complex [23]–[25], and
non-minimum-phase systems [26], [27]. The simplicity, con-
ceptual easiness and accurate tracking performance of MPC
approach have led to widespread successful applications,
such as energy and power systems [28]–[30], aero-space [31],
[32], and automotive control [33], [34]. Furthermore, MPC
is acknowledged for its ability of coping with constraints on
the state, output and input variables. These features make the
predictive control a distinct and superior method compared
to other existing advanced controllers. In the MPC algorithm,
at each sampling time, an open-loop sequence of settings of
decision variables is calculated in order to optimize future
behavior of the system, which eventually yields a sequence
of appropriate input variables in the defined horizon for the
control to apply to the system [35].

In [17], an adaptive MPC method with online parameter
estimation is presented for a gas turbine, where the adaptive
MPC is designed to maintain the speed and temperature
responses of the gas turbine within their desired levels in
the existence of frequency drop or changes in load demand.
In [38], a fuzzy modeling approach and a fast MPC algo-
rithm are employed for a gas turbine system to achieve the
high-tracking performance, less settling time and disturbance
rejection capability. A multi-objective MPC approach is pro-
posed in [12] for the control of a gas turbine system, where
the objective function of the MPC technique is formulated
simultaneously considering economic indices, terminal cost
function, and stability constraints. A multivariable nonlinear
MPC technique is suggested in [39] to avoid the unsafe or
unsuitable operation of gas turbines, while decreasing the
NOx emissions. In [40], the design approach of an online
fully nonlinear MPC is proposed for a gas turbine system,
where the reduced-order internal model used in the control
approach is developed from an original high-order physics-
based model.

To the best of authors’ knowledge, the problem of gas
turbine power regulation in the simultaneous presence of
actuator constraints, external disturbances and measurement
noise has not been completely addressed in the literature
including the above-mentioned approaches. It is emphasized
that there are some related research works that address only
parts of these objectives. For example, in the most recent
related work [17], constraints satisfaction and constant dis-
turbance rejection objectives are considered. However, it does
not propose any systematic way within the controller design
procedure to reduce the effects of measurement noise on
the closed-loop performance. On the contrary, in the cur-
rent work, an efficient MPC-based controller is designed
for gas turbine power regulation where a systematic proce-
dure is proposed to simultaneously cope with actuator con-
straints, disturbances and measurement noises. In the first
part, we deal with the modelling of the gas turbine and its
principles of operation; then, we obtain a nonlinear dynamic
model. In the second part, by linearization of this model,

FIGURE 1. Main parts of a gas turbine.

the predictive controller is designed for this linear model in
the presence of actuators constraints, external disturbances
andmeasurement noises. It is emphasized that in the proposed
method a two-layer filtering and anti-filtering mechanism is
incorporated within the MPC design procedure that has two
features. First, the filter part leads to a significant reduction in
the effects of measurement noise on the system performance.
Second, the anti-filter part will recover the performance
degradation of the nominal operation (without noise) because
of using a filtering procedure.

The remaining content of this article is arranged as follows:
in Section 2, the gas turbine model, containing the system
description and the control-oriented gas turbine model is
introduced. Then, the model predictive control technique
for the gas turbine is proposed in Section 3. Besides,
the CARIMAmodel for gas turbine is constructed and the gas
turbine output predictionmodel with external disturbance and
measurement noise is presented. In Section 4, the calculation
of control law is presented. Furthermore, the performance
of the control method is verified by simulation results in
Section 5. Finally, conclusions are drawn in Section 6.

