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Abstract: The hydraulic turbine governing system (HTGS) is a complex nonlinear system that
regulates the rotational speed and power of a hydro-generator set. In this work, an incremental
form of an HTGS nonlinear model was established and the Takagi–Sugeno (T-S) fuzzy linearization
and mixed H2/H∞ robust control theory was applied to the design of an HTGS controller. A T-S
fuzzy H2/H∞ controller for an HTGS based on modified hybrid particle swarm optimization and
gravitational search algorithm integrated with chaotic maps (CPSOGSA) is proposed in this paper.
The T-S fuzzy model of an HTGS that integrates multiple-state space equations was established by
linearizing numerous equilibrium points. The linear matrix inequality (LMI) toolbox in MATLAB
was used to solve the mixed H2/H∞ feedback coefficients using the CPSOGSA intelligent algorithm
to optimize the weighting matrix in the process so that each mixed H2/H∞ feedback coefficients in
the fuzzy control were optimized under the constraints to improve the performance of the controller.
The simulation results show that this method allows the HTGS to perform well in suppressing system
frequency deviations. In addition, the robustness of the method to system parameter variations is
also verified.

Keywords: HTGS; T-S fuzzy; mixed H2/H∞ controller; CPSOGSA; wind power disturbances

1. Introduction

Clean, renewable energy generation, such as water, wind, and solar energy, is an
effective means to cope with energy problems and environmental management issues. The
proportion of clean, renewable energy in energy consumption will continue to increase.
The development and full use of clean, efficient renewable energy and renewable energy
generation are increasingly widely concerned by the international community [1,2]. At the
same time, in some areas, there are hydroelectric power and wind power access to the same
line because the wind speed is unstable; even if the wind turbine controller itself can reduce
the impact of wind speed instability on the power, the wind power still has instability,
causing some disturbance to the system frequency. Frequency is an important indicator of
power quality and it is an essential requirement for power system operation to ensure that
the system frequency is up to standard. Frequency is closely related to the rotational speed
of the generator and in hydropower plants, the hydraulic turbine governing system (HTGS)
is used to regulate the rotational speed of the unit. The HTGS is a complex control system
integrating hydraulic, mechanical, and electrical components [3–5]. Its primary task is to
regulate the active power output of the hydro-generator set according to the constant change
of the load of the power system, minimize the influence of environmental disturbance and
load disturbance, and maintain the frequency of the set within the specified range, which
plays an indispensable role in maintaining the safe, stable, and economic operation of the
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hydropower plant. However, the inertia of the flowing water in the penstock, the nonlinear
characteristics of the hydro-generator set, and the load disturbance of the power system
that occurs at any time make the control of the HTGS very difficult [6,7].

The problem of nonlinear modeling and control of the HTGS has been a topic of interest
and has been studied in various aspects by related scholars. In the nonlinear modeling
of the HTGS, a multi-machine differential equation model suitable for control design and
stability analysis is established in [8]. Under different operating conditions of the HTGS,
a non-linear mathematical model of the HTGS, considering the fractional derivative and
time delay and during load rejection using non-linear dynamic transfer coefficients, is
established respectively [9,10]. In the nonlinear control of the HTGS, proportional-integral-
derivative (PID) control is the main controller of this system because of its simple structure
and easy implementation. Some scholars have used different intelligent optimization
algorithms to optimally adjust the parameters of the system controller under multiple
objectives to improve the performance of the PID controller [11–13]. However, inevitably,
the PID control method is not very adaptable to different working conditions nor resistant
to disturbances. Therefore, many researchers have adopted some advanced intelligent
control theories to optimize the control effect on the HTGS [14–17]. Nonlinear PID control,
sliding mode control, model predictive control, Hamilton energy function method, and
other nonlinear control applications have been applied to HTGS control problems, and all
have achieved positive control results [18–21]. However, the above nonlinear modeling
and control methods require a more in-depth mathematical foundation that is not easily
mastered by most engineers and technicians.

In the field of control, Takagi–Sugeno (T-S) fuzzy control is a classical method that is
easy to master [22]. It has been empirically and theoretically proven that T-S fuzzy models
can approximate nonlinear systems with arbitrary accuracy by local state information and
fuzzy rules [23]. In the literature [24], a robust analysis of a T-S fuzzy controller for the
nonlinear system was carried out, showing that the robust fuzzy controller works well
under the influence of model uncertainty, time lag, and large perturbations. The litera-
ture [25] shows the effectiveness of T-S fuzzy controllers based on the Lyapunov function
and linear matrix inequality (LMI) for suppressing system disturbances. A systematic
procedure of fuzzy control system design that consists of fuzzy model construction, rule
reduction, and robust compensation for nonlinear systems was proposed in the litera-
ture [26], which can provide a reference for solving the fuzzy control design problem of
nonlinear systems. Scholars can linearize the nonlinear HTGS mathematical model and
combine it with appropriate fuzzy rules to construct a T-S fuzzy model based on which the
controller is designed. A T-S fuzzy controller based on the fractional-order system robust
theory [16] and finite-time stability theory was designed, respectively [27]. As we all know,
the nonlinear term in the HTGS is mainly the power angle of the generator. However, the
establishment of the T-S fuzzy model in [16,27,28] was based on the rotational speed as a
prerequisite and the physical meaning of the fuzzy model established in this way is not
clear. In the process of system response, the way that the T-S fuzzy system fits the original
nonlinear system is not discussed in detail and in-depth in these papers.

With the large-scale grid connection of wind power and photovoltaic power generation,
more and more factors affect the stable operation of the hydro-generator set. When the
hydro-generator set is disturbed by random load, the state trajectory, in terms of power
angle and rotational speed, exhibits instability, affecting the unit’s stable operation. The
system’s stability is inseparable from the control parameters, which places high demands
on the HTGS control parameters. Various parameter optimization algorithms currently
have their advantages and disadvantages. Genetic algorithm (GA) has an excellent global
search capability but poor local search capability and is prone to local minima [29]. Particle
swarm optimization (PSO) has favorable searchability in the early iteration stage but poor
searchability in the late stage [30]. Gravitational search algorithm (GSA) has a strong
global search capability, but its local search capability is insufficient and it is prone to the
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phenomenon of oscillation of optimal values. Therefore, there is an urgent need to study
the parameter optimization techniques applicable to an HTGS controller.

From the above discussion, we were motivated to propose an optimal T-S fuzzy
controller based on a suitable parameter optimization algorithm and study the control
strategy for a nonlinear HTGS. The main contributions of this paper are reflected in the
following: (1) the T-S fuzzy model of the HTGS was established with generator power
angle as the precondition; (2) the mixed H2/H∞ controllers were integrated into T-S
fuzzy control under the parallel distributed compensation (PDC); (3) these mixed H2/H∞
controllers were optimized using the modified hybrid particle swarm optimization and
gravitational search algorithm integrated with chaotic maps (CPSOGSA) optimization
algorithms to improve the performance of T-S fuzzy control; (4) the fuzzy control obtained
by the optimization solution was applied to the HTGS.

