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Continuous power needs to be supplied against the fluctuations in system frequency. To resolve the issue of variations in power
supply, generally PID controller is designed for load frequency controller (LFC), to deal with parameter uncertainties and disturbance
elimination. The dynamic performance of the system is highly reliant on choice of the controller gains. In some cases, the classical
PIDs have shown a deteriorate performance having large oscillations and in most cases, it causes instability. Attention is mainly paid
to control the stable power generation according to load variations. In this paper, a new control scheme is designed, combining
fuzzy fractional controller PDμ and integer integrator. Moving on, the constant gains for this hybrid controller are achieved through a
novel nature-inspired meta-heuristic optimization algorithm, namely Whale Optimization Algorithm (WOA). The designed LFC using
proposed combination is tested on four different single area power systems which consist of various combinations of reheated and
non-reheated turbines alongside with and without droop. It is examined that this newly designed technique produces improved
responses as compared to the classical controller and also with the presence of large parameter uncertainties
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1. INTRODUCTION

When natural energy is converted into electrical energy, opti-
mization of electrical equipment is needed for superior power
output. Thus, to achieve efficient and reliable operation of
power system, it is essential to maintain the system frequency
and tie-line power at certain values against fluctuating power
load demands. Without any control, it is quite impossible to
maintain the active and reactive power from varying [1]. Such
being the case, a controller is needed to solve this issue, and
hence, this is known as Load Frequency Control (LFC). The
main role of LFC is to regulate the system frequency within
specified limits as changes in load occurs.

Several investigations have been done on LFC where dif-
ferent strategies are used in approaching for robustness of the
system. Numerous control techniques have been proposed to
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address the LFC over the past many years [2-16, 23-32, 47-52].
These include using genetic algorithm, differential evolution,
fuzzy controller, hybrid evolutionary fuzzy PI controller and
fractional order PID controller. Adding on, Fractional Order
PID (FOPID) controllers were introduced due to it having ex-
tra degree of flexibility as compared to its classical counterpart
[7, 8]. Hence, FOPID controllers were studied to improve the
load disturbance rejection performance as it has been verified
for its robustness and being less sensitive to parametric vari-
ations [3]. Furthermore, there has been a rapid increase in
the use of fuzzy rule base controller due its simplicity during
the tuning procedure of this type. Strategies applied in [12],
[14-28] verified that adaptive fuzzy base controllers are a bet-
ter approach in designing controllers for various systems over
the classical linear PID controllers. Fuzzy logic is an intel-
ligent control that mimics human thinking and produces the
outcome through elements of artificial intelligence [4]. Thus,
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combining fuzzy with fractional order PID controller has a
high expectancy of producing better results with introduction
of a certain optimization algorithm to generate optimal gains
for the controller.

Algorithms are used to generate the optimum search result
that are either nature inspired or vigorously trained to per-
form such task. The meta-heuristic optimization algorithms
are getting popular in the field of engineering due to its sim-
ple implementation concept and could be used over various
engineering problems. Moving on, meta-heuristic optimiza-
tion algorithms are usually nature-inspired that mimics ani-
mal behavior or any physical occurrences. Thus, this breaks
down into three different categories, namely, evolution-based,
physics-based and swarm-based methods [33]. Having men-
tioned that, the laws of natural evolution directs the first cat-
egory, evolution-based method, where search process begins
with a randomly generated population and evolves over the
succeeding generations. This ensures that the following gen-
eration is a combination of the best searched individuals, en-
abling population to be optimized for the next sequence of
generations. One of the earliest developed and largely used
evolution-based algorithms is Genetic Algorithms (GA) [34]
which simulates Darwinian evolution. Evolution Strategy
(ES) [35], Genetic Programming (GP) [36], Probability-Based
Incremental Learning (PBIL) [37] and Biogeography-Based
Optimizer (BBO) [38] are other popular algorithms to name
a few. The second category, physics-based method, emulates
the physical manner of the universe. Some common algo-
rithms of this method are Gravitational Local Search Algo-
rithm (GLSA) [39], Simulated Annealing (SA) [40, 41], Cen-
tral Force Optimization (CFO) [42] and Gravitational Search
Algorithm (GSA) [43]. Lastly, the third category, nature-
inspired method, consists of swarm-based technique which
imitates the social behavior of animals. Particle Swarm Opti-
mization (PSO) [44] is one of the earliest developed and highly
popular algorithm used, which mimics the social behavior of
bird flocking. Other common algorithms in this category are
Ant Colony Optimization (ACO) [45], Grey Wolf Optimizer
algorithm (GWO) [17, 23], Bat-inspired Algorithm (BA) [46]
and also recently developed Whale Optimization Algorithm
(WOA) [33]. Swarm-based techniques are known to have
an upper hand over evolution-based method as it preserves
the search result generated while the latter discards any infor-
mation upon formation of new population. In this work, an
effort is made to optimize the solution using a novel WOA.
Studies have shown that this particular algorithm is more ef-
ficient than previously investigated optimization algorithms,
such as ACO, GWO and BA. The difference is due to the hunt-
ing strategy of humpback whale while chasing its prey which
generates the best search agent.

