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Abstract—Operation of the most turbine governors currently
in use is based on Proportional-Integral-Derivative (PID) con-
trollers. The use of PID controllers is widespread primarily
because of their extensive applicability to a variety of single-
input-single-output (SISO) applications. However, classical PID
controllers have disadvantages, e.g. resiliency to disturbances
and uncertainties, as well as integral windup. In this regard,
a controller based on the Model Predictive Control (MPC)
algorithm, which is known as a Generalized Predictive Control
(GPC), is developed and applied to a linearized SISO model
of the hydropower plant. The response of the system with
constrained GPC is compared to the classical PI controller. The
main conclusion is that GPC provides better performance than
the classical PI regulator.

Index Terms—hydraulic turbine dynamic model, linear model,
load frequency control, predictive control, turbine governors

I. INTRODUCTION

Proportional-Integral-Derivative (PID) controllers are
widespread in turbine governor applications [1]. Although
they have many advantages, such as easy implementation, the
main disadvantage of PID controllers is a fairly low robustness.
If the system parameters cannot be precisely estimated, the
designed PID controller may not be resilient to uncertainties
and disturbances. Another important disadvantage of PID
controller is integral windup, i.e. the process of accumulating
the integral component beyond the saturation limits of
actuators. More advanced types of controllers, such as
controllers based on Generalized Predictive Control (GPC)
algorithm, offer an alternative approach to control hydro
turbines, avoiding problems associated with PID controllers.

Each turbine governor consists of two automatic controllers:
a speed controller and a frequency/load controller [2]. During
the start-up sequence, the speed controller is used, while the
breaker is open. Once the generator is synchronized to the
grid, the frequency/load controller takes over the control.

Generally speaking, the application of Model Predictive
Control (MPC) for load/frequency control of hydropower
plants is not widespread as for controlling thermal power
plants and wind power plants. In [3], the authors analyze
applicability of industrial MPC to thermal power plants. Dy-
namic Matrix Control (DMC) was applied on a detailed plant
simulator, which is used for operator training and controllers
tuning. The results have shown a great potential of MPC
in terms of economical savings, reduction of pollutants and

improved flexibility. In [4], the authors applied MPC to a
superheater steam temperature control in the coal-fired thermal
power plant. An MPC controller is compared with a classical
PID controller and the obtained results showed that the steam
temperature controlled by the MPC controller is more stable.

Application of MPC strategy to a large gas turbine power
plant is examined in [5] order to improve plant thermal
efficiency and load/frequency control capabilities. Simulation
results have shown significant improvements in the frequency
variations and load following capability. This has led to
improvements in the overall combined cycle thermal efficiency
of 1.1%. A constrained MPC-based controller for the purpose
of wind turbine control was presented in [6]. The performance
of the MPC controller with constraint handling is compared
with the PI controller with integrator anti-windup. Simulation
results have shown that MPC strategy ensures that soft con-
straints are satisfied to the greatest possible extent while at the
same time hard constraints are not violated. The implications
of formulating a single control law that governs the entire wind
speed range of operation for a wind turbine are discussed in
[7]. In this paper, the authors analyzed a controller based on
a nonlinear MPC and that includes wind speed predictions in
the prediction horizon.

The main reason why MPC is analyzed and applied more
often to control of thermal power plants then to control of
hydropower plants is because hydropower plants have faster
dynamic behavior. In this paper the frequency/load controller
is analyzed. The analyzed plant consists of a single tunnel
drawing water from an upper reservoir into a manifold, which
splits the flow into two groups of two penstocks. Each pen-
stock feeds a single unit to produce electricity. Produced active
power of each unit is regulated by controlling the flow of
water using a guide vane at each turbine. Each turbine drives
a synchronous generator and the amount of active power which
is fed into the grid is regulated by the PI feedback loops or
GPC, which change the guide vane angle, thus regulating the
flow of water into the turbine. Unit 1 is a 4.8 MW Francis
turbine, while Units 2-4 are identical 6.4 MW Francis turbines.
For simulation purposes in this paper, a linearized SISO model
of Unit 3 is used. A schematic representation of hydropower
plant Miljacka is given in Fig. 1, while the basic parameters
of the plant used to create the simulation model are listed in
Table I [8].