The rest of this paper is organized as follows: Section 2 provides models of each
component of the HTGS in incremental form, including the model of hydraulic turbine,
penstock, actuator, and the nonlinear model of generator, which together form the nonlinear
model of the HTGS. Section 3 demonstrates the T-S fuzzy local linearization of the nonlinear
model of the HTGS through which three local linear models were obtained, and introduces
three fuzzy control rules, which are linked together with fuzzy membership functions to
form a T-S fuzzy controller. In Section 4, using the LMI toolbox in MATLAB, we propose our
design of the mixed H2/H∞ controller for the fuzzy linear model introduced in Section 3.
Section 5 presents a chaotic map-based PSOGSA optimization algorithm (CPSOGSA) as
it was applied to parameter optimization of the mixed H2/H∞ controller. A simulation
study was conducted and is shown in Section 6 to demonstrate the advantages of the new
approach. Finally, concluding remarks are presented in Section 7.

2. System Description

An HTGS is a non-linear, multi-input, multi-output complex control system integrat-
ing hydraulic, mechanical, and electrical components, consisting of a hydraulic turbine,
penstock, generator, and governor [10,31–33]. It has an important feature: its characteristics
are related to the steady-state operating point. The structural diagram of the HTGS studied
in this paper is shown in Figure 1. The upper part of Figure 1 is the general physical
structure of the hydropower plant, which consists of upper and downstream reservoirs,
hydrogenerator set, and penstock. The generator in it is driven by a hydroturbine. In order
to maintain the power quality, it is necessary to keep the rotational speed of the generator
stable. This part of the task is accomplished by adjusting the opening of the guide vanes
by the actuator controlled by the governor. The lower part of Figure 1 is a block diagram
of the HTGS that this paper focuses on, where the control quantity is the actual value, the
power angle is the incremental value, and the remaining quantities are the relative values
of the increments. To study the control strategy of the controller, each component of the
HTGS needs to be modeled separately [20,23].

2.1. Hydraulic Turbine Model

For Francis turbines, five parameters are usually used to describe them: torque Mt,
flow rate Q, water head H, rotational speed n, and guide vane opening A. The torque and
flow rate of the turbine are related to the water head, rotational speed, and guide vane
opening [34]. Assuming an approximately linear relationship between the guide vane
opening and the actuator stroke Y, the steady-state characteristics of the hydraulic turbine
are now widely used to approximate the dynamic processes of the HTGS. Mr is the torque
rating, Qr is the flow rating, nr is the rotational speed rating, Hr is the water head rating,
and YmAx is the maximum value of the actuator stroke. For the steady-state operating
point (H(t) = H0, n(t) = n0, Y(t) = Y0), the nonlinear model of the hydraulic turbine in
incremental form is obtained as shown in Equation (1) [35]:{

∆mt(t) = ∆mt(∆x(t), ∆y(t), ∆h(t))
∆q(t) = ∆q(∆x(t), ∆y(t), ∆h(t))

(1)
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where ∆mt(t) = [Mt(t)−Mt(n0, Y0, H0)]/Mr is the relative value of torque increment,
∆q(t) = [Q(t)−Q(n0, Y0, H0)]/Qr is the relative value of flow increment, ∆x(t) = [n(t)− n0]/
nr is the relative value of speed increment, ∆x(t) = n∗(t)− 1 (subscript * indicates per unit
value), ∆y(t) = [Y(t)−Y0]/YmAx is the relative value of actuator stroke increment, and
∆h(t) = [H(t)− H0]/Hr is the relative value of head increment.

Figure 1. Structure of HTGS.

In studying the small disturbance problem, it can be linearized near the steady-state
operating point. Expanding Equation (1) to Taylor series at the steady-state operating point
and omitting the higher-order terms above the second order, a linearized model expressed
in six transfer coefficients is obtained as Equation (2) [36]:{

∆mt(t) = ex∆x(t) + ey∆y(t) + eh∆h(t)
∆q(t) = eqx∆x(t) + eqy∆y(t) + eqh∆h(t) (2)

where, ex = ∂∆mt(t)/∂∆x(t), ey = ∂∆mt(t)/∂∆y(t), and eh = ∂∆mt(t)/∂∆h(t) are the
transmission coefficients of turbine torque to rotational speed, stroke, and water head
under steady-state conditions, respectively; eqx = ∂∆q(t)/∂∆x(t), eqy = ∂∆q(t)/∂∆y(t),
and eqh = ∂∆q(t)/∂∆h(t) are the transmission coefficients of turbine flow rate to rotational
speed, stroke, and water head under steady-state conditions, respectively.

According to Equation (2), the linearized model of the hydraulic turbine is plotted in
the form of the block diagram shown in Figure 2, where Gh(s) is the transfer function of
the penstock.
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Figure 2. Linearized model of the hydraulic turbine.

2.2. Penstock Model

When the rotational speed changes in unstable conditions, the hydraulic turbine guide
vane opening changes automatically under the action of the governor.

Water strike is a common phenomenon in this process, which is caused by the inertia
of flowing water, compressibility, and the elasticity of the penstock. When the guide vane
opening is increased, the increase in flow rate causes the working water pressure of the
turbine to decrease. In the case of a large water hammer, the amount of torque decrease
caused by the water pressure decrease exceeds the amount of torque increase caused by the
flow increase, and the torque temporarily decreases. This counter-conditioning effect has a
very negative impact on the dynamic characteristics of the HTGS. Thus, it is essential to
analyze the dynamic characteristics of the penstock [37].

For the HTGS in minor fluctuation conditions, when the penstock length is less than
800 m, the compressibility of the flowing water and the elasticity of the penstock wall can be
ignored. The penstock can be represented by the transfer function shown as Equation (3) [3]:

Gh(s) =
∆h(s)
∆q(s)

= −Tw (3)

where Tw is the flowing water inertia time constant.
The corresponding differential equation model of the penstock is given as:

d∆q(t)
dt

= − 1
Tw

∆h(t) (4)

2.3. Generator Model

In this paper, the second-order model of the generator is shown as Equation (5),
including the equation of rotor rotational motion and the equation characterizing the
relation between power angle and rotational speed [16]:{

TJ
dω∗(t)

dt = Mt∗(t)−Me∗(t)− d(ω∗(t)− 1)
dδ(t)

dt = (ω∗(t)− 1)ω0
(5)

where TJ is the inertia time constant (s) of the unit, ω∗ is the electrical angular velocity
p.u.) of the generator, Mt∗ is the mechanical torque (p.u.) of the turbine, Me∗ is the
electromagnetic torque (p.u.) of the generator, d is the damping coefficient, δ is the power
angle of the generator, and δ is taken to be 30◦ under steady-state conditions, i.e., δ0 = 30◦,
and δ changes when disturbance occurs; ω0 is the synchronous electrical angular velocity.

