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Abstract In this paper, a dynamic control mech-
anism is proposed to improve the Firefly Algo-
rithm’s (FA) rate of convergence and minimiza-
tion of the fitness function. The Dynamic FA
(DFA) dynamically selects the best performing
combinations of the step size scaling factor, the
attractiveness coefficient, the absorption coeffi-
cient, and the population size along the com-
plete evolution process of the algorithm. A frac-
tional order PID (FOPID) controller based on DFA is
proposed to improve the performance of a chopper fed
Direct Current (DC) motor drive. The proposed con-
troller is used in speed control loop to improve the
response. To illustrate the efficacy of the DFA based
FOPID, we compare its performance with those based
on the conventional FA, Genetic Algorithm (GA), Par-
ticle Swarm Optimization (PSO), Artificial Bee Colony
(ABC) algorithm, and Differential Evolution (DE) al-
gorithm. The simulation results and analyses show the
effectiveness of the proposed method.
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1 Introduction

There has been a continuous development of high per-

formance motor drives for industrial applications, such
as electric vehicles, steel rolling mills and robotic ma-
nipulators. A high performance motor drive should be

reliable, and should have good dynamic speed command
tracking and load regulating response (Rajasekhar et al.
2014). Direct Current (DC) motors drives are less com-
plex, simpler to control and lower cost compared to Al-

ternating Current (AC) drives systems. In this paper,
we investigate the control of a DC motor speed using
chopper. A chopper converts a fixed DC input voltage

into a variable DC output voltage.

There has been a growing interest in the applica-
tion of fractional calculus in various fields of science
and engineering, such as mathematics, physics, chem-

istry, and mechanics (Podlubny 1999; Monje et al. 2010;
Aghababa 2016). The use of fractional calculus in the
area of control theory extends the opportunity to en-
hance the system control performance of conventional

controllers. A typical FOPID controller is a general-
ized version of the classic PID controller and requires
fine tuning of five interdependent parameters i.e., pro-
portional (KP ), integral (KI), derivative (KD), deriva-
tive order (µ), and integral order (λ), in order to de-
sign a control structure and meet all design specifica-
tions. Several analytical, rule-based, and optimization
approaches have been presented to offer new effective
tuning techniques for FOPID controllers. The analyti-
cal methods can be used only when there are few and
simple equations involved in the control system model.
Rule-based methods offer great tuning rules to calcu-
late the controller parameters easily; however, they are

in general limited to the shape of the step response.
Optimization methods have demonstrated to overcome
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some of the previously cited problems from analytical
and rule-based methods and are a good choice for tun-
ing FOPID controllers, as shown in one of the works
by Mart́ın et al. 2015, where the optimization is carried
out both in time and frequency domains.

A wide variety of fractional order controller prob-
lems and tuning methods can be found in literature
following these three methodologies, such as Liu et al.
(2014), Li et al. (2010), Perng et al. (2016), Monje et
al. (2008), and Sharma et al. (2016). A robust con-
troller design based on fractional calculus for a wind
turbine generator is presented in Ghasemi et al. (2014).
In Maâmar and Rachid (2014) a FOPID filter controller
tuning method based on the Internal Model Control
(IMC) method is investigated. In Pan and Das (2013)
several intelligent techniques have been proposed for
tuning optimal FOPID controllers based on minimizing
indices including Integral Time Absolute Error (ITAE),
Integral Absolute Error (IAE), Integral Time Squared
Error (ITSE) and Integral Squared Error (ISE).

Evolutionary and Swarm Intelligence (SI) algorithms,
such as Genetic Algorithm (GA) (Sarkar et al. 2013),

Particle Swarm Optimization (PSO) (Pandey et al. 2014;
Wang et al. 2017), Differential Evolution (DE) (Mart́ın
et al. 2015), and Artificial Bee Colony Algorithm (ABC)

(Rajasekhar et al. 2014), have a long history in solv-
ing optimization problems of control systems. Another
alternative is the Firefly Algorithm (FA), which is a
nature inspired optimization algorithm that simulates

the flashing behavior of fireflies and has been widely
used in literature. For instance, the authors in Naidu
et al. (2014) use FA with online wavelet filter in auto-

matic generation control of a three unequal area inter-
connected reheat thermal power system. The classical
controllers of a combined cycle gas turbine (CCGT)
plant using FA is discussed in Saikia and Sahu (2013).

Yang et al. (2011) uses FA to determine the feasible op-
timal solution of the economic dispatch problems. The
performance of the FA for clustering problems is com-
pared with ABC and PSO in Senthilnath et al. (2011).
A comprehensive review of FA and its application can
be found in Fister et al. (2013, 2014, 2015) and Yang
and He (2013).