Figure 1. Schematic diagram of hydropower plant Miljacka.

TABLE I
HYDROPOWER PLANT MILJACKA PARAMETERS.

Number of units 4

Type of turbines Francis

Rated power - Unit 1 4.8 MW

Rated power - Units 2-4 6.4 MW

Rated speed 500 rpm

Rated flow/unit 7.4 m3 s−1

Net head 103 m

Length of penstock 168 m

Penstock diametar 1.6 m

Nowadays, controllers for turbine governor applications are
usually based on Single-Input-Single-Output (SISO) linearized
models. The main issue with this is that hydropower plants
are highly nonlinear systems. The two main characteristics of
hydropower plants are nonlinear relationship between guide
vane angle, volume flow of water and mechanical power,
and Non-Minimum-Phase (NMP) behavior [9]. This implies
that the parameters of the linearized model vary significantly
across plant’s operating range. Therefore, a fixed parameter
PID structure controller can only be optimal at operating
point chosen during the controller design. In this paper, GPC
algorithm also uses linearized SISO model as controller’s
internal model and for process simulation purposes.

Main intention of this paper is to compare the proposed
predictive controller with the classical PI controller using an
identical SISO linearized model.

The rest of the paper is organized as follows. The plant
model is explained in Section II. Unconstrained and con-
strained GPC algorithm formulation is explained in Section
III, while simulation results and discussion are provided in
Section IV. The paper is concluded in Section V.

II. SISO PLANT MODEL

The analyzed plant model is presented in Fig. 2.
Main components of the model are:
• guide vanes and their hydraulic actuator transfer function,
• penstock transfer function,
• Francis turbine transfer function.
A simplified transfer function that describes the penstock

dynamic behavior is [10]:

Figure 2. Subsystems of the hydropower plant.

∆hTC(s)

∆qT (s)
= −Tws, (1)

where hTC is the dynamic pressure at the end of the penstock
(head), qT is the flow of water through the turbine, Tw is the
water starting constant, ∆ stands for deviation, and s denotes
the Laplace domain.

Francis turbine model is expressed by (2) and (3) that
describe flow of water through turbine and mechanical power
output [11]:

qT = y
√
hTC (p.u.), (2)

P = At(qT − qNL)hTC −Day∆w (p.u.), (3)

where At is a parameter that converts gate opening to per unit
turbine power on the volt-ampere base of the generator and
takes into account the turbine gain, qNL is the no-load flow,
Da is turbine damping coefficient and ∆w is turbine runner
speed deviation.

From (2) it is clear that the turbine model is nonlinear
and it is necessary to linearize the turbine model in order to
obtain a linearized SISO model of the plant. Linearization of
the turbine model is made by linearizing (2) and (3) in the
following way:

∆qT = k11∆hTC + k12∆wN + k13∆y, (4)

∆P = k21∆hTC + k22∆wN + k23∆y, (5)

where (6) and (7) define k1i and k2i coefficients (i = 1, 2, 3):

k11 =
∂qT
∂hTC

, k12 =
∂qt
∂wN

, k13 =
∂qT
∂y

, (6)

k21 =
∂P

∂hTC
, k22 =

∂P

∂wN
, k23 =

∂P

∂y
. (7)

Linearization is made for the operating point:

hTC = 1 (p.u.),

wN = 1 (p.u.),

y = Y0 = 0.3 (p.u, ).