In this proposed work, the control strategy based on fuzzy
fractional-order algorithm is investigated. It was proved that
the use of fractional PID and fuzzy method individually of-
fered a better performance than that of the conventional PID
controller. In this line of thought, a novel fuzzy fractional con-
troller PDμ plus I (FzFPD+I) hybrid controller is presented for
power systems so that it leads to significant control enhance-
ments, particularly for system perturbation and disturbance
rejection. Finally, the merit of the given design method is

Table 1 Nomenclature of power system parameters.

�Pd Load disturbance (p.u. MW)

K P Electric system gain

TP Electric system time constant (s)

TT Turbine time constant (s)

TG Governor time constant (s)

R Speed regulation due to governor action
(Hz/p.u. MW)

Tr Constant of reheat turbine

c % of power generated in the reheat portion

� f Incremental frequency deviation (Hz)

�PG Incremental change in generator o/p
(p.u.MW)

�XG Incremental change in governor valve posi-
tion

�Ptie Tie-line power change (p.u.MW)

Ti j Synchronizing constant

Bi Frequency bias constant

presented by comparing the proposed method with few lately
published methods.

2. CONTROL OF SINGLE AREA POWER
SYSTEM

With the increasing demand of electricity in the modern world,
electrical energy needs to be continuously supplied to its users.
Providing constant electrical energy has to overcome the fluc-
tuations occurring in the system frequency and tie-line power
due to change in load demands [11, 16]. Solving this issue,
LFC is introduced to the system to ensure efficient and con-
stant power supply by regulating the system frequency and
maintaining it to some limited values.

A single area model consists of a governor, turbines, load
and machines and a droop characteristic (a kind of feedback
gain included in the power system that improves the damping
properties). Fig. 1 shows a single area power system as a
linear model [25], where a single generator is used to supply
power to a single area.

The transfer function model with droop characteristics of
the overall system can be represented as [25]:

G(s) = Gg(s)Gt (s)G p(s)

1 + Gg(s)Gt (s)G p(s)/R
(1)

where;

1

R
= droop characteristics, (2)
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Figure 1 A single area power system.

Gg(s) = Governor dynamics: = 1

TGs + 1
. (3)

Case-1: Non-reheated turbine: Gt (s) = 1

TT s + 1

Case-2: Reheated turbine:Gt (s) = cTr s + 1

(Tr s + 1)(TT s + 1)
(4)

G p(s) = Load and machine dynamics: = K P

TPs + 1
(5)

After substituting (2-5) in the system model (1),one can obtain
the model

G(s) = K P

(TPs + 1)(TT s + 1)(TGs + 1) + K P/R
(6)

The type of turbine in the system are steam turbines. Steam
turbines basically convert the preserved energy of high tem-
perature and high pressure into rotating energy, which then
gets converted by the help of generator into electrical energy.
This type of turbine is classified into two forms: Reheated
Turbine (RT) and Non-Reheated Turbine (NRT) [7].