The relationship between the generator’s output power and the power angle is also
considered. Assuming that the generator q-axis transient electromotive force E

′
q remains

constant during the disturbance and ignoring the stator winding losses, the electromagnetic
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power Pe∗ (p.u.) supplied to the grid by the convex-pole synchronous generator is obtained
as Equation (6) [38]:

Pe∗(t) =
E
′
q∗Vs∗

X′dΣ∗
sin δ(t) +

V2
s∗
2
·

X
′
dΣ∗ − XqΣ∗

X′dΣ∗ XqΣ∗
sin 2δ(t) (6)

where Vs∗ is the bus voltage (p.u.); X
′
dΣ∗, XqΣ∗ are the sum of reactances (p.u.) in the d- axes

and q-axes, respectively.
The generator model is now transformed into incremental form and the relationship

between the correlated variables is as follows:

ω∗(t)− 1 = n∗(t)− 1 = ∆x(t) (7)

dω∗(t)
dt

=
d[∆x(t) + 1]

dt
=

d∆x(t)
dt

(8)

δ(t) = δ0 + ∆δ(t) (9)

Because the electrical angular velocity is generally considered to vary little during the
analysis of minor disturbances under grid-connected operation conditions, ω∗(t) = 1 is
taken so that:

Pe∗(t) = Me∗(t) (10)

Substituting Equations (7)–(10) into Equation (5) yields the second-order model of the
generator in incremental form, as shown in Equation (11) [38]:{ d∆δ(t)

dt = ω0∆x(t)
d∆x(t)

dt = 1
TJ
[∆mt(t)− ∆Pe∗(t)− D∆x(t)]

(11)

where ∆Pe∗ is the per unit of the electromagnetic power increment, which is derived
as follows:

∆Pe∗(t) = Pe∗(t)− Pe0∗(t)

=
E
′
q∗Vs∗

X′dΣ∗
sin δ0 · cos ∆δ(t) +

E
′
q∗Vs∗

X′dΣ∗
cos δ0 · sin ∆δ(t)−V2

s∗ ·
X
′
dΣ∗−XqΣ∗

X′dΣ∗ XqΣ∗
sin 2δ0 · sin2 ∆δ(t)

+V2
s∗ ·

X
′
dΣ∗−XqΣ∗

X′dΣ∗ XqΣ∗
cos 2δ0 · sin ∆δ(t)∆ · cos ∆δ(t)− E

′
q∗Vs∗

X′dΣ∗
sin δ0

(12)

2.4. Actuator Model

The actuator of the HTGS generally adopts the electro-hydraulic follower system,
whose function is to amplify the control signal and provide the execution power to convert
the weak electrical control signal from the controller into a mechanical displacement signal
that can drive the hydraulic turbine guide vane. When the nonlinear factors are ignored, the
actuator can be simplified to a first-order inertial element [14], whose transfer function [39]
can be expressed as:

Gy(s) =
∆y(s)
u(s)

=
1

Tys + 1
(13)

where Ty is the actuator response time constant.
The corresponding differential equation model of the actuator [36] is given as:

d∆y(t)
dt

= − 1
Ty

∆y(t) +
1
Ty

u(t) (14)

To avoid the system scattering phenomenon caused by the actuator saturation, we
designed the actuator with anti-integration saturation in the simulation. The integration
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stops when the actuator’s output reaches saturation and the sign of the control quantity is
the same as the sign of the actuator’s output.

2.5. HTGS Model

The transfer function from ∆y to ∆mt which derived from Figure 2, is shown as
Equation (15):

Gym(s) =
∆mt(s)
∆y(s)

=
ey +

(
eqyeh − eqhey

)
Gh(s)

1− eqhGh(s)
(15)

Let:
e =

eqyeh

ey
− eqh (16)

Then:

Gym(s) =
∆mt(s)
∆y(s)

= ey
1 + eGh(s)

1− eqhGh(s)
(17)

Substituting Equation (3) into Equation (17) yields:

∆mt(s)
(

1 + eqhTws
)
= ∆y(s)

(
ey − eyeTws

)
(18)

The inverse Laplace transform of Equation (18) yields:

d∆mt(t)
dt

=
1

eqhTw

(
ey∆y(t)− ∆mt(t)− eyeTw

d∆y(t)
dt

)
(19)

Substituting Equation (14) into Equation (19) yields:

d∆mt(t)
dt

=
1

eqhTw

[
−∆mt(t) +

(
ey + eye

Tw

Ty

)
∆y(t)− eye

Tw

Ty
u(t)

]
(20)

Equations (11), (14) and (20) constitute the model of the HTGS, which is shown as
Equation (21):

d∆δ(t)
dt = ω0∆x(t)

d∆x(t)
dt = 1

TJ
[∆mt(t)− ∆Pe∗(t)− D∆x(t)]

d∆mt(t)
dt = 1

eqhTw

[
−∆mt(t) +

(
ey + eye Tw

Ty

)
∆y(t)− eye Tw

Ty
u(t)

]
d∆y(t)

dt = − 1
Ty

∆y(t) + 1
Ty

u(t)

(21)

where ∆Pe∗ is a nonlinear term on the variable ∆δ, whose expression is shown in Equation (12).

3. T-S Fuzzy Local Linearization and Controller Proposal

The T-S fuzzy model has a wide range of applications in control design and analysis
of nonlinear systems [40], which is easy to understand, convenient, and flexible for engi-
neering applications. Its main feature is described by some If-Then fuzzy inference rules;
each inference rule represents the dynamics of the local area linear model and then the
individual local linear models are linked with fuzzy membership functions to obtain the
overall fuzzy nonlinear model, which in turn achieves the purpose of control design for
nonlinear uncertain systems [28]. In this section, the T-S fuzzy local linearization of the
nonlinear model of the HTGS is carried out to obtain three local linear models and the
three fuzzy control rules are proposed. They are linked together with fuzzy membership
functions to form a T-S fuzzy controller.
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∆δ(t), ∆x(t), ∆mt(t), and ∆y(t) are selected as state variables and Equation (21) is
transformed into the matrix form of the HTGS model as follows:

dx(t)
dt

= F (x(t)) + Buu(t) (22)

where

x(t) =
[
x1(t) x2(t) x3(t) x4(t)

]T
=
[
∆δ(t) ∆x(t) ∆mt(t) ∆y(t)

]T (23)

F (x(t)) =


ω0x2(t)

− 1
TJ
· ∆P(x1(t))− D

TJ
x2(t) + 1

TJ
x3(t)

− 1
eqhTw

x3(t) +
ey

eqhTw

(
1 + e Tw

Ty

)
x4(t)

− 1
Ty

x4(t)

 (24)

