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ABSTRACT

A novel method to further improve control quality of existing
intelligent controllers applying fuzzy logic and artificial
neural network techniques is presented in this study. The
novel idea is that a number of meaningful scaling factors,
which are determined by an effective optimization
mechanism, will be embedded in the control system to
fine-tune the dynamic responses, thereby further improve
control performances. The proposed control strategy will be
applied to a typical case study regarding the speed control
problem of synchronous generators in a hydropower system
affected by the random and continuous load changes.
Numerical simulations implemented in MATLAB/Simulink
package are used to completely verify the applicability and
superiority of the proposed control scheme in comparison
with the original counterparts and traditional regulators using
PID.

Key words: FL, ANN-based NARMA, scaling factors, turbine
speed control.

1. INTRODUCTION

There seems to be no compelling reason to argue that one of
the most effective methods to design a successful control
strategy is to improve control performances of existing
controllers. This is not only applied for the conventional
regulators such as PID  which stands  for
Proportional-Integral-Derivative, but it is also able to be
applied for the intelligent controllers using modern
techniques i.e. fuzzy logic (FL) and artificial neural network
(ANN). This is highly meaningful to seek a novel method to
further enhance control performances of the modern control
systems.

The FL technique-based controllers which operate depending
upon experiences of experts consist of several crucial
components: 1/0 membership functions for fuzzification and
defuzzification, a rule base and an inference engine. A lot of
control systems applying the FL-based controllers obtained
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good control performances [1-9]. However, there is an issue
which can strongly affect the control quality of the system.
This is the determination of scaling factors for a PD- or
Pl-type FL controllers which are two most effective types of
the FL-based controllers. If these factors can be tuned
successfully by an effective optimization mechanism, the
control quality of the system is able to be further improved.
Such a principle has been reported in literature [1-4].

Similar to the FL-based controllers, ANN-based control
strategies considered to be intelligent controllers have been
recently used for complex control systems [1, 9-10]. These
controllers are highly suitable for nonlinear control systems
in nature. Technically, a neural network is a set of artificial
neurons should learn the plant at first. Then, such a network
can be used for the design of a controller. It is the fact that
there are various ANN — based models applied for designing
intelligent controllers. In the library of Simulink, there are
three typical types of the ANN-based controllers including
nonlinear autoregressive moving average (NARMA), model
reference adaptive controller (MRAC) and model predictive
control (MPC). Among them, the NARMA model has been
applied for a lot of control problems with good control
performances [10]. When going deeper into such a NARMA
architecture, it should be affirmed that its control quality can
be further improved. The idea may also refer to the foresaid
FL-based controller by means of adding a meaningful scaling
factor behind the ANN model. Such a coefficient is also
determined by using an effective optimization method.

This paper is organized as follows. First, the typical structures
of FL and ANN-based control strategies will be presented in
Section 2 as an overview. Then, we focus on modified
procedures presented in Section 3 to design improved
intelligent control strategies including FL-based and
NARMA controllers. In these novel modified controllers,
several meaningful gains which are determined by the PSO
standing for particle swarm optimization algorithm will be
embedded. To demonstrate the applicability and superiority of
the proposed control architectures, Section 4 then introduces
a typical case study of a hydropower plant in dealing with the
turbine speed control against continuous and random load
variations. At last, Section 5 will provide conclusion and
future word raised from this study.
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2. TYPICALLY INTELLIGENT CONTROLLERS
APPLYING FUZZY LOGIC AND ARTIFICIAL
NEURAL NETWORK TECHNIQUES

A typical simple control system includes a control plant, a
controller and a sensor. If the controller is designed as an
intelligent one, such a control system should be defined as an
intelligent control strategy. The term “intelligent control”
implies a control  technique applying  human
knowledge-decision making. This means that such a control
technique uses human intelligence which is technically
so-called experience of experts to intervene in the working
principle of the system in order to achieve desired control
performances [1-2]. A typical intelligent control strategy is
shown in Figure 1 (a).
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Figure 1: Control strategies applying intelligent controllers.
(a) Conventional control architecture
(b) Improved control architecture
The intelligent controllers have been found depending upon
several techniques, such as artificial neural network, fuzzy
logic and metaheuristic mechanisms. The integration
between them as shown in Figure 1(b) is presented below to
design an effective control strategy.