The model parameters are:

1. Non-reheated turbine: K P = 120, TP = 20, TT = 0.3,
TG = 0.08, R = 2.4.

2. Reheated turbine: K P = 120, TP = 20, TT = 0.3,
TG = 0.08, R = 2.4, Tr = 4.2, c = 0.35.

3. CONTROL AND OPTIMIZATION
STRATREGIES

3.1 Whale Optimization Algorithm

Meta-heuristic optimization algorithms is widely used in en-
gineering applications as they are easy to implement and pro-
vides a strategy to select or develop sufficiently good solution
to an optimization problem. Nature inspired Whale Optimiza-
tion Algorithm (WOA) is used for the proposed design. It falls
under the method known as swarm based techniques, where
the algorithm is inspired by the social behavior of animals.
This algorithm is developed by Mirjalili and Lewis [33] and
it mimics the hunting behavior of humpback whales. Stud-
ies have shown that this particular algorithm is more efficient

than previously investigated optimization algorithms, such as
Ant Colony Optimization (ACO) [45], Grey Wolf Optimizer
algorithm (GWO) [17, 23] and Bat-inspired Algorithm (BA)
[46].

The difference is due to the hunting strategy of humpback
while chasing its prey which generates the best search agent.
29 mathematical optimization problems and 6 structural op-
timization problems were developed to evaluate WOA’s effi-
ciency. Humpback whales follow a spiral attacking strategy
in hunting for its prey. This behaviour is known as bubble-net
feeding method [33] and can only be observed in humpback
whales. The searching of prey follows a sequence of 3 hunt-
ing phases. These are Encircling prey, Bubble-net attacking
method (exploitation phase) and then finallySearch for prey
(exploration phase).

3.1.1 Encircling prey

Humpback whales recognizes the location of the prey, how-
ever it is not certain whether it is the optimum position. The
WOA algorithm assumes that the current location is the best
position and then keeps updating for best solution closest to
optimum. This behaviour can be modelled as [33]:

�D = | �C. �X∗(t) − �X(t)| (7)

�X(t + 1) = �X∗(t) − �A · �D (8)

where;

t is the current iteration;

�A and �C are coefficient vectors;

X∗ is the position vector of the best solution obtained so far;

�X is the position vector;

|| is the absolute value;

and · is an element-by-element multiplication.

It should be also be noted that X∗ needs to be updated if there
is a better solution.

The vectors �A and �C are calculated as:

�A = 2�a · �r − �a (9)

vol 00 no 0 June 2017 3



OPTIMAL FUZZY FRACTIONAL PDμ PLUS I HYBRID CONTROLLER FOR POWER SYSTEMS VIA WOA

�C = 2 · �r (10)

where;

�a is linearly decreased from 2 to 0 over the course of iter-
ations and;

�r is a random vector in [0,1].

3.1.2 Bubble-net attacking method (exploitation
phase)

A method of Spiral updating position is used where a distance
between humpback and its prey is calculated. After knowing
the distance, the humpback whale follows a helix-shaped path
towards its prey. The mathematical model of such movement
is shown below [33]:

�X(t + 1) = �D′ · ebl · cos(2πl) + �X∗(t) (11)

where;

�D′ = | �X∗(t) − �X(t)| and indicates the distance of the
i th whale to the prey;

b is a constant for defining the shape of the logarithmic
spiral and;

l is a random number in [−1,1].

3.1.3 Search for prey (exploration phase)

In this phase, if the humpback whale is unable to search for its
prey within its �A vector of [−1, 1] then a whale tries to search
randomly from another whale making | �A| > 1 and thus this
enables the WOA algorithm to perform a global search. This
is represented as a model below [33]:

�D = | �C · �Xrand − �X | (12)

�X(t + 1) = �Xrand − �A · �D (13)

where; �Xrand is a random position vector (a random whale)
chosen from the current population.

In general, it has been reported that WOA returns most
optimal solution in a finite time and iterations.

The pseudo code for this algorithm is given below [33].
Finally, the number of search agent, n = 25, and maximum

iterations = 40 were used to get the tuned values of parameters
in this optimization.