(8)

After combining (1), (4) and (5), the linearized unit’s
mechanical power is:

∆P =k22∆wN +k23∆y − k21(k12∆wN + k13∆y)(−sTw)

−1 + k11(−sTw)
. (9)



It is assumed that the unit is synchronized to the grid and
turbine governor works in frequency/load controller mode. In
case when the grid is “stiff”, ∆wN ≈ 0 because frequency
deviation can be considered negligible.

Finally, the transfer function that describes turbine’s me-
chanical power output as a function of the guide vane angle
is expressed by:

∆P

∆y
=
k23 − (k13k21 − k11k23)Tws

1 + k11Tws
. (10)

Additionally, guide vane opening ∆y is actuated by hy-
draulic servo, whose transfer function is:

∆y

u
=

1

Tas+ 1
, (11)

where Ta is a time constant that describes dynamic of hy-
draulic servo actuating system and u is control signal produced
by governor. Finally, the transfer function that describes SISO
linearized plant model is:

P

u
=

(
1

Tas+ 1

)(
k23 − (k13k21 − k11k23)Tws

1 + k11Tws

)
. (12)

Classical PI governor used for simulation purposes has the
following transfer function:

u =

(
Kp +

Ki

s

)
(r − P ), (13)

where r is an active power set-point.
If hydropower plant provides primary reserve, active power

set-point varies with respect to the grid frequency. Active
power set-point change is then:

R = r +D(fN − fG), (14)

where D presents droop characteristic, fN is nominal fre-
quency and fG is grid frequency.

III. SISO GPC

A. Unconstrained SISO GPC

MPC as a control strategy has many variants and GPC is
one of the most frequently used predictive control strategies,
which is used in this paper.

The main idea of GPC is to include within the controller the
simplest possible predictive model of the plant. The predictive
model used in GPC is represented in form of transfer function.
The model predicts future output of the plant based on the
past and the present values of control and measured/estimated
outputs of the plant if subjected to a given control input
sequence. At each time step the plant’s output is predicted for
a specified number of samples (N ) into the future, known as
the prediction horizon, while control input can also be changed
only for a specified number of samples (Nu) into the future,
known as the control horizon. This means that the predicted
error of the plant’s output from a reference trajectory can be
calculated. The calculations of control sequence are done in a

way that an optimization problem is set up and solved. Cost
function, which is as part of the optimization problem, can be
set up in various ways depending on response specifications
of the plant and the type of optimization problem.

Only the first value of the computed control sequence is
applied to the plant at the time step for which the calculations
are made. At the next time step, the output of the plant is
measured/estimated, and the entire computation procedure is
repeated using the receding horizon principle.

The quadratic cost function, which is used in this paper, to
be minimized at each sample k is expressed by:

J =

[
eTk+1
−−→

ek+1
−−→

]
+

[
∆uT

~
k ∆u

~
k

]
Wu, (15)

ek+1 = rk+1 − yk+1, (16)

where rk+1
−−→

is the future reference trajectory vector, yk+1
−−→

is
the optimal predicted output of the plant defined at prediction
horizon N , ∆ is the (1 − z−1) operator, u

~
k is a control

sequence and Wu positive definite weighting matrix used
to penalize control effort. Vectors rk+1

−−→
, yk+1
−−→

and matrix

W
[Nu×Nu]
u are expressed by:

rk+1
−−→

=


rk+1

rk+2

...
rk+N

 , yk+1
−−→

=


yk+1

yk+2

...
yk+N

 ,Wu =

Wu . . . 0
...

. . .
...

0 . . . Wu

 .

(17)
The discrete-time predictive model used within GPC con-

troller in this paper is represented by using the Controlled Au-
toRegressive Integrated Moving Average (CARIMA) model:

a(z)∆yk = b(z)∆uk + T (z)ε(z). (18)

For convenience, as the output is measured, the prediction
model uses variables of the output and input increment and
assumes the best estimate of future random term T (z)ε(z) =
0.