II. GAS TURBINE MODEL
A. GAS TURBINE MODEL
As illustrated in Fig. 1, the main parts of a gas turbine
consist of the inlet, compressor, combustion chamber, turbine
and nozzle or deflector. The turbine works based on the
following cycles. First, air is drawn into the system and com-
pressed in the compressor, then enters into the combustion
chamber where fuel is continuously added to the air and
the mixture is ignited. The resulting hot gases are expanded
and passed first through the compressor turbine to keep it
rotating, so that the engine is self-sustaining, and then the
gas is exhausted through the power turbine via a variable
orifice nozzle. When this cycle is repeated, it is vital to
regulate the output variables, i.e. the gas generator speed
and the temperature of the gas stream entering the power
turbine, which affects the load speed. In addition, to pre-
vent damage to the internal components of the turbine, for
example the blades, the gas flow temperature must be limited.
This critical issue makes the controller design procedure
challenging.
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B. CONTROL ORIENTED GAS TURBINE MODEL
Various control variables can be used to regulate the gas tur-
bine output power; however, the fuel inlet to the combustion
chamber, and the pressure valve angle of the turbine inlet are
counted as a suitable choice due to their significant effect
on all engine performance parameters such as rotor speed,
compressor pressure ratio and special fuel consumption. The
main dynamic equations of a gas turbine system can be
derived from the laws of conservation principles. To this aim,
the conservation balances for the turbine’s overall mechanical
energy, internal energy and the gas mass are constructed.
In order to achieve an intensive dynamic model which is
suitable for process control purposes, one needs to apply the
following general assumptions [36]:
• The physical and chemical properties of all parts of the
gas turbine, i.e., special heat at constant pressure and
constant size, special gas constant and adiabatic index,
are fixed.

• Heat loss (heat transfer, heat conduction, radiant heat) is
ignored.

Accordingly, the dynamical model of a gas turbine can be
presented as [7]:
dmc
dt
= vc + vf − vT

dptot3
dt
=

R
Vccv

(
vccpT tot1

(
1+ η−1C

(
(
ptot3
ptot1 σc

)
κ̄

− 1

))

+Qf ηcvf − vT cp
ptot3 Vc
mcR

)
dn
dt
=

1
4π22n

(
vT cpVcηT ηmptot3

mcR

(
1− (

ptot1
ptot3 σIσN

)
κ̄
)

−vCcp

(
(
ptot3
ptot1 σc

)
κ̄

− 1

)
T tot1

ηc
−

3πnML

25

)
(1)

where κ̄ = (κ−1)
κ

, A3 = c1
P0T tot03
Ptot03 σN

va, and

vc =
βA1ptot1√
T tot1

(
a1n

ptot3
ptot1 σc

(
T tot1

288.15

)−0.5

+ a2n
(

T tot1

288.15

)−0.5
+ a3

ptot3
ptot1 σc

+ a4

)
(2)

vT =
βA3ptot3√

ptot3 Vc
mcR

(
b1

(
ptot3 Vc
mcR

)−0.5
τnptot3 σIσN

ptot1

+ b2

(
ptot3 Vc
mcR

)−0.5
τn +b3

ptot3 σIσN
ptot1

+ b4

)
(3)

The total outlet temperature of the turbine is described using
the turbine efficiency as

T tot4 =
ptot3 Vc
mcR

(
1− ηT

(
1−

(
ptot1

ptot3 σIσN

)κ̄))
(4)

Note that the notation list of the parameters are given
in Table 1. The values of the constants and parameters in the

given model are known or determined based on the experi-
mental measurements. The details of the parameters estima-
tion and model identification procedure are given in [11]. By
defining u = [u1 u2]T = [vf va]T as the control input vector
comprising of mass flow rate of fuel (vf ), and power turbine
nozzle angle (va), y = [y1 y2]T = [n T tot4 ]T as the con-
trolled output vector comprising of rotational speed (n), and
outlet total temperature (T tot4 ), and assuming ptot1 , T

tot
1 and

ML as the disturbance signals, then linearizing the equations
around the desired operating point of the turbine, one gets the
following model[

y1(s)
y2(s)

]
=

[
G11(s) G12(s)
G21(s) G22(s)

] [
u1(s)
u2(s)

]
+

[
D1(s)
D2(s)

]
(5)

where D1(s) and D2(s) represent the effects of disturbances
and uncertainties owing to environmental changes, loading,
and internally generated vibration and shock.

III. MODEL PREDICTIVE CONTROL OF GAS TURBINE
For a gas turbine, operating under the specified conditions
mc = 730.71 , ptot3 = 208270 and n = 0.0043, a linearized
small signal model is obtained by incorporating the results
in the previous section and the experimental validations as
follows [12]:[
T4
n

]

=


106 (1.3s+335.998)
s2 + 392s+ 13900

−5.6s2−246s−744.01
s2+28.9s+24.6

106 (9.04s+283.965)
s3+275.7s2+18510s+365600

83.4 s +6300
s2+115s+195


×

[
vf
va

]
(6)

Choosing a sampling time of 10 ms, the corresponding
discrete-time transfer function model is obtained as:[