3.2 Basic Fractional Order PID

A linear conventional PID in parallel form and its transfer
function written as:

C(s) = U(s)

E(s)
= K p + Ki

s
+ Kd s (14)

where; K p , Ki and Kd are the proportional, integral and deriv-
ative gains respectively.

This can be written in a continuous time domain as:

U(t) = K p E(t) + Ki

∫ t

0
E(t)dt + Kd

d E(t)

dt
(15)

Initialize the whales population Xi (i = 1, 2, ..., n)
Calculate the fitness of each search agent
X*=the best search agent
while (t < maximum number of iterations)
for each search agent
Update a, A, C, l, and p
if1(p < 0.5)
if2(|A| < 1)
Update the position of the current search agent by the
Eq.(7)
else if2 (|A| ≥ 1)
Select a random search agent (Xrand )

Update the position of the current search agent by the
Eq.(13)
end if2
else if1 (p ≥ 0.5)
Update the position of the current search by the Eq. (11)
end if1
end for
Check if any search agent goes beyond the search space
and amend it
Calculate the fitness of each search agent
Update X* if there is a better solution
t = t + 1
end while
return X*

However, to enable more flexibility and provide extra degrees
of freedom in tuning, Fractional Order PID is quantified by
researchers, where the order of derivative and integral are not
integers [10].

The most common fractional PID transfer function is there-
fore given by:

Gc(s) = U(s)

E(s)
= K p + Ki

sλ
+ Kd sμ; λ,μ > 0 (16)

where; λ and μ are the orders of fractional integrator and
differentiator, respectively.

In addition to that, P Iλ Dμ in time domain is represented
as:

u(t) = K pe(t) + Ki O D−λ
t e(t) + Kd O Dμ

t e(t) (17)∗

It is obviously noted that fractional order gives an extra
degree of freedom in tuning compared to the classical inte-
ger PID. However, fractional order needs to be generated into
a transfer function which can be practically realizable while
designing the controller. This is due to the fact that fractional-
order operations are defined by infinite dimensional discrete
transfer function in the Z-domain or by irrational transfer func-
tions in the Laplace domain [4, 31].

Thus, approximations are made to represent those opera-
tions into its continuous or discrete integer-order equivalents.
A discrete integer-order approximation is taken for the pro-
posed design, where a modified approximation method of
fractional order system is used to convert the fractional or-
der into a transfer function.

∗ Dt is equivalent to dt in fractional order form.
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3.3 Approximations of fractional-order oper-
ators

As mentioned earlier, approximations are made to repre-
sent fractional-order operations into its continuous or discrete
integer-order equivalents [4] which can be implemented while
designing the controller. A discrete integer-order approxima-
tion is taken for the proposed design and this approximation
method has been subject of various approaches. One such
definition is given by Grünwald-Letnikov approach (α ∈ �):

a Dλ
t f (t) = lim

h→0

1

hλ

[(t−a/h)]
�

k=0
(−1)k

(
λ

k

)
f (t − kh) (18)

(
λ

k

)
= �(λ + 1)

�(k + 1)�(λ − k + 1)
(19)

where;

f (t) is the applied function;

�(x) is the Gamma function of x ;

h is the time increment and;

[x ] is the integer part of x .

Thus, discrete integer-order approximation to the fundamen-
tal element sλ(λ ∈ �) is applied in the proposed fractional
control technique. To obtain the discrete equivalent of con-
tinuous operators of type sλ, the usual approach adopts the
Euler, Tustin and Al-Alaoui generating functions [4]. Hence,
upon using the Euler operator w(z−1) = (1 − z−1)/Tc,
and performing a power of series expansion of [w(z−1)]λ =
[(1 − z−1)/Tc]λ, the discretization formula corresponding to
the Grünwald-Letnikov definition is achieved as (18):

Dλ(z−1) =
(

1 − z−1

Tc

)λ

=
∞∑

k=0

(
1

Tc

)λ

(−1)k
(

λ

k

)
z−k

=
∞∑

k=0

hλ(k)z−k

(20)

where;

Tc is the sampling period and;

hλ(k) is the impulse response sequence.