∆P(x1(t)) =
E
′
qVs

X′dΣ
sin δ0 · cos x1(t) +

E
′
qVs

X′dΣ
cos δ0 · sin x1(t)−V2

s ·
X
′
dΣ−XqΣ

X′dΣ XqΣ
sin 2δ0 · sin2 x1(t)−

E
′
qVs

X′dΣ
sin δ0

+V2
s ·

X
′
dΣ−XqΣ

X′dΣ XqΣ
cos 2δ0 · sin x1(t) · cos x1(t)

(25)

Bu =
[
0 0 − eye

eqhTy
1

Ty

]T
(26)

where Bu is the coefficient matrix of the control input.
δ0 = 30◦. Considering the boundedness of x1 (x1 ∈ [−d, d], taking d = π/6), the

T-S fuzzy model of the system is established. When x1(t)→ 0 , then sin x1(t)→ x1(t) ,
sin2 x1(t)→ 0 , x1(t)→ 1 ; when x1(t)→ π/6, then sin x1(t)→ sin(π/6) = 0.5→
(3/π)x1(t), cos x1(t)→ cos(π/6) =

√
3/2→

(
3
√

3/π
)

x1(t) ; when x1(t)→ −π/6, then

sin x1(t)→ − sin(π/6) = −0.5→ (3/π)x1(t) , and cos x1(t)→ cos(π/6) =
√

3/2→(
−3
√

3/π
)

x1(t). This leads to the following three T-S fuzzy rules.

3.1. Fuzzy Local Linearization

Fuzzy rule 1: If x1(t) is about 0, then fuzzy model 1 is shown as Equation (27):

dx(t)
dt

= A(1)x(t) + B(1)
u u(t) (27)

where

A(1) =


0 ω0 0 0

S1 − D
TJ

1
TJ

0

0 0 − 1
eqhTw

ey
eqhTw

(
1 + e Tw

Ty

)
0 0 0 − 1

Ty

 (28)

B(1)
u = Bu =

[
0 0 − eye

eqhTy
1

Ty

]T
(29)

at this point,

∆P(x1(t)) =

(
E
′
qVs

X′dΣ

cos δ0 + V2
s ·

X
′
dΣ − XqΣ

X′dΣ XqΣ
cos 2δ0

)
x1(t) (30)

S1 = − 1
TJ

(
E
′
qVs

X′dΣ

cos δ0 + V2
s ·

X
′
dΣ − XqΣ

X′dΣ XqΣ
cos 2δ0

)
(31)
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Fuzzy rule 2: If x1(t) is about π/6, then fuzzy model 2 is shown as Equation (32):

dx(t)
dt

= A(2)x(t) + B(2)
u u(t) (32)

where

A(2) =


0 ω0 0 0

S2 − D
TJ

1
TJ

0

0 0 − 1
eqhTw

ey
eqhTw

(
1 + e Tw

Ty

)
0 0 0 − 1

Ty

 (33)

B(2)
u = Bu =

[
0 0 − eye

eqhTy
1

Ty

]T
(34)

at this point,

∆P(x1(t)) =

(
3
√

3− 6
π

·
E
′
qVs

X′
dΣ

sin δ0 +
3
π
·

E
′
qVs

X′
dΣ

cos δ0 −
3V2

s
2π
·

X
′
dΣ − XqΣ
X′

dΣ XqΣ
sin 2δ0 +

3
√

3V2
s

2π
·

X
′
dΣ − XqΣ
X′

dΣ XqΣ
cos 2δ0

)
x1(t) (35)

S2 = − 1
TJ

(
3
√

3− 6
π

·
E
′
qVs

X′dΣ

sin δ0 +
3
π
·

E
′
qVs

X′dΣ

cos δ0 −
3V2

s
2π
·

X
′
dΣ − XqΣ

X′dΣ XqΣ
sin 2δ0 +

3
√

3V2
s

2π
·

X
′
dΣ − XqΣ

X′dΣ XqΣ
cos 2δ0

)
(36)

Fuzzy rule 3: If x1(t) is about −π/6, then fuzzy model 3 is shown as Equation (37):

dx(t)
dt

= A(3)x(t) + B(3)
u u(t) (37)

where

A(3) =


0 ω0 0 0
S3 − D

TJ
1
TJ

0

0 0 − 1
eqhTw

ey
eqhTw

(
1 + e Tw

Ty

)
0 0 0 − 1

Ty

 (38)

B(3)
u = Bu =

[
0 0 − eye

eqhTy
1

Ty

]T
(39)

at this point,

∆P(x1(t)) =

(
6− 3

√
3

π
·

E
′
qVs

X′
dΣ

sin δ0 +
3
π
·

E
′
qVs

X′
dΣ

cos δ0 +
3V2

s
2π
·

X
′
dΣ − XqΣ
X′

dΣ XqΣ
sin 2δ0 +

3
√

3V2
s

2π
·

X
′
dΣ − XqΣ
X′

dΣ XqΣ
cos 2δ0

)
x1(t) (40)

S3 = − 1
TJ

(
6− 3

√
3

π
·

E
′
qVs

X′dΣ

sin δ0 +
3
π
·

E
′
qVs

X′dΣ

cos δ0 +
3V2

s
2π
·

X
′
dΣ − XqΣ

X′dΣ XqΣ
sin 2δ0 +

3
√

3V2
s

2π
·

X
′
dΣ − XqΣ

X′dΣ XqΣ
cos 2δ0

)
(41)

3.2. T-S Fuzzy Controller

Design the following three fuzzy control rules:
Fuzzy control rules 1 : if x1(t) is about 0, then u(t) = K1x(t)
Fuzzy control rules 2 : if x1(t) is about π/6, then u(t) = K2x(t)
Fuzzy control rules 3 : i f x1(t) is about− π/6, then u(t) = K3x(t)

(42)
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where K1, K2, and K3 are the feedback gain matrices of the three locally stabilized con-
trollers: 

K1 =
[
K11 K12 K13 K14

]
K2 =

[
K21 K22 K23 K24

]
K3 =

[
K31 K32 K33 K34

] (43)

The T-S fuzzy state feedback controller of the design governor according to the parallel
distribution compensation (PDC) algorithm is shown as Equation (44):

u(t) = w1(x1(t))K1x(t) + w2(x1(t))K2x(t) + w3(x1(t))K3x(t) (44)

where w1, w2, and w3 are the membership degrees of x1 to the first, second, and third fuzzy
rules, respectively, and w1 + w2 + w3 = 1. The degree of membership functions are shown
as follows:

w1(x1(t)) = 1− |x1(t)|
π/6

x1(t) ∈ (−π/6, π/6) (45)

w2(x1(t)) =

{
0 x1(t) ∈ (−π/6, 0)

x1(t)
π/6 x1(t) ∈ (0,π/6)

(46)

w3(x1(t)) =

{
− x1(t)

π/6 x1(t) ∈ (−π/6, 0)
0 x1(t) ∈ (0,π/6)

(47)

The degree of membership functions are shown schematically in Figure 3:

Figure 3. Diagram showing degree of membership function.