In (18), b(z) is a polynomial that represents numerator of the
transfer function, while a(z) is a polynomial that represents
denumerator of the transfer function:

a(z) = 1 + a1z
−1 + · · ·+ anz

−n, a(z)∆ = A(z), (19)

b(z) = b1z
−1 + · · ·+ bmz

−m. (20)

There is no need for a disturbance estimate in this prediction
model because disturbance estimate is implicit within the use
of increments.

Instead of using recursion to find dependence of the output
predictions upon past (or known) data and decision vari-
ables, output predictions can be found by using compact
matrix/vector form:

yk+1
−−→

= H∆u k−→
+ P∆uk−1

←−−
+Qy k←−

, (21)

where H , P and Q matrixes are expressed as:



H = C−1
A Cb, P = C−1

A Hb, Q = C−1
A . (22)

Matrixes CA, Cb, HA and Hb are expressed by:

CA =


1 . . . 0 0
A1 1 0 0
...

. . .
... 0

AN−1 AN−2 . . . 1

 , (23)

HA=


A1 A2 · · · An−4 An−3 · · · An−1 An

A2 A3 · · · An−3 An−2 · · · An 0
... · · · · · · An−2 An−1 · · · 0 0

AN AN+1 · · · An−1 An · · · 0 0

, (24)

Cb =


b1 0 0 0
b2 b1 0 0
...

. . .
... 0

bN bN−1 . . . b1

 , (25)

Hb=


b2 b3 · · · bm−4 bm−3 · · · bm−1 bm
b3 b4 · · · bm−3 bm−2 · · · bm 0
... · · · · · · bm−2 bm−1 · · · 0 0

bN+1 bN+2 · · · bm−1 bm · · · 0 0

. (26)

In the unconstrained case, the optimal control law can be
found explicitly by substituting (21) into (15), which gives the
following cost function to be minimized:

J =(∆uk)T (HTH + WuI)∆u k−→
−

2(H∆u k−→
)T (rk+1

−−→
− P∆uk−1

←−−
−Qy k←−

),
(27)

u∗ = min
∆u k−→

(J). (28)

As the cost function is quadratic and strictly positive, a
unique minimum is determined by:

∇(J) = 0, (29)

which means that in the unconstrained case the optimal control
sequence can be calculated using the following equation:

∆u k−→
= (HTH + WuI)−1HT (rk+1

−−→
− P∆uk−1

←−−
−Qy k←−

). (30)

From (30) it is clear that the optimal control sequence in
unconstrained case depends linearly on the future reference
trajectory and past inputs/outputs.

Only the first value of the computed control sequence in (30)
is applied to the plant since optimization procedure is repeated
at every next time step and proposed future control increments
in the current time step will be adjusted and improved in the
following time steps.

Since GPC algorithm used in this paper is set up in a way
that optimal input increment is calculated at each time step,
the control signal sent from the controller to the actuator at
time step k is computed in the following way:

uk = uk−1 + ∆uk. (31)

B. Constrained SISO GPC

Two main advantages of the MPC over the classical con-
trollers, i.e. PID structure controllers, are following [12], [13]:
• MPC incorporates hard constraints into control law nat-

urally during the controller design phase,
• it is relatively straightforward to extend MPC controller

for SISO application to multiple input multiple output
(MIMO) application.

Typical types of constraints which are usually defined within
the GPC algorithm are [12], [13], [14]:
• upper and lower limits on an input

min u ≤ uk ≤ max u ∀k,
• upper and lower limits on input rates

min ∆u ≤ ∆uk ≤ max ∆u ∀k,
• upper and lower limits on a state/output

min y ≤ yk ≤ max y ∀k.
It is also possible to have mixed constraints, i.e. linking

inputs at different samples. Constrains included in GPC algo-
rithm are constraints on guide vane rate and amplitude. The
quadratic cost function defined in (15) is used as well, in order
to set up predictive controller as a quadratic programming
problem subject to the control constraints C∆u k−→

≤ c.
Matrix C [4Nu×Nu], vector c[4Nu×1] and vector ∆u

[Nu×1]
k−→

are defined as follows:

C =


I
−I
I
−I

 , ∆u k−→
=


∆uk

∆uk+1

...
∆uk+Nu−1

 ,

c =


l(max u)
−l(min u)
l(max ∆u)
−l(min ∆u)

 , l =


1
1
...
1

 .
(32)

Dimension of vector l is [Nu × 1].