Thus, a discrete transfer function could be achieved by gen-
erating a rational-type approximation through a Padé approx-
imation to the impulse response sequence hα(k) as:

H (z−1) = bo + b1z−1 + · · · + bmz−m

1 + a1z−1 + · · · + anz−n
=

∞∑
k=0

h(k)z−k

(21)
where; m ≤ n and the coefficients akand bk are obtained by
inserting the first m + n + 1 values of hλ(k) into the impulse
response h(k)of the preferred approximation H (z−1).

Hence, a corresponding approximation is obtained for the
preferred impulse response hλ(k) for the first m +n+1 values
of k. It is worth noting that the process to determine the
Padé approximation would be the same for any other type of
discretization scheme and so, in this case, approximation is
obtained through the Euler operator, which is most commonly
considered [4].

3.4 Designing discrete fuzzy fractional
P Dμ + I hybrid controller

Using the discretization formula in (19) and taking λ = 1,
the overall fractional order differential operator and normal
integrator give the discretized transfer function from (17) as:

Gc(z) = U(z)

E(z)
= K p + Kd(w(z−1))μ + Ki (w(z−1))−1

(22)

where; w(z−1) = (1 − z−1)/Tc is the Euler operator.
In this work, the performance using combined features of

fuzzy fractional and integer controllers is evaluated. It makes
the overall controller a hybrid in action. Firstly, fuzzy logic
rules is developed for P Dμ and then the integral of error, I ,
is added at the output.

Error e, the fractional derivative of e and the integral of e
are the control actions for the proposed controller. Moreover,
Control signal U (which is the controller output) is represented
by error E , fractional change of error CE, and the integral of
error IE as shown below:

U(k) = [ f (E, C E) + I E]Ku

= [ f (Kee(k), Kce Dμe(k)) + Kie I e(k)]Ku (23)

where; Dμ is the discrete fractional derivative implemented as
rational approximation (20) using the Euler (19) and as seen
in the above equation.

Adding on, the controller consists of four gains that need
to be tuned. These are Ke, Kie and Kce which corresponds to
the input while Ku corresponds to the output. Commonly, the
integral of error IE is obtained through rectangular integration,
that is:

I (z−1) = Tc

1 − z−1 (24)

Upon adopting the integral action of fractional order Iλ, a
fuzzy fractional P Dμ + Iλ controller is generated, however,
in our case, we keep the value for λ as 1. Thus, the final
structure of the controller becomes Fuzzy P Dμ + I .

3.5 Designing nonlinear Fuzzy PD (FPD) ac-
tion

The FPD controller used in this paper has a standard structure,
consisting of a Fuzzy Rule Base (FRB), Parameter Base (PB)
and a Computational Unit (CU) that performs the following
three basic operations: Fuzzyfication, Fuzzy Inference and
Defuzificationas [12-14].

The PB contains the parameters of all predefined Member-
ship Functions for both inputs of the FPD, namely: the Error
and Change-of-Error. We have assumed here equal number
of 7 membership functions for representing the respective Lin-
guistic Variables for both inputs, as follows:

Negative Large (NL), Negative Medium (NM), Negative
Small (NS), Positive Small (PS), Zero (ZR), Positive Medium
(PM) and Positive Large (PL).

Triangular shape for all membership functions of the FPD
controller was assumed, as it is the case in most fuzzy control
applications [14, 18]. As for the centers of the membership
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Figure 2 Proposed FzFPD+I Control structure.

functions they have been predefined to be located at equal
distances within the normalized range [−1,+1] for the Error
and Change of the Error, as follows:

NL at−1.0; NM at−0.66; NS at −0.33; ZR at0.0; PS
at+0.33; PM at +0.66 and PL at +1.0.

All pairs of neighboring membership functions, for exam-
ple: NL and NM, ZR and PS, PS and PL etc. have maximal
overlapping value of 0.5 at their cross point and they do not
overlap with any other (not neighboring) membership func-
tions.