3. IMPROVED INTELLIGENT CONTROLLERS
3.1 Improved FL controllers

A controller applying fuzzy logic technique is one of the most
typical cases of the intelligent control. This type of intelligent
controllers operates relying on the fuzzy logic inference
which normally includes four major phases [1-3]:
(1) Fuzzification is the first stage used to convert crisp
quantities into fuzzy quantities.
(2) Rule base or knowledge base is represented by
IF-THEN rules describing the experiences of experts to
the control problem which is under the consideration.
(3) Inference mechanism, considered to be the heart of
the FL architecture, executes the reasoning to make
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human decisions regarding the considering control
process.

(4) Defuzification is considered to be the inverse stage of
the fuzzification. Technically, this is used to convert the
fuzzy results into the crisp results.

When applying a typical FL-based control strategy, it is
necessary to consider three important components:
membership functions, rule base and scaling factors. With a
PD or Pl-type FL controller as mentioned in [1], when the
membership functions as well as the rule base are selected in a
standard method, the vital mission to further improve control
quality is to determine three scaling factors: two for the inputs
and one for the output of the FL model. The illustration is
shown in Figure 2(a) which is developed from the principle
indicated in Figure 1(b). Here, three scaling factors include
K1, Kz and K3. The first two factors are for the two inputs error
e(t) and derivative of e(t). The last one is for the output u(t)
which means the control signal created from the FL
controller. It should be clear optimization of these factors are
able to obtain the better control performances which will be
demonstrated in the next section of this study.

3.2 Improved ANN-based NARMA

Similar to the FL-based control strategy, the ANN-based
controllers have become the effective approaches of the
intelligent control. One of the most typical control schemes is
presented in Figure 2(b). The ANN-based controller applied
for the control system is the NARMA-L2 [9, 10]. The working
principle of this control architecture following two steps
below:
(i) Step 1: Identification. The idea of this control strategy
is based on the linearization feedback in which the
control plant needs to be linearized first by an
identification process. A neural network may need to be
used for such an identification.
(ii) Step 2: Design of ANN-based controller. After the
identification process as mentioned above, an
ANN-based controller can be built following the idea of
model reference tracking control. The controller will be
designed in minimizing the error between the reference
model and the approximated model obtained in the
foresaid identification stage.

Following the idea of the FL-based controller, to further
enhance the control quality of the ANN-based NARMA
controller, the optimization technique will also be applied. As
shown in Figure 2(b), only one factor Ky is embedded in the
control topology and it is successfully determined by an
effective optimization mechanism, i.e. PSO. The applicability
of the proposed ANN-based control architecture together with
the FL-based controllers will be demonstrated in the next
section.
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Figure 2: Control strategies applying improved intelligent
controllers
(a) ANN-based NARMA model
(b) FL — based controller

4. A TYPICAL CASE STUDY TO VERIFY THE
EFFECTIVENESS OF THE PROPOSED CONTROL
STRATEGIES

This section is to present a case study regarding the speed
control of synchronous generators in a hydropower plant.
This is one of the most crucial control problems of the
hydropower plant in order to maintain the system frequency,
ensuring the stability of the power plant. To apprehend the
applicability of the proposed intelligent controllers as
presented in the previous sections, it should be necessary to
establish the mathematical model of a hydropower plant
regarding the speed control problem.

4.1. Mathematical model of the hydropower plant

A hydropower plant typically comprises of essential
components such as a reservoir with dams, penstocks,
hydraulic turbine, speed governors including pilot actuators
and servo motors, and synchronous generators. Each
generator in such a power facility is always equipped with a
governor characterized by a regulation coefficient R to govern
the speed of the generator as the first phase. This is able to
define as the primary control loop. The three crucial
components, namely the speed governor, the penstock-turbine
and the generator-load, are mathematically modeled by
transfer functions in the frequency domain as shown in Figure
3[11].
e The pilot actuator:

AI>E(e (s) _ 1 1)
(s) 1+T,s
Where E(s)=-U(s) —%AQ(S) 2

Substitute (2) to (1) and convert the result into time domain,
one can be obtained as follows:

1 1 1
A%, (t) =——AX, (t) ——— Aw(t) ——u(t 3
(0=~ MO Ae—Fu) @)
Similarly, after converting the transfer functions of the
remaining components, the following can be achieved:

e The servo motor:

. 1 1
Ag(t) = —Ax, () -—Ag(t) (4)
Tg Tg
e The penstock and hydraulic turbine:

28,0 =2 8,0 +[T3+T3] 290)- 4RO

9 w o} w

e The generator-load model:

Ad(t) = ﬁAPm t) —%A@(t) —ﬁAPL ® (6

It is straightforward to deduce the following state-space
model from equations (3)-(6) as presented below:

X(t) = Ax(t)+Bu(t)+ F.AP_(t) (7
Where the state vector x(t) and corresponding matrices
A, B, C are defined as follows:

ISOLATED HYDROPOWER PLANT ,Tl

Speed governor R Load change
™ Pilot actuator Servomotor | Penstock - A7 Synchronou
| | Turbine generator
| |
S0 1 1 1-T,s 1
I T 5 —
% || 1+T,s 1+T,s [ 1] 1+05T,s Ms | | e

e() Ax() Ag() AP0

”””” N~ "\ Load-damping
I
|

Selection

I
I
I
I
| I
PID ‘T}" 1! of speed
controller ) I controllers
I !

Control signal u(f)

—_—————— PAN——

Speed controllers

Figure 3: A typical-isolated hydropower plant applying different
speed controllers

Ax, (1)
Ag(t)
X(t) = (8)
AP, ()
Aw(t)
0 S 0 R
TP TpR
0 i —i 0 0
A= TP TP
o 2 (£+£J 2
Tg TW Tg TW
0 0 0 i —R
L M M




Ngoc-Khoat Nguyen, International Journal of Emerging Trends in Engineering Research, 8(6), June 2020, 2388 - 2394

and F =

1
TP

0 9)
0

0

§|Hooo

4.2. Numerical simulations to testify the proposed control
methodologies

Simulation processes using an effective simulation tool as
MATLAB play an important role in verification of feasibility
of the proposed controllers. This section is executed following
several steps below:
o Design the simulation model in MATLAB/Simulink
environment corresponding to Figure 3 shown earlier. It
is noted that the simulation parameters are given in [11].
e Apply three controllers, namely PID, FL- and
NARMA -based speed control strategies together with
the no-control case in two scenarios of load changes
AP, (t) as presented in Figures 8-10. The intelligent

controllers should be investigated in two perspectives:
with and without using the optimization mechanism. In
this paper, the PSO, one of the most effective
optimization methods, is applied for the improved
intelligent speed controllers [13-17]. The objective or
fitness function used for such a PSO technique is:

T
F s = | [Aco(t)|tdt — min (10)
0
Where T denotes the simulation time. In this study,
simulation parameters for the PSO are shown in Table 1.
e Simulation results are evaluated by a comparison of
dynamic responses regarding each controller.
The NARMA controller with simulation parameters and
training processes are shown in Figures 4-5. The
convergences of the PSO applied for the improved FL and
NARMA speed controllers are depicted in Figure 7(a) and
Figure 7(b). Specifically, three factors of the FL-based
intelligent controller which are determined by the PSO
mechanism are numerically presented in Table 2. It is clear
the PSO technique applied for both intelligent controllers is
completely converged, ensuring the high control quality of
the proposed controllers. Simulation results regarding three
speed controllers presented in Figures 8-12 for two scenarios
of load changes obviously present much better control
performances of the proposed intelligent controllers.
Especially, when compared with the initial FL and NARMA
controllers, the dynamics of the proposed ones are also better
as shown in Figures 11-12 (c, d). They are absolutely able to
verify the high applicability of the proposed control strategies
when conducting the speed maintenance of the synchronous
generator against load changes in a hydropower system.
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Table 1: Parameters for executing the PSO algorithm

Controller Number of Iteratio
variables ns
NARMA 1 30
Fuzzy logic 3 50
controller
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File Window Help Ll
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Figure 4: Simulation parameters of the NARMA model
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Figure 12: Comparison of three controllers — case 2

4. CONCLUSION AND FUTURE WORK

The current paper proposed a novel modification to further
enhance the control performances of two intelligent control
strategies, namely FL and NARMA controllers. With a
number of meaningful factors successfully determined by the
PSO algorithm are embedded in the control architectures, the
control performances able to be further improved. When
applied to a hydropower system in dealing with the speed
control problem against random load changes which is
considered to be a typical case study, the proposed controllers
obtained much better control performances in comparison
with those of the other controllers. This has obviously
demonstrated the applicability of the intelligent control
strategies proposed in this study.

Future work raising from this study is the focus on further
extending applications of the proposed control strategies,
especially applications of practical control systems. This
absolutely concerns the complexity as well as the size of the
control systems. For instance, large power systems with
nonlinear and uncertain characteristics should be the
potential candidates which are able to apply the proposed
intelligent control strategies in the near future.
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