C. The Predicitve Model of the Plant

GPC controller is designed using transfer function of Unit
3 of hydropower plant Miljacka defined in Section II, which
consists only of guide vane and hydraulic subsystems. The
predictive model of the plant with sample period Ts = 0.25 s
has the following transfer function:

G(z) =
0.2908z + 1.74

z2 − 0.7851z + 0.1494
. (33)

The polynomials in (19) and (20) are:

a(z−1) = 1− 0.7851z−1 + 0.1494z−2, (34)

b(z−1) = 0.2908z−1 + 1.74z−2. (35)



Figure 3. Response specifications for a step change.

IV. RESULTS AND DISCUSSION

Unconstrained GPC controller does not include the rate-
limit constraint at the guide vane, which is mandatory in the
turbine governor applications. A fixed rate-limit, at which the
guide vane can open or close, prevents excessive variations
in the tunnel pressure and is necessary due to safety reasons.
Additionally, this constraint plays a vital role in mitigating the
NMP behavior, which occurs during the initial part of power
transients. Due to these reasons, this section contains only the
response produced by a constrained GPC controller, which is
compared to the response produced by the PI controller. Two
cases are analyzed. In the first case load/frequency controller
does not have an obligation to provide primary reserve (load
control mode), while in the second case obligation to provide
primary reserve is included (frequency control mode). The
step response specifications for single-unit operations, shown
in Fig. 3, is used as a reference.

The three most important criteria that will be analyzed are
the following:
• NMP undershoot,
• Overshoot,
• Primary response – at least 90% of demanded step power

change realized within 10 s of initiation.
Table II shows that NMP response (C4 criterion) must be

under 2% and overshoot (C2 criterion) must be below 4%.
The responses of the model introduced in Section II are

given in Fig. 4 and Fig. 5, respectively. Load control mode is
presented in Fig. 4, while frequency control mode is presented
in Fig. 5. Black dotted line in both figures presents the
response of the PI controller, while blue line is used to

TABLE II
SPECIFICATIONS FOR THE CONTROL DESIGN [15].

Criterion Specification for single unit step response
C1 - rise time C1 ≥ 90% at tC1 = 10 s

C2 - overshoot C2 ≤ 4% and tC2 ≤ 15 s

C3 - settling time tC3
= 30 s for C3 ≤ 0.5%

C4 - NMP C4 ≤ 2%

Figure 4. Comparison of step responses produced by the GPC and PI
controllers – load control mode.

present the response of GPC controller. Simulated PI and
GPC controller settings are given in Table III. The following
GPC controller settings are defined in Table III: prediction
horizon N , control horizon Nu and control weighting Wu.
Aspects constituting a long prediction and control horizons are
not explicitly defined and for every application may require
the trial-and-error simulations. In this paper, the trial-and-
error simulations result in minimum prediction horizon length
N = 40, control horizon length Nu = 10 and control
weighting Wu = 150. The parameters of the PI controller
are defined in the way that the system has reasonable value
of the gain margin (2 ≤ Gm ≤ 5) and the phase margin
(30◦ ≤ Pm ≤ 60◦) [16]. The gain and phase margin for the
analysed system are given in Fig 6.

TABLE III
CONTROLLER SETTINGS.

Controller Settings
PI Kp = 0.017 Ki = 0.17

GPC

N = 40 Nu = 10

max u = 1 p.u. min u = 0 p.u.

max ∆u = 0.1 p.u. min∆u = 0.01 p.u.