In general, the fuzzy rules of the Mamdani-type fuzzy con-
troller [30, 48] have the following entirely linguistic structure:

IF(Error is {LV} AND Change-of-Error is
{LV})
THEN Change-of-Output is {LV}

Here {LV} represents a linguistic variable taken from the pre-
defined list of linguistic variables for the Error, Change-of Er-
ror and Change-of-Output. In this paper, the Takagi-Sugeno-
type (TS) fuzzy controller [48] is used. This differs from
Mamdani-type controller in the consequent part of the rules,
namely that they are now represented not linguistically, but
by crisp numerical values, known as singletons [48].

The following values for all 7 singletons in the proposed
FPD controller have been assumed: NL is−1.0; NM is−0.66;
NS is−0.33; ZR is0.0; PS is+0.33; PM is0.66andPL is
+1.0.Under the above design assumptions, the fuzzy rule base
of the FPD controller consists of 7 × 7 = 49 fuzzy rules.

They have been created in the form of linguistic decisions
about the amount of the change-of-output of the controller for
each combination ofError and Change-of-Error. These are
common-sense decisions that a control engineer would make
for each situation, based on his previous control experience.

The FRB for the proposed FPD controller is given in Table
2. The control surface for assumed rule based is shown in Fig.
3, based on all assumed parameters for the membership func-
tions and singletons. The calculations for the response surface
of the FPD controller have been done by using product opera-
tion as inference step and weighted average as defuzzification
step [30, 48].

A comparison between the responses surface of linear PD
and proposed fuzzy reveals immediately the difference be-
tween the linear and nonlinear behaviour (reaction) of the
controllers. The nonlinear behaviour of FPD has the potential
benefit to be more flexible and resilient in reacting to differ-

Figure 3 Control surface for rule base.

Table 2 The Fuzzy Rule Base of the proposed FPD controller.

Change
of
Error

PL ZR PS PS PM PL PL PL

PM NS ZR PS PM PM PM PL
PS NM NS ZR PS PS PM PL
ZR NL NM NS ZR PS PM PL
NS NL NM NS NS ZR PS PM
NM NL NM NM NM NS ZR PS
NL NL NL NL NM NS NS ZR

Error NL NM NS ZR PS PM PL

ent type of disturbances, subject to a “proper tuning” of all
its internal parameters, compared to the linear PD controller.
This is demonstrated in the sequel of the paper by various
simulations.

The number of all internal parameters of FPD controller
that should be tuned for its optimal performance is usually
large and grows rapidly with increasing the number of the
membership functions that are used in generating the fuzzy
rules [9]. For example, for our assumed design structure of
the FPD controller, we have to tune 21 parameters, as follows:
7locations (centers) for the membership functions of the input:
Error; 7 centers for the membership functions of the input:
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Figure 4 Frequency deviation for RTD (μ = 1.5).

Figure 5 Frequency deviation for RTD (μ = 1.6).

vol 00 no 0 June 2017 7



OPTIMAL FUZZY FRACTIONAL PDμ PLUS I HYBRID CONTROLLER FOR POWER SYSTEMS VIA WOA

Figure 6 Frequency deviation for RTD (μ = 1.7).

Figure 7 Frequency deviation for RTD (μ = 1.8).
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Figure 8 Comparing different values of μ.

Table 3 Comparing settling time (s).

Padhan’s method [25]
Presented method (FzFPD+I)

μ = 1.5 μ = 1.6 μ = 1.7 μ = 1.8
Nominal 4.6123 3.6135 3.7612 3.7464 5.0733
+50% TP 4.5296 3.9287 3.9495 3.6937 5.1506
−50% TP 4.2420 3.3150 3.4015 3.5564 4.9695
+50% K P 4.3424 3.4324 3.7594 3.6649 4.9935
−50% K P 4.5567 4.2424 4.0797 3.8436 5.1450
+50% K P , TP , TT , TG 3.7270 2.7152 3.0617 4.1718 5.2114
−50% K P , TP , TT , TG 5.0430 5.0051 4.9998 4.9180 6.1585

Table 4 Comparing maximum undershoot time (s).