T4
n

]
=

[
M11(z−1) M12(z−1)
M21(z−1) M22(z−1)

]
︸ ︷︷ ︸

M (z−1)

[
vf
va

]

M11(z−1) =
8590z−1 − 946.3z−2

1− 0.7036z−1 + 0.01984z−2
,

M12(z−1) =
−5.6+ 9.024z−1 − 3.489z−2

1− 1.746z−1 + 0.7486z−2
,

M21(z−1) =
215z−1 − 61.13z−2 − 70.06z−3

1− 1.439z−1 + 0.6108z−2 − 0.06346z−3
,

M22(z−1) =
0.716z−1 − 0.3422z−2

1− 1.305z−1 + 0.3166z−2
(7)

A. CONSTRUCTION OF A CARIMA MODEL FOR GAS
TURBINE
Before proceeding to the design of MPC for the gas turbine
system, we need to construct an appropriate model incor-
porating the effects of noises and disturbances affecting the
practical system. To this aim, we will consider the follow-
ing form known as the controlled autoregressive integrated
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TABLE 1. The Units and Values of the Parameters in Gas Turbine System.

moving average (CARIMA) model:

A(z−1)y(t) = B(z−1)u(t)+
ξ (t)

1− z−1
(8)

where d(t) =
(
1− z−1

)−1
ξ (t) denotes the effects of external

disturbances, ξ (t) is the white noise with zero mean and
variance σ 2. Defining 1 = 1− z−1, Eq. (8) yields

Ã(z−1)y(t) = B(z−1)1u(t)+ ξ (t) (9)

where Ã(z−1) = 1A(z−1). It is important to note that both
coefficient matrices Ã and B̃ are polynomial matrices and
expressed as

Ã(z−1) = I + Ã1z−1 + . . .+ Ãna+1z
−(na+1) (10)

B(z−1) = B1z−1 + . . .+ Bnbz
−nb (11)

To obtain such polynomial coefficient matrices of the
CARIMA model for the gas turbine system, we first define

Ã(z−1) =
[
Ã11(z−1) 0

0 Ã22(z−1)

]
(12)

where Ãii(z−1), ∀i = 1, 2, are defined as the Least Com-
mon Multiplier (LCM) of the denominators of Mi1(z−1) and
Mi2(z−1):

Ã11 = 1− 2.45z−1 + 1.997z−2 − 0.5614z−3

+ 0.01485z−4 (13)

Ã22 = 1− 2.744z−1 + 2.806z−2 − 1.316z−3

+ 0.2762z−4 − 0.0201z−5 (14)

Then, considering the transfer function and CARIMA
models, the coefficient matrix B(z−1) is simply calculated as

B(z−1) = Ã−1(z−1)M (z−1)

=

[
B11(z−1) B12(z−1)
B21(z−1) B22(z−1)

]
(15)

where

B11(z−1) = 8590z−1 − 1.595× 104z−2

+ 8083z−3 − 708.4z−4 (16)

B12(z−1) = −5.6+ 12.96z−1 − 9.95z−2

+ 2.634z−3 − 0.06922z−4 (17)

B21(z−1) = 215z−1 − 34.7z−2 + 77.8z−3

+ 72.08z−4 − 22.19z−5 (18)

B22(z−1) = 0.716z−1 − 1.373z−2 + 0.9299z−3

−0.2545z−4 + 0.02172z−5 (19)

B. GAS TURBINE OUTPUT PREDICTION MODEL
The gas turbine CARIMA model is employed to estimate the
future behavior of the gas system. Assuming the prediction
horizonNp, and expanding (9), (10) and (11) for t+1, · · · , t+
Np, one obtains
t + 1 :

yt+1 + Ã1yt + . . .+ Ãna+1yt−na
= b11ut + b21ut−1 + . . .+ bnb1ut−nb+1

t + 2 :
yt+2 + Ã1yt+1 + . . .+ Ãna+1yt−na+1

= b11ut+1 + b21ut + . . .+ bnb1ut−nb+2
...

...

t + Np :
yt+Np + Ã1yt+Np−1 + . . .+ Ãna+1yt−na+Np−1

= b11ut+Np−1 + b21ut+Np−2 + . . .+ bnb1ut−nb+Np
(20)

We define the following Toeplitz (T ) and Hankel (H)
matrices:

TÃ =


I 0 · · · 0
Ã1 I · · · 0
Ã2 Ã1 · · · 0
...