Wu = 150

Figure 5. Comparison of step responses produced by the GPC and PI
controllers – frequency control mode.

Structure of both models is presented in Fig. 2. Black line
in Fig. 2. presents grid frequency measurement required in
frequency control mode. Parameter D is used to introduce the
droop characteristic. The value of D in the frequency control



Figure 6. Stability margins.

mode is equal to 2%, which means that if grid frequency
decreases by 1%, the hydropower plant will increase its power
output by 2% to stop further frequency decrease.

Additionally, a comparison of PI and GPC responses using
the criteria defined in Table II is shown in Tables IV and V.

TABLE IV
COMPARISON OF PI AND GPC RESPONSES – LOAD CONTROL MODE.

Criterion PI GPC
C1 90% at 9.2 s 90% at 6.9 s

C2 No overshoot No overshoot

C3 11.9 s 8.1 s

C4 3.8% 1%

TABLE V
COMPARISON OF PI AND GPC RESPONSES – FREQUENCY CONTROL

MODE.

Criterion PI GPC
C1 90% at 9.8 s 90% at 7.1 s

C2 No overshoot No overshoot

C3 11.2 s 7.5 s

C4 3.4% 1.3%

In the first case, where load control mode is simulated, Unit
3 of hydropower plant Miljacka operates initially at 0.2 p.u.
of the full load. After that, a 0.1 p.u. step demand (10% of the
rated power) is applied to Unit 3. Fig. 4 and Table IV show
that step response in load control mode with GPC controller
settles 3.8 s sooner, NMP undershoot is reduced by 2.8% and
primary response is 2.3 s faster than in the case with the PI
controller.

In the second case, where automatic frequency control
mode is simulated, Unit 3 of hydropower plant Miljacka
operates initially at 0.3 p.u. of the full load. At t = 50 s,
a disturbance occurs and the grid frequency is decreased by
1%. Since the droop characteristic of Unit 3 is D = 2%, active

power reference trajectory is increased by 2% (0.02 p.u) to
compensate for this frequency deviation. Fig. 5 and Table V
show that response in the frequency control mode with GPC
controller settles 3.7 s sooner, NMP undershoot is reduced by
2.1% and primary response is 2.7 s faster than in the case with
the PI controller.

Additional simulations, presented in Fig. 7, are conducted
with Wu values of 150, 100, 50 and 10. They show that it
is possible to achieve faster GPC response by reducing the
value of Wu, which penalizes the control effort. In this case,
NMP undershoot and overshoot are increased, which means
that further improvements are possible only at the expense of
another criteria.

Figure 7. Influence of Wu on GPC response.

V. CONCLUSION

The main intention of this paper was to show the possibility
of applying MPC controller as frequency/load controller in a
turbine governor. A linearized SISO plant model was used for
the simulation purposes and comparison between the standard
PI and the MPC controller shows that predictive control
strategy improves control behavior of a turbine governor. In
Section IV, simulation results have shown that PI controller
violates undershoot criterion, defined in Table II, while GPC
controller satisfies all criteria and shows superiority over the
classical PI controller.

Although the GPC controller simulations have shown
promising results, it is still not clear whether this type of
controllers have practical implementation potential due to
implementation complexity and difficulty of industrial appli-
cation of the predictive control. A new generation of turbine
governor hardware is capable of dealing with computational
requirements of prediction control, but to the best of the
authors’ knowledge, currently there is no practical implemen-
tation of the predictive control in the turbine governor appli-
cations. Therefore, further research will primarily be focused
on the practical implementation of the predictive controller
on a hydropower plant model available in the Smart Grid
Laboratory at the University of Zagreb Faculty of Electrical
Engineering and Computing. Furthermore, behavior of the
MPC controller in presence of measurement noise and the
influence of predictive control strategy on control activity of
the plant will be investigated.
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