4. Design of the Mixed H2/H∞ Controller

For the fuzzy linear model i ( i = 1 ∼ 3) in Section 3, designing a state feedback
controller u(t) = Kix(t) is the problem to be solved in this section.

Equation (48) is the linear model corresponding to the fuzzy rule i:
dx(t)

dt = A(i)x(t) + B(i)
ω ω(t) + B(i)

u u(t)

z(i)∞ = C(i)
1 x(t) + D(i)

11 ω(t) + D(i)
12 u(t)

z(i)2 = C(i)
2 x(t) + D(i)

21 ω(t) + D(i)
22 u(t)

( i = 1 ∼ 3) (48)

where ω(t) is the disturbance signal, including the disturbance caused by the disturbance
torque and the modeling error; take B(i)

ω =
[
0 0.1 0 0

]T as the disturbance signal

coefficient matrix; z(i)∞ and z(i)2 are the defined dynamic performance evaluation signals; and
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C(i)
1 , C(i)

2 , D(i)
11 , D(i)

12 , D(i)
21 , and D(i)

22 are the dimensionally appropriate weighting matrices.
Optimizing the weighting matrix is the difficult part of the mixed H2/H∞ control. There
is no well-established theory on how to select the weighting matrix. Generally, the main
diagonal element has more influence on the controller and several attempts are needed to
choose the optimal weighting matrix.

Define the correlation coefficient matrix in this paper as follows:

C(i)
1 =


µ
(i)
1 0 0 0
0 µ

(i)
2 0 0

0 0 µ
(i)
3 0

0 0 0 µ
(i)
4

 (49)

D(i)
11 =

[
0 0 0 0

]T (50)

D(i)
12 =

[
0 0 0 µ

(i)
5

]T
(51)

C(i)
2 =


µ
(i)
6 0 0 0
0 µ

(i)
7 0 0

0 0 µ
(i)
8 0

0 0 0 µ
(i)
9

 (52)

D(i)
21 =

[
0 0 0 0

]T (53)

D(i)
22 =

[
0 0 0 µ

(i)
10

]T
(54)

where µ
(i)
1 ∼ µ

(i)
10 are the weighting coefficients and the intelligent optimization algorithm

will be used in Section 5 to find the optimal weighting coefficients several times and select
the combination of weighting coefficients with optimal performance.

The system in Equation (48) can be represented as the control system in Figure 4. We
aimed to design a controller with a feedback coefficient Ki such that the closed-loop system
is asymptotically stable and the H∞ norm of the closed-loop transfer function Ti∞(s) from
ω to z(i)∞ does not exceed a given upper bound γi0, ensuring that the closed-loop system
is robust to the uncertainty perturbations entering the system from ω, and such that the
H2 norm of the closed-loop transfer function Ti2(s) from ω to z(i)2 does not exceed a given
upper bound νi0, ensuring that the system performance measured with the H2 norm is at a
good level [41].

Figure 4. State feedback control.

From Equation (48), the augmented controlled object based on the mixed H2/H∞
control theory can be obtained as Equation (55):

Pi =

A(i) B(i)
ω B(i)

u

C(i)
1 D(i)

11 D(i)
12

C(i)
2 D(i)

21 D(i)
22

 (55)
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The linear matrix inequality (LMI) toolbox in MATLAB provides a solution for the
mixed H2/H∞ control problem, which can solve the feedback coefficient Ki of the mixed
H2/H∞ state feedback controller u(t) = Kix(t) shown in Figure 3. The closed-loop system
can be made stable for all parameter perturbation and external disturbances and the
following performance specifications can be achieved.

1. H∞-optimal design;

‖Ti∞‖∞ = sup
ω

σ[Ti∞(jω)] < γi0 (56)

That is the H∞ norm minimization, which is the peak minimization of the maximum
singular value of the system frequency response. Then, the LMI is used to complete the
design objective set in Equation (56), i.e., if and only if there exists a symmetric matrix
Xi∞ > 0, such that:

(
A(i) + B(i)

u Ki

)
Xi∞ + Xi∞

(
A(i) + B(i)

u Ki

)T
B(i)

ω Xi∞

(
C(i)

1 + D(i)
12 Ki

)T

B(i)T
ω −I D(i)T

11(
C(i)

1 + D(i)
12 Ki

)
Xi∞ D(i)

11 −γ2
i I

 < 0 (57)

2. H2-optimal design;

‖Ti2‖2 =

(
1

2π

∫ ∞

−∞
trace

[
TT

i2(jω)
]
dω

) 1
2
< νi0 (58)

That is the H2 norm minimization. Similarly, to accomplish the design goal shown in
Equation (58), the inequality shown in Equation (59) is satisfied if and only if there exist
symmetric matrices Xi2 and Qi.

 (
A(i) + B(i)

u Ki

)
Xi2 + Xi2

(
A(i) + B(i)

u Ki

)T
B(i)

ω

B(i)T
ω −I

 < 0 Qi

(
C(i)

2 + D(i)
22 Ki

)
Xi2

Xi2

(
C(i)

2 + D(i)
22 Ki

)T
Xi2

 > 0

trace(Qi) < v2
i

(59)

3. Mixed H2/H∞-optimal design.

Every state feedback controller in the T-S fuzzy system of the HTGS makes the closed-
loop poles of the system lie in the left half-open complex plane and minimizes α‖Ti∞‖2

∞ +
β‖Ti2‖2

2 [42]. Then, the above two sets of conditions add up to the nonconvex optimization
problem with variables Qi, Ki, Xi∞, and Xi2. For tractability in the LMI framework, we
sought a single matrix Xi = Xi∞ = Xi2 that enforces all two objectives. The change of
variable Yi = KiXi allows the following suboptimal LMI problem for multi-objective state
feedback control to be solved.
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Minimize α‖Ti∞‖2
∞ + β‖Ti2‖2

2 by Yi, Xi, Qi, and γ2
i satisfying Equation (60):


A(i)Xi + XiA(i)T + B(i)

u Yi + YT
i B(i)T

u B(i)
ω XiC

(i)T
1 + YT

i D(i)T
12

B(i)T
ω −I D(i)T

11

C(i)
1 Xi + D(i)

12 Yi D(i)
11 −γ2

i I

 < 0

 Qi C(i)
2 Xi + D(i)

22 Yi

XiC
(i)T
2 + YT

i D(i)T
22 Xi

 > 0

trace(Qi) < v2
i0

γ2
i < γ2

i0

(60)

From the optimal solution Y∗i , X∗i , Q∗i , γ∗i , the corresponding every state feedback gain
K∗i is given by Equation (61):

K∗i = Y∗i (X
∗
i )
−1 (61)

5. A Chaotic Map-Based Improved PSOGSA Optimization Algorithm (CPSOGSA)
and Its Application in HTGS

Particle swarm optimization (PSO) and gravitational search algorithm (GSA) are
discussed in this section, and the CPSOGSA algorithm, which improves on the previous
two, is discussed. Finally, the procedure for finding the optimal feedback coefficient Ki for
the state feedback controller u(t) = Kix(t) is given.