Padhan’s method [25]
Presented method (FzFPD+I)

μ = 1.5 μ = 1.6 μ = 1.7 μ = 1.8
Nominal 1.21 1.12 1.13 1.15 1.18
+50% TP 1.28 1.17 1.18 1.20 1.23
−50% TP 1.14 1.07 1.07 1.07 1.06
+50% K P 1.17 1.09 1.13 1.10 1.14
−50% K P 1.34 1.21 1.22 1.24 1.27
+50% K P , TP , TT , TG 1.28 1.17 1.18 1.19 1.21
−50% K P , TP , TT , TG 1.13 1.05 1.15 1.19 1.20

Change-of-Error and another portion of 7 parameters – the
singletons for the outputs of the fuzzy rules.

In order to optimize all these 21 parameters, Whale Op-

timization Algorithm (WOA) is used to find the global opti-
mum. Therefore, the fuzzy controller is adjusted by tuning the
values of Ke, Kie , Kce and Ku obtained from the mentioned
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Table 5 Comparing % change in � f .

Padhan’s method [25]
Presented method (FzFPD+I)

μ = 1.5 μ = 1.6 μ = 1.7 μ = 1.8
Nominal 0.7816 0.4008 0.4054 0.4018 0.3990
+50% TP 0.6557 0.3503 0.3614 0.3664 0.3723
−50% TP 1.0880 0.5254 0.5096 0.4755 0.4234
+50% K P 0.9463 0.4658 0.4492 0.4387 0.4196
−50% K P 0.5815 0.3189 0.3318 0.3395 0.3487
+50% K P , TP , TT , TG 1.0580 0.5946 0.6082 0.6096 0.6057
−50% K P , TP , TT , TG 0.4667 0.2015 0.2029 0.2163 0.2356

Table 6 Controller settings for four single area systems.

Power system models Gain
FzFPD+I settings

μ=1.5 μ=1.6 μ=1.7 μ=1.8

NRTWD

Ku

Ke

Kce

Kie

5.000
5.000
0.173
5.000

5.000
5.000
0.126
5.000

5.000
5.000
0.097
5.000

5.000
5.000
0.079
5.000

NRTD

Ku

Ke

Kce

Kie

5.000
5.000
0.175
5.000

5.000
5.000
0.128
5.000

5.000
5.000
0.098
5.000

5.000
5.000
0.080
5.000

RTWD

Ku

Ke

Kce

Kie

5.000
5.000
0.163
5.000

5.000
5.000
0.085
0.085

5.000
5.000
0.094
3.707

5.000
5.000
0.082
2.728

RTD

Ku

Ke

Kce

Kie

5.000
5.000
0.166
5.000

5.000
5.000
0.123
5.000

5.000
5.000
0.098
5.000

5.000
5.000
0.083
2.894

NRTWD: Non-Reheat Turbine Without Droop, NRTD: Non-Reheat Turbine with Droop,

RTWD: Reheat Turbine Without Droop, RTD: Reheat Turbine with Droop.

algorithm.

4. SIMULATION AND RESULTS

The designed controller is applied to a single area model con-
sisting of a governor, turbines, load and machines and a droop
characteristic as shown in Fig. 1. Upon simulation, it was
noted that FzFPD+I produced improved response than with
the compared techniques. Both nominal and uncertain cases
were taken into account. The fuzzy fractional controller PDμ

plus I (FzFPD+I) hybrid controller is initially tested on a Re-
heated Turbine with Droop (RTD) power system to recognize
the best suited value of μ (1.5–1.8) that can deliver optimum
result. It was noted that the value of μ = 1.5 (displayed in Fig.
8) produced the best response compared to its counterparts.

Given below are the graphs generated from different values
of μ in nominal and uncertain cases as ±50% variations is

taken as parametric uncertainty to test the robustness of the
presented technique alongside with respective responses from
Padhan and Majhi [25] and Tan [24].