...
...

...

 , TB =

B1 0 · · · 0
B2 B1 · · · 0
B3 B2 · · · 0
...

...
...

...


(21)

HÃ =


Ã1 Ã2 · · · Ãna+1
Ã2 Ã3 · · · 0
Ã3 Ã4 · · · 0
...

...
...

...



HB =


B2 B3 · · · Bnb
B3 B4 · · · 0
B4 B5 · · · 0
...

...
...

...

 (22)
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Then, the set of equations in (20) can be expressed in the
matrix form as

TÃ


yt+1
yt+2
...

yt+Np


︸ ︷︷ ︸
, y
−→

t+Np
t+1

+HÃ


yt
yt−1
...

yt−na


︸ ︷︷ ︸
, y
←−

t−na
t

= TB


1ut
1ut+1
...

1ut+Np−1


︸ ︷︷ ︸

,1u
−→

t+Np−1
t

+HB


1ut−1
1ut−2
...

1ut−nb+1


︸ ︷︷ ︸

,1u
←−

t−nb+1
t−1

(23)

Finally, the output prediction vector is obtained as

y
−→

t+Np
t+1

= T −1
Ã

TB︸ ︷︷ ︸
=H

1u
−→

t+Np−1
t + T −1

Ã
HB︸ ︷︷ ︸
=P

1u
←−

t−nb+1
t−1 −T −1

Ã
HÃ︸ ︷︷ ︸

=Q

y
←−

t−na
t

(24)

In the general case of choosing control horizon less than or
equal to the prediction horizon Nc ≤ Np, the predictions
model is obtained as follows:

y
−→

t+Np
t+1 = H1u

−→

t+Nc−1
t + P1u

←−

t−nb+1
t−1 + Q y

←−

t−na
t (25)

where H1 denotes the first Ncnu column of the matrix
H = T −1

Ã
TB.

C. HANDLING DISTURBANCES AND MEASUREMENT
NOISES
In the absence of uncertainty/disturbances, offset-free control
can be easily obtain without integral action; but in practice,
the existence of parameter uncertainties and disturbances
necessitate the use of an integrator. Accordingly, the con-
structed prediction model based on the input increment (1u)
rather than the input (u), introduces an internal integral action
in the MPC formulation and leads to an unbiased prediction
[37]. This formulation is able to appropriately reject constant
disturbances which will be investigated in the followings.
On the other hand, measurement noises generally will not
degrade using this model because of their high-frequency
nature. Considering the prediction model (25), it can be seen
that the output prediction will severely affected when the
past measured signals, i.e. y

←−

t−na
t and 1u

←−

t−nb+1
t−1 , are con-

taminated with measurement noises. The idea is to use an
appropriate low-pass filter to obtain the output prediction
model in terms of filtered past signal values. Considering the
same filter for both input and output signals, we define the
filtered signals ỹ(t) and 1ũ(t) as

ỹ(t) = T−1(z−1)y(t) (26)

1ũ(t) = T−1(z−1)1u(t) (27)

where T−1(z−1) denotes the filter’s transfer function and

T (z−1) = T0 + T1z−1 + · · · + Tnf z
−nf (28)

Using the filtered CARIMA model and following the same
procedure in this section, one obtains

ỹ
−→

t+Np
t+1 = H1ũ

−→

t+Np−1
t + P1ũ

←−

t−nb+1
t−1 + Q ỹ

←−

t−na
t (29)

This result expresses the filtered output prediction ỹ
−→

t+Np
t+1

which cannot be used in the MPC formulation. Rather,
one needs to obtain y

−→

t+Np
t+1 in terms of 1u

−→

t+Np−1
t and fil-

tered past signal values 1ũ
←−

t−nb+1
t−1 and ỹ

←−

t−na
t . To this aim,

using (26) and (27), one obtains T (z−1)ỹ(t) = y(t) and
T (z−1)1ũ(t) = 1u(t). Then, using the same procedure
applied to the CARIMA model Ã(z−1)y(t) = B(z−1)1u(t)
and by comparison, one obtains

ỹ
−→

t+Np
t+1

= T −1Ty (Np) y
−→

t+Np
t+1 − T −1Ty (Np)HTy (Np, nf ) ỹ

←−

t−nf+1
t

(30)