5.1. Particle Swarm Optimization

Particle swarm optimization (PSO) is an optimization algorithm for population intel-
ligence in computational intelligence, which Kennedy and Eberhart proposed. The PSO
algorithm originated from the study of the predatory behavior of birds [43]. The PSO
algorithm first initializes a group of particles in the feasible solution space, representing
a potential optimal solution to the extreme value optimization problem. It represents the
particle characteristics by three indicators: position, velocity, and fitness value, and the
fitness value is calculated by the fitness function [44], whose value is good or bad to indicate
the superiority or inferiority of the particle. The particle moves in the solution space and
updates the personal position by tracking the personal extremum pbest and the group
extremum gbest. The fitness value is calculated once for each updated particle position. The
personal extremum value pbest and group extremum value gbest positions are updated
by comparing the fitness value of the new particle with the fitness values of the personal
extremum value and group extremum value.

The velocity and position of each particle in the PSO algorithm are updated as follows:{
vi(k + 1) = wvi(k) + c1·rand·( pbest i − pi(k)) + c2·rand·( gbest i − pi(k))

pi(k + 1) = pi(k) + vi(k + 1)
(62)

where vi(k) is the velocity of the ith particle at iteration k; w is a weighting function; c1
and c2 are acceleration factors; rand is a random number distributed in the interval [0, 1];
pbest i and gbest i are the best positions of personal particles and the best positions of all

particles of the population, respectively; and pi(k) is the current position of the ith particle
at the kth iteration.

5.2. Gravitational Search Algorithm

GSA is a population optimization algorithm based on the law of gravity and Newton’s
second law developed by Rashedi et al. [45]. It treats the solution to the optimization
problem as a set of particles running in space [46]. The particles are attracted to each other
through the action of gravity, which causes the particles to move toward the particle with
the largest mass. The particle with the largest mass occupies the optimal position to find
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the optimal solution to the optimization problem. The algorithm achieves the sharing of
optimization information through the gravitational interaction between individuals and
guides the group to search toward the optimal solution region [47].

In a D-dimensional search space, suppose there are N particles, and define the position
of the ith particle as shown as Equation (63):

Pi =
(

p1
i , . . . , pd

i , . . . , pd
i

)
, i = 1, 2, . . . , N (63)

where pd
i represents the position of the ith particle in dimension d.

In the GSA algorithm, the particle updates its velocity and position according to the
Equation (64) for each process iteration:{

vd
i (k + 1) = randi·vd

i (k) + ad
i (k)

pd
i (k + 1) = pd

i (k) + vd
i (k + 1)

(64)

ad
i (k) =

Fd
i (k)

Mi(k)
(65)

where pd
i (k), vd

i (k), and ad
i (k) are the position, velocity, and acceleration of particle i in d

dimension at the kth iteration, respectively; randi is a random number distributed in the
interval [0, 1]; Fd

i (k) is the magnitude of the force on particle i in d dimension at the kth
iteration, which comes from the sum of all other particle forces; and Mi(k) is the inertial
mass of particle i at the kth iteration.

Fd
i (k) = ∑N

j=1,j 6=irandjFd
ij(k) (66)

Fd
ij(k) = G(k)

Mi(k)·Mj(k)
Rij(k) + ε

(
pd

j (k)− pd
i (k)

)
(67)

where Fd
ij(k) is the gravitational force of particle j on particle i at the kth iteration, randj

is a random number distributed in the interval [0, 1], G(k) is the gravitational constant at
the kth iteration, Rij(k) is the Euclidean distance between particle j and particle i at the kth
iteration, and ε is a small constant.

The inertial mass Mi(k) of particle i at the kth iteration can be obtained from the
following equation:

mi(k) =
f iti(k)−worst(k)

best(k)−worst(k)
(68)

Mi(k) =
mi(k)

∑N
j=1Mi(k)

(69)

where f iti(k) is the size of the adaptation value of the ith particle at the kth iteration. For
the HTGS problem, best(k) and worst(k) can be defined as follows:{

best(k) = min f iti(k), i ∈ {1, 2, . . . , N}
worst(k) = max f iti(k), i ∈ {1, 2, . . . , N} (70)

The GSA algorithm has a strong global search capability but its local search capability
is insufficient and it is prone to the oscillation of the optimal value.



Energies 2022, 15, 4771 15 of 31

5.3. Modified Hybrid Particle Swarm Optimization and Gravitational Search Algorithm with
Chaotic Maps (CPSOGSA)

The hybrid PSOGSA was first developed by Mirjalili and Hashim [48], combining the
advantages of PSO and GSA algorithms, and it is shown as Equation (71):{

vi(k + 1) = w·vi(k) + c
′
1· rand ·ai(k) + c

′
2· rand ·( gbest − pi(k))

pi(k + 1) = pi(k) + vi(k + 1)
(71)

When using chaotic maps in optimization algorithms, it is possible to quickly converge
on the optimal solution and escape from the local optimal solution [49,50]. Therefore, the
use of the chaotic mapping method in hybrid PSOGSA gives this algorithm the above
advantages to improve the performance of PSOGSA.

The total force is calculated in Equation (66), using a random number from 0 to 1
as the weight, which means this random number affects the local search ability of the
algorithm. Using the chaotic mapping method instead of random numbers can improve the
convergence ability of the hybrid PSOGSA algorithm in the optimization process. Applying
the chaotic mapping method to the total force values is shown in Equation (72). We use
Equation (72) instead of random numbers to calculate the total force. After calculating
the total force, the acceleration is determined using Equation (65), while the velocities and
positions of all particles in the population are updated using Equation (71). The chaotic
mapping methods used are from the ten chaotic maps shown in Table 1 and no random
values exist in all chaotic maps [51].

Fd
i (k) = ∑

j∈k best,j 6=i
C(k)Fd

ij(k) (72)

Table 1. The chaotic mapping method.

No Chaotic Map Function Range

1 Chebyshev yk+1 = cos
(
k cos−1(yk)

)
[−1, 1]

2 Circle yk+1 = mod
((

yk + d−
( e

2π

)
sin(2πyk)

)
, 1
)

[0, 1]

3 Gauss/Mouse yk+1 =

{
1 yk = 0

1
mod(yk ,1) otherwise

[0, 1]

4 Iterative yk+1 = sin
(

eπ
yk

)
e = 0.7 [−1, 1]

5 Logistic yk+1 = eyk(1− yk)e = 4 [0, 1]

6 Piecewise
yk+1 =


yk
M 0 ≤ yk < M
yk−M
0.5−M M ≤ yk < 0.5
1−M−yk

0.5−M 0.5 ≤ yk < 1−M
1−yk

M 1−M ≤ yk < 1

M = 0.4
[0, 1]

7 Sine yk+1 = e
4 sin(πyk)e = 4 [0, 1]

8 Singer yk+1 = τ
(
7.86yk − 23.31y2

k + 28.75y3
k − 13.302875y4

k
)

τ = 1.07
[0, 1]

9 Sinusoidal yk+1 = ey2
k sin(πyk) e = 2.3 [0, 1]

10 Tent yk+1 =

{ yk
0.7 yk < 0.7

10
3 (1− yk) yk ≥ 0.7

[0, 1]

5.4. Optimal Feedback Coefficients for State Feedback Controller

For the mixed H2/H∞ controller u(t) = Kix(t), ( i = 1 ∼ 3) designed in Section 4, the
procedure for finding the optimal feedback coefficient Ki using CPSOGSA is given in this
section.