As mentioned earlier, μ = 1.5 generates the best response
as shown in the above figure. From the graphs obtained (Figs.
4–7), it is clearly visible that the proposed strategy has a lesser
undershoot compared with the technique illustrated by Pad-
han and Majhi [25] and Tan [24]. It is also evident that the
settling time, peak time and rise time is better for the designed
controller.

To demonstrate the robustness of the suggested technique,
±50% variations of parameters are taken for their respective
nominal values. Once again, it is evidently shown that the
performance of FzFPD+I controller is much better in distur-
bance rejection even in uncertain cases as compared to the
existing method.

Tables 3, 4 and 5 shows the settling time, maximum un-
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Figure 9 Frequency deviation for NRTWD (μ = 1.5).

Figure 10 Frequency deviation for NRTD (μ = 1.5).
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Figure 11 Frequency deviation for RTWD (μ = 1.5).

Figure 12 Frequency deviation for RTD (μ = 1.5).
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Figure 13 Frequency deviation errors (ITSE) in different areas.

dershoot time and percentage change in � f of the proposed
technique respectively, together with the compared method
for nominal and uncertain cases in RTD power system.

Upon seeing the graphs and response values, it pretty much
clear that μ = 1.5 produces robust results amongst its coun-
terparts, and so, its corresponding fractional order will be gen-
erated into a transfer function and then implemented during
designing of the controller.

Graphical analysis is done for different power system model
(NRTWD, NRTD, RTWD, and RTD). The gains are obtained
through WOA for each type of model and presented in table
6.

For Figs. 9 and 10, a load demand of �Pd = 0.01 at time
of 1 second is added to the system for Non-Reheated Tur-
bines at μ = 1.5. From the graph, it is evidently visible that
the proposed FzFPD+I has the fastest disturbance rejection as
compared to Padhan and Majhi [25] and Tan [24]. Moving on,
to test the robustness of the newly designed controller, varia-
tions of ±50% is taken in system parameters and thus, tested
out and compared with the nominal cases. Once again, it is
shown that upon variations, the proposed technique produces
better result in uncertain cases as compared to previously stud-
ied techniques.

Likewise, when Reheated Turbine is introduced to the sys-
tem with a load demand of �Pd = 0.01 at time of 1 second,
the proposed design displays a better disturbance rejection as
compared to its counterpart. In a similar manner, ±50% vari-
ations is taken as parametric uncertainty to test the robustness
of the presented technique, and yet again, FzFPD+I controller
yields the fastest disturbance as shown in Figs. 11 and 12.

From the measured performance parameters, it is clearly
shown that the characteristic of FzFPD+I controller makes it
suitable for the LFC. As it is well-known fact that the main
role of LFC is to maintain the system frequency within certain
limits even when the parameters of the system are not constant.
Such being the case, the disturbances are introduced into the
system represents the fluctuations, while ±50% variations in
parameters represent the parametric uncertainties in the sys-
tem.

Finally, the settling time, maximum undershoot time and %
change in � f shown in tables 3, 4 and 5, respectively prove
that FzFPD+I has better performed than the existing control
techniques in the literature.

The frequency deviation in each of the four different single
area system is measured using a performance index known as
integral-time-square-error (ITSE) criterion. WOA was exe-
cuted several times to generate the best optimal combination
of controller gains. To generate the best result, i.e. to achieve
the minimum value of ITSE, the algorithm is repeated 25 times
with maximum iterations of 40. From Fig. 13, it can be
revealed that the presented hybrid controller gives very less
frequency deviations for both nominal and perturbed systems.

5. CONCLUSION

This work studied fractional controller perspectives using
fuzzy method together with classical controller. For that, a
FzFPD+I controller is designed in which the parameters are
tuned through a WOA algorithm. The main focus was in the
tuning of the fuzzy fractional order PD controller and normal
integrator together. In general, the performance of this hybrid
controller is examined in four different single area power sys-
tem consisting of various combinations of reheated and non-
reheated turbines alongside with and without droop. The re-
sults obtained with parameter variations and disturbance fluc-
tuations give better performances than those obtained with
conventional PID strategy.
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