1ũ
−→

t+Np−1
t

= T −1Ty (Np)1u
−→

t+Np−1
t − T −1Ty (Np)HTy (Np, nf )1ũ←−

t−nf
t−1

(31)

Then, combining (29), (30) and (31) results

y
−→

t+Np
t+1

= TTy (Np)HT −1Ty (Np)1u
−→

t+Np−1
t + TTy (Np)P1ũ←−

t−nb+1
t−1

−TTy (Np)HT −1Ty (Np)HTy (Np, nf )1ũ←−
t−nf
t−1

+TTy (Np)Q ỹ
←−

t−na
t +HTy (Np, nf ) ỹ

←−

t−nf+1
t (32)

Now defining n̄b = max(nb, nf+1) and n̄a = max(na, nf−1),
it is easy to verify that

1ũ
←−

t−nb+1
t−1 =

[
Inu(nb−1) 0nu(nb−1)×nu(n̄b−nb)

]︸ ︷︷ ︸
Lu1

1ũ
←−

t−n̄b+1
t−1

1ũ
←−

t−nf
t−1 =

[
Inunf 0nunf×nu(n̄b−nf−1)

]︸ ︷︷ ︸
Lu2

1ũ
←−

t−n̄b+1
t−1

ỹ
←−

t−na
t =

[
Iny(na+1) 0ny(na+1)×ny(n̄a−na)

]︸ ︷︷ ︸
Ly1

ỹ
←−

t−n̄a
t

ỹ
←−

t−nf+1
t =

[
Inynf 0nynf×ny(n̄a−nf+1)

]︸ ︷︷ ︸
Ly2

ỹ
←−

t−n̄a
t (33)

Using the above notations, the filtered output prediction
model in the general case of Nc 6 Np is obtained as

y
−→

t+Np
t+1 = Hf 11u

−→

t+Nc−1
t + Pf1ũ

←−

t−n̄b+1
t−1 + Qf ỹ

←−

t−n̄a
t ,

Hf = TTy (Np)HT −1Ty (Np)

Pf = TTy (Np)PLu1 − HHTy (Np, nf )Lu2
Qf = TTy (Np)QLy1 +HTy (Np, nf )Ly2

(34)

VOLUME 9, 2021 40159



A. Nasiri et al.: Gas Turbines Power Regulation Subject to Actuator Constraints, Disturbances and Measurement Noises

where Hf 1 denotes the first Ncnu column of the matrix Hf =
TTy (Np)HT −1Ty (Np).

D. COST FUNCTION AND DESIGN CONSTRAINTS
Different MPC algorithms offer various cost functions to
obtain the control law. The main purpose is that the future
output on the considered horizon follows the designated refer-
ence signal. To design the control law, a specific cost function
should be considered that represents the tracking error and the
control effort simultaneously. Let define

J =
(
r
−→

t+Np
t+1 − y

−→

t+Np
t+1

)T
WY

(
r
−→

t+Np
t+1 − y

−→

t+Np
t+1

)
+

(
1u
−→

t+Nc−1
t

)T
WU

(
1u
−→

t+Nc−1
t

)
(35)

where r
−→

t+Np
t+1 represents the vector of reference signals over

the prediction horizon, and WY and WU are the outputs
and inputs weighting matrices, respectively. The weighting
matrices are defined as

WU =

 Wu 0 0

0
. . . 0

0 0 Wu


Ncnu×Ncnu

(36)

WY =

 Wy 0 0

0
. . . 0

0 0 Wy


Npny×Npny

(37)

Substituting (25) into (32), the cost function is rewritten as

J =
1
2

(
1u
−→

t+Nc−1
t

)T
S
(
1u
−→

t+Nc−1
t

)
+ f T1u
−→

t+Nc−1
t + J0

(38)

where

S = 2
(
HT
1 WYH1 +WU

)
(39)

f = 2HT
1 WY

(
P1u
←−

t−nb+1
t−1 + Q y

←−

t−na
t − r

−→

t+Np
t+1

)
(40)

J0 = XTWYX

X =
(
r
−→

t+Np
t+1 − P1u←−

t−nb+1
t−1 − Q y

←−

t−na
t

)
(41)

In the next step, the constraints on the control signal varia-
tions and magnitude, and bounds on the output signals are
considered:

1u 6 1ut 6 1u ∀t, t + 1, . . . , t + Nc − 1
u
−
6 ut 6 ū ∀t, t + 1, . . . , t + Nc − 1

y
−
6 yt 6 ȳ ∀t, t + 1, . . . , t + Np − 1

(42)

The constraints of the control signal variations are calculated
as

[
INcnu
−INcnu

] 1ut
1ut+1

...51ut+Nc−1

 6



1u
...