The HTGS state space models corresponding to Equations (27), (32) and (37) were
established in Simulink and the error performance indicators (adaptation values) were
established at the same time, as shown in Figure 4. The commonly used error performance
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indicators include ISE, IAE, ITAE, ISTE, etc. [52,53]. In this work, the ITAE indicator was
selected, which is defined as follows:

f it =
∫ ∞

0
t|e(t)|dt (73)

where e(t) is the error.
The complete process is shown in Figures 5 and 6: CPSOGSA is assigned to the

weighting coefficients µ
(i)
1 ∼ µ

(i)
10 → the LMI toolbox in MATLAB is used to solve the

mixed H2/H∞ controller feedback coefficients Ki → Ki is updated to the HTGS state-
space model in Simulink for the characteristic test and the output adaptation value f it is
calculated→ the next round of µ

(i)
1 ∼ µ

(i)
10 assignment is carried out in the direction of

minimizing f it, i.e., iterative optimization until the set number of iterations is reached.
The obtained set of µ

(i)
1 ∼ µ

(i)
10 with the smallest f it and the corresponding Ki are

the optimal weighting and feedback coefficients, respectively. With this process, the op-
timal feedback coefficients K1, K2, and K3 are calculated. Finally, the HTGS T-S fuzzy
mixed H2/H∞ controller based on the CPSOGSA optimization algorithm is obtained by
substituting K1, K2, and K3 into Equation (44).

Figure 5. Schematic view of MATLAB/Simulink-based HTGS problem.
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Figure 6. Solution process of CPSOGSA algorithm.

6. Simulation Studies
6.1. Model

According to Equations (2), (4), (11), (14), (20) and (44), the simulation models were
built in Simulink. Figure 7 shows the simulation model of the hydraulic turbine, Figure 8
shows the simulation model of the penstock, Figure 9 shows the nonlinear simulation
model of the generator, Figure 10 shows the simulation model of the actuator, Figure 11
shows the simulation model of the controller, and Figure 12 shows the simulation model of
the HTGS.
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Figure 7. Simulation model of hydraulic turbine.

Figure 8. Simulation model of penstock.

Figure 9. Simulation model of generator.
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Figure 10. Simulation model of actuator.

Figure 11. Simulation model of controller.
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Figure 12. Simulation model of HTGS.

6.2. Parameters

The simulation test process is done in a MATLAB/Simulink environment. The main
parameters of the HTGS in this paper are shown in Table 2.

Table 2. Parameters of HTGS.

Parameters Value Parameters Value

ex −1.0 D 2.0
ey 1.0 E

′
q 1.35

eh 1.5 Vs 1.0
eqx 0 X

′
DΣ 1.15

eqy 1.0 XqΣ 1.47
eqh 0.5 δ0(

◦) 30
e 1.0 Tw(s) 1.0

TJ(s) 9.0 Ty(s) 0.1

The corresponding matrix is as follows:

A(1) =


0 314.1593 0 0

−14.159 − 2
9

1
9 0

0 0 −1 22
0 0 0 −24

 (74)

A(2) =


0 314.1593 0 0

−14.159 − 2
9

1
9 0

0 0 −1 22
0 0 0 −24

 (75)

A(3) =


0 314.1593 0 0

−14.159 − 2
9

1
9 0

0 0 −1 22
0 0 0 −24

 (76)

B(1)
u = B(2)

u = B(3)
u =


0
0
−20
10

 (77)



Energies 2022, 15, 4771 21 of 31

We set the number of optimization iterations to 100. The iterative process is shown
in Figure 13. The CPSOGSA algorithm is close to convergence at the 80th iteration and
the traditional PSO, GSA, and DE algorithms all fall into the local optimum problem. The
adaptation value obtained by the CPSOGSA algorithm is the smallest compared to other
optimization algorithms, which indicates that the CPSOGSA algorithm has more accurate
computational results in the problem of optimizing the parameters of the HTGS mixed
H2/H∞ controller.

Figure 13. Convergence curve of controller optimization.

The weighting coefficients in Equations (49)–(54) obtained from the CPSOGSA opti-
mization algorithm are shown in Table 3.

Table 3. Weighting coefficients.

Parameters Value Parameters Value Parameters Value

µ
(1)
1

0.0001 µ
(2)
1

0.5441 µ
(3)
1

0.8000

µ
(1)
2

0.6607 µ
(2)
2

0.6039 µ
(3)
2

0.3319

µ
(1)
3

0.7500 µ
(2)
3

0.0134 µ
(3)
3

0.0490

µ
(1)
4

0.1500 µ
(2)
4

0.4867 µ
(3)
4

0.0915

µ
(1)
5

0.0002 µ
(2)
5

0.0288 µ
(3)
5

0.0165

µ
(1)
6

1.0000 µ
(2)
6

0.4352 µ
(3)
6

0.4000

µ
(1)
7

0.0001 µ
(2)
7

0.5438 µ
(3)
7

0.9824
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The LMI toolbox in MATLAB is used to solve for the mixed H2/H∞ controller feedback
coefficients with the following results:

K1 =
[

9, 744 20, 102− 6, 631− 14, 763
]

K2 =
[

4, 130 − 127, 380− 6, 700− 13, 460
]

K3 =
[

3, 520 − 140, 440− 6, 210− 12, 470
] (78)

The HTGS T-S fuzzy mixed H2/H∞ controller based on CPSOGSA optimization is
obtained by substituting K1 ∼ K3 into Equation (44).