1u
−1u
...
−1u


⇒ C1u1u

−→

t+Nc−1
t 6 d1u (43)

and the constraints of the magnitude of control signal are
considered as

[
INcnu
−INcnu

]
ut
ut+1
...

ut+Nc−1

 6



ū
...
ū
−u
−

...
−u
−


⇒ Cu u

−→

t+Nc−1
t 6 du (44)

The above constraints need to be represented in terms of
1u
−→

t+Nc−1
t . We have

u
−→

t+Nc−1
t = E1u

−→

t+Nc−1
t + Lut−1

E =


Inu 0 · · · 0
Inu Inu · · · 0
...

...
...

...
Inu Inu · · · Inu

 ,L =

Inu
Inu
...
Inu

 (45)

Therefore, the following result is obtained using (44) and
(45):

Cu u
−→

t+Nc−1
t 6 du

⇒ CuE1u
−→

t+Nc−1
t 6 du − CuLut−1 (46)

Similarly, for the output constraints, we have

[
INpny
−INpny

]
yt+1
yt+2
...

yt+Np

 6



ȳ
ȳ
...

ȳ
−−

−y
−

−y
−

...

−y
−


⇒ Cy y

−→

t+Np
t+1 6 dy (47)

Using (25) and (47), we obtain

CyH11u
−→

t+Nc−1
t 6 dy − CyP1u

←−

t−nb+1
t−1 − CyQ y

←−

t−na
t

(48)

As a result, by combination of the above-mentioned con-
straints, one attains

Ec1u
−→

t+Nc−1
t 6 Fc (49)

where

Fc =

 d1u
du
dy

+
 0
−CuL
0

 ut−1
+

 0
0
−CyP

1u
←−

t−nb+1
t−1 +

 0
0
−CyQ

 y
←−

t−na
t

Ec =

 C1u
CuE
CyH1

 (50)
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IV. CONTROL LAW CALCULATION
The main purpose is to determine the sequence of optimal
control moves which minimizes the cost function (38) subject
to the constraints (49) as:

(1u
−→

t+Nc−1
t )∗ = arg min

1u
−→

Nc−1
t

1
2

(
1u
−→

t+Nc−1
t

)T
S
(
1u
−→

t+Nc−1
t

)
+f T1u
−→

t+Nc−1
t


Subject To : Ec1u

−→

t+Nc−1
t 6 Fc (51)

At each sampling time, the optimization problem (51) is
solved and the optimal control law is obtained. But only
the value of the first control signal is applied to the
system and the same procedure is repeated during the
next sampling time by incorporating the new measurement
data.
Remark 1: The stability of the closed-loop system under

the proposed constrained MPC-based approach is directly
based on the analysis and results presented in [41]. Consid-
ering the results in the mentioned work, one concludes that
in practice, a reasonable selection of tuning parameters leads
to a well-posed feasible constrained optimization problem
which in turn delivers a stable performance for MPC-based
algorithm.

V. SIMULATION RESULTS
In this section, the feasibility and performance of the pro-
posed controller are verified via a set of numerical simula-
tions. Throughout the simulations, all initial values of the
turbine are set to zero. It is assumed that the turbine’s model
involves 20% uncertainty which is applied to the poles of
the actual system. Also, the bounded disturbances of magni-
tude [−20 2]T and high frequency measurement noise have
also been involved in the simulations. The parameters of the
predictive controller are selected as Np = 10, Nc = 5,

WU = diag
(
1
6 ,

1
5

)
, and WY = diag

(
1
9 ,

1
7

)
. For practical

verification, the effect of actuators saturation is also con-
sidered in the simulations by applying actuator constraints
0 ≤ vf ≤ 1.1 [kg/s] and −30 ≤ va ≤ 30 [deg]. To
investigate the effectiveness of the proposed control method
from different points of view, several scenarios of simula-
tions have been performed, i.e. case-A to case-C, where the
quadratic programming solver of MATLAB is used to solve
the optimization problem (51).

A. NOMINAL OPERATION
In this case, the nominal performance of the proposedmethod
is investigated without constraints disturbances, uncertainties
and measurement noise. The reference signals along with the
evolution of the gas turbine’s outputs are shown in Figs. 2
and 3. These figures demonstrate the perfect tracking goals of
the system. However, as shown in Figs. 2 and 3, it is empha-
sized that the required actuation to keep the turbine in the
desired outputs are higher than the available control signals.
Therefore the actuators limitations are violated during the
simulations.

FIGURE 2. Simulation results of loop 1 in case-A (nominal operation).

FIGURE 3. Simulation results of loop 2 in case-A (nominal operation).

B. ROBUST PERFORMANCE WITHOUT FILTERING
Here, we aim to investigate the robust performance of
the closed-loop system to achieve design objectives in the
presence of bounded uncertainties in the turbine’s model,
unknown disturbances and measurement noise. To this aim,
it is assumed that 20% uncertainty is involved in the
model and a bounded unknown disturbance with magnitude
[−20 2]T is applied to the system during 0.3 to 0.7 second.
Note that the disturbance amplitude is quite comparable to
the amplitude of the applied control signals and thus, it can
deflect the gas turbine from the desired outputs. The sim-
ulation results are provided in Figs. 4 and 5. According to
the results, one can conclude that the proposed controller
is robust against the existing uncertainties/disturbances and
can achieve the control objectives while all constraints are
guaranteed to be satisfied (no constraints violation). In other
words, it is important to note that both actuator signals vf
and va satisfy their constraints unlike the nominal case where
constraints are not considered. However, as can be seen from
simulation results, the measurement noise has sever impact
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FIGURE 4. Simulation results of loop 1 in case-B (robust performance
without filtering).

FIGURE 5. Simulation results of loop 2 in case-B (robust performance
without filtering).

not only on the turbine’s outputs, but also it leads to high
frequency actuation on the actuators which can considerably
degrade the performance of the closed-loop system.

C. ROBUST PERFORMANCE WITH MEASUREMENT NOISE
HANDLING
Finally, we evaluate the performance of the closed-loop
system in the case that the measurements are corrupted by
sensors noise. Furthermore, in order to demonstrate the supe-
riority of the proposed method, the proposed approach in [17]
is also applied to the gas turbine studied in this article, and the
comparison results are illustrated in Figs. 6 and 7. As shown
in the figures, the measurement noise can degrade the perfor-
mance of the closed-loop system to a large extent when the
method of Figs. 6 and 7. This performance degradation relies
on the fact that there is not any systematic procedure in [17]
to cope with the measurement noise. On the contrary, in the
current work, as discussed in the previous section (Eqs. (28)
and (34)), an efficient systematic procedure is proposed to

FIGURE 6. Comparison results of loop 1 in case-C (robust performance
with measurement noise handling).

FIGURE 7. Comparison results of loop 2 in case-C (robust performance
with measurement noise handling).

simultaneously cope with actuator constraints, disturbances
and measurement noises. Here, a second-order low-pass filter
with T (z−1) = 1− 1.6z−1 + 0.64z−2 is used in the structure
of the predictive controller. Then, the simulation results are
given in Figs. 6 and 7. In this simulation, the same uncertain-
ties/disturbances and actuators limitations as discussed in the
previous case are involved. It can be seen that the effects of the
measurement noise on the turbine’s output have effectively
been reduced. Finally, it is worth noting that by taking the
advantages of the proposed filtering procedure into account
the performance of the closed-loop system is considerably
improved without any remarkable effects on the tracking and
disturbance rejection performances.

VI. CONCLUSION
According to the studies conducted in this article, the Rouen
model is an appropriate choice for controller validation.
Therefore, by incorporating proper simulations and com-
petitions, an optimal controller for the gas turbine can
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be obtained. It is observed that the predictive controller offers
very good responses in the gas turbine operating range. The
presented responses, not only are in a predetermined suitable
range, but also track the reference signal more quickly and
without overshoot. It is found that the controller stabilizes
the turbine shaft speed outputs and the air temperature of
the turbine outlet in the presence of perturbations, noise and
uncertainties. Moreover, the constrained predictive controller
is able to efficiently remove the outputs undesirable over-
shoots in the presence of constraints and leads to faster output
responses.
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