To demonstrate the performance feasibility of the controller in this paper, a T-S fuzzy
linear quadratic regulator (LQR) controller and a PID controller are introduced for com-
parative analysis. The T-S fuzzy LQR controller was calculated according to the Q and
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R matrices of the corresponding δ in the literature [54]. The Q and R matrices and the
controller feedback coefficients KLQRi are as follows:

Q1 = Q3 =


100 0 0 0
0 100 0 0
0 0 1 0
0 0 0 1

 (79)

R1 = R3 = 0.1 (80)

Q2 =


48.261 0 0 0

0 230.5023 0 0
0 0 1.0182 0
0 0 0 9.9641

 (81)

R2 = 0.0337 (82)
KLQR1 =

[
30.7228 294.4374− 19.5328− 47.4211

]
KLQR2 =

[
35.6551 621.2588− 23.7333− 68.2293

]
KLQR3 =

[
30.6314 319.9401− 18.4982− 45.3461

] (83)

6.3. Simulation and Validation Results
6.3.1. Case 1. Sudden Load Reduction

The variation curves of the rotational speed and unbalanced power of the unit for
a sudden 0.2 (p.u.) load reduction of the system at 0.5 s are given in Figures 14 and 15,
respectively. The solid red line is the simulation waveform of the controller obtained by
the method shown in this paper. The green and blue dashed lines are the simulation
waveforms with the T-S fuzzy LQR controller and without any controller, respectively.
As shown in Figure 14, after the sudden load shedding, the rotational speed of unit rises
to the maximum value within 0.5 s. If no controller is set, the rotational speed oscillates
and decays with high fluctuation amplitude only under the effect of generator damping
winding. With the T-S fuzzy LQR controller and the T-S fuzzy mixed H2/H∞ controller,
the increase of the unit’s rotational speed is slight and all of them can recover to the rated
value. Compared to the T-S fuzzy LQR controller, the T-S fuzzy mixed H2/H∞ controller
can stabilize the unit’s rotational speed in a shorter interval with a transient time of
Ts = 1.5 s. The performance indicators are compared as shown in Table 4. As shown in
Figure 15, the T-S fuzzy mixed H2/H∞ controller can eliminate the unbalanced power
quickly and has a smaller overshoot.

Table 4. Comparison of performance indicators of different controllers in Case 1.

T-S Fuzzy LQR Controller T-S Fuzzy Mixed H2/H∞ Controller

Overshoot (p.u.) 1.00155 1.00153
Transient time (s) 3.5 1.5
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Figure 14. The curve of unit’s rotational speed change during sudden 0.2 (p.u.) load reduction.

Figure 15. The curve of unbalanced power change during sudden 0.2 (p.u.) load reduction.

6.3.2. Case 2. Sudden Load Increase

The variation curves of the rotational speed and unbalanced power of the unit for
a sudden 0.2 (p.u.) load increase of the system at 0.5 s are given in Figures 16 and 17,
respectively. As shown in Figure 16, the rotational speed of the unit drops to the minimum
value within 0.5 s after the sudden load increase. Without the controller, the rotational
speed undergoes oscillatory decay with high fluctuation amplitude only under the effect
of the generator damping winding. With the T-S fuzzy LQR controller and the T-S fuzzy
mixed H2/H∞ controller, the reduction of the unit’s rotational speed is slight and all of
them can recover to the rated value. Compared to the T-S fuzzy LQR controller, the T-S
fuzzy mixed H2/H∞ controller can stabilize the unit’s rotational speed in a shorter interval



Energies 2022, 15, 4771 24 of 31

with a transient time of Ts = 1.3 s. The performance indicators are compared as shown in
Table 5. As shown in Figure 17, the T-S fuzzy mixed H2/H∞ controller can eliminate the
unbalanced power quickly and has a smaller overshoot.

Figure 16. The curve of unit’s rotational speed change during sudden 0.2 (p.u.) load increase.

Figure 17. The curve of unbalanced power change during sudden 0.2 (p.u.) load increase.

Table 5. Comparison of performance indicators of different controllers in Case 2.

T-S Fuzzy LQR Controller T-S Fuzzy Mixed H2/H∞ Controller

Overshoot (p.u.) 0.9985 0.9985
Transient time (s) 4.5 1.3
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6.3.3. Case 3. Perturbation from Wind Power

Simulations of the above two single load power disturbance cases show that the
controller proposed in this paper has better control performance. Case 3 introduces the
continuous wind power fluctuations depicted in Figure 18 to compare the proposed con-
troller with the conventional PID controller. From the system frequency response shown
in Figure 19, the proposed controller has better performance in suppressing the system
frequency deviation caused by wind power fluctuation.

Figure 18. Continuous wind power fluctuations.

Figure 19. Frequency response of the system.
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6.3.4. Case 4. System Parameters Change

As the hydro-generator set runs for a long time, some parameters change, which can
affect the control performance of the controller. To illustrate the robustness of the designed
controller, sensitivity analysis was performed by varying the system parameters in a simu-
lation scenario. The variation of the control effect of the T-S fuzzy mixed H2/H∞ controller
on the unit for a given δ disturbance when the actuator response time constant Ty and the
penstock flowing water inertia time constant Tw are increased, shown in Figures 20 and 21
and Figures 22 and 23, respectively. As shown in Figures 20 and 21, the control effect of the
proposed controller is almost unaffected when Ty increases. As shown in Figures 22 and 23,
the rise of Tw has only a tiny impact on the overshoot amount, and the change of transient
time is not apparent, all within the controllable range. It shows that the controller proposed
in this paper can provide favorable control of the system with strong robustness, even in
the case of unit parameter ingestion.

Figure 20. The control effect of the controller when Ty changes (∆x− t).
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Figure 21. The control effect of the controller when Ty changes (∆δ− t).

Figure 22. The control effect of the controller when Tw changes (∆x− t).
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Figure 23. The control effect of the controller when Tw changes (∆δ− t).

7. Conclusions

To suppress the frequency fluctuations of the power system containing a hydro-
generator set caused by load changes and the stochastic nature of renewable energy gener-
ation such as wind power, a T-S fuzzy mixed H2/H∞ controller for the hydraulic turbine
governing system based on the CPSOGSA algorithm is proposed in this paper. Based on the
study results, the following main conclusions can be drawn. (i) The CPSOGGSA algorithm
is applicable to the optimization of the parameters associated with the proposed T-S fuzzy
mixed H2/H∞ controller, which exhibits better performance in avoiding becoming trapped
in a local optimum solution. (ii) This paper introduces an incremental form model of HTGS
using precise electromagnetic power expressions to make the results of T-S fuzzy local
linearization more accurate, which has not been proposed before. (iii) Simulation results
show that the HTGS T-S fuzzy mixed H2/H∞ controller proposed in this paper outperforms
existing state feedback controllers in terms of maximum overshoot and transient time in
response to load variations and wind power perturbations. In addition, it is also verified
that the method is highly robust to system parameter variations. It is our future work to
study the load frequency control (LFC) of microgrids containing a hydro-generator set with
the introduction of energy storage elements using the T-S fuzzy mixed H2/H∞ control
method based on CPSOGSA.
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HTGS Hydraulic turbine governing system
T-S Takagi–Sugeno
LMI Linear matrix inequality
CPSOGSA Modified hybrid particle swarm optimization and gravitational

search algorithm with chaotic maps
LQR Linear quadratic regulator
PID Proportional-integral-derivative
PDC Parallel distributed compensation
GSA Gravitational search algorithm
PSO Particle swarm optimization
GA Genetic algorithm
LFC Load frequency control
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