Even though the FA shows a significant suc-
cess in solving different optimization problems,
its performance is very dependent on the right
combination of control parameters. A better pa-
rameter tuning affects the convergence rate and
the minimization of its cost function. According
to the settings of the FA parameters, there are
two main ways to assign parameters properly: 1)
by determining the values of parameters before

the run, and keeping parameters fixed through-

out the iterations and 2) by changing the values
of the parameters during the iterations (Fister
et al. 2013). Yu et al. (2014) proposed a wise
step strategy for FA (WSSFA) to update the
step size scaling factor (α) for each firefly. In
Cheung et al. (2014), a new adaptive firefly al-
gorithm (AdaFa) is proposed. The AdaFA in-
cluded five dynamic strategies to set α. In order
to update the attractiveness coefficient (β0) and
the absorption coefficient (γ), a new chaos FA
(CFA) is presented in Gandomi et al. (2013).
Further details about FA with adaptive control
parameters strategies can be found in Wang et
al. (2016).

In this paper, we go a step further and pro-
pose a new mechanism to dynamically select
the best performing combinations of the step
size scaling factor, the attractiveness coefficient,
the absorption coefficient, and the population
size for the FA algorithm. Our approach not
only considers a set of one or two parameters

to be dynamically changed, as in the previously
cited works, but it goes a step further and deals
with the complete set of parameters affecting
the performance of the algorithm. Then, it is

expected that, when compared to standard FA,
GA, PSO, ABC and DE algorithms, it brings
improvements to the performance, as will be

discussed later. A FOPID controller based on
the DFA algorithm is implemented to improve
the performance of a chopper fed DC motor
drive. The well-known fitness functions ITSE,

ITSE+ISCO (Integral Squared Control Output),
ITAE and ITAE+ISCO are considered to show
the dynamic performance of the proposed con-
troller with optimum gains. Simulation results
and analyses show the superiority of the pro-
posed DFA algorithm over FA, GA, PSO, ABC

and DE algorithms.
The structure of this paper is organized as follows:

In Section 2, the mathematical modeling of a DC motor
drive is presented and the basic concepts of the FOPID
controller are described. The FA and DFA algorithms
are discussed in Section 3. Simulation results and per-
formance analyses are provided in Section 4. Finally,

the paper is concluded in Section 5.

2 Modelling and Control Scheme

This paper focuses on the study of a separately excited
DC motor. It can be regulated using chopper as a con-
verter. The equivalent circuit of a separately excited DC

motor is shown in Fig. 1. When the motor is excited by
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Fig. 1 Equivalent circuit diagram of a separately excited DC
motor

a field current (If ) and as a consequence an armature
current (Ia) flows in the circuit, the motor develops a
Back Electromotive Force (BEMF) and a torque to bal-
ance the load torque at a particular speed (Rajasekhar
et al. 2014; Gopakumar 2010). The armature voltage
Ea and the equivalent torque are as follows:

Va = IaRa + La
dIa
dt

+ Eb, (1)

Td = J
dω

dt
+Bω + TL, (2)

where Ra, Armature resistance; La, Armature induc-
tance; Ia, Armature current; If , Field current; Va, Ar-

mature Voltage; Eb, BEMF; TL, Load torque; ω, Angu-
lar velocity of rotor; J , Moment of Inertia; B, friction
coefficient of motor; Td, Developed torque. Assuming

B = 0, Eqn. (2) will be reduced to:

Td = J
dω

dt
+ TL. (3)

The BEMF and torque developed are defined as:

Eb = KΦω, (4)

Td = KΦIa, (5)

where Φ and K are the field flux and the BEMF con-
stant, respectively. By applying the Laplace transform

the following equations are obtained:

Ia(s) =
Va − Eb
Ra + Las

=
Va −KΦω
Ra(1 + La

Ra
s)
, (6)

ω(s) =
Td − TL
Js

=
KΦIa − TL

Js
. (7)

The block diagram representation of the speed con-
trol for the DC motor is shown in Fig. 2. After perform-
ing a block reduction, the relationship between ω(s) and
Va(s) will be as follows:

ω(s)

Va(s)
=

1
Km

(1 + sTm)(1 + sTa)
, (8)

where Ta = La/Ra, Tm = JRa/(KΦ)2, Km = KΦ
and TL = 0. Tm and Ta are the electromechanical and

Table 1 DC motor drive parameters

Power = 300kW
Base speed = 500rpm
Max rated voltage (Va) = 460V
Max rated current (Ia) = 690A
Current limit = 1200A
Inductance (La) = 0.7026mH
Moment of inertia (J) = 84kgm2

BEMF contant (Km) = 8.5V s/rad
Armature resistance (Ra) = 0.02342W
Controller gain (Kc) = 0.2618
Current loop filter gain (K2) = 0.0083
Speed loop filter gain (K1) = 0.19
Chopper constant (Kt) = 46
Armature time constant (Ta) = 30ms
Controller time constant (Tc) = 30ms
Electromechanical time constant (Tm) = 27.55ms
Tachometer constant (T1) = 25ms
Current feedback (T2) = 3.5ms

the electrical time constants, respectively. In Fig. 2, by

assuming Tc = Ta, the relationship between Ia and Irefa

can be reduced to the following form:

Ia(s)

Irefa (s)
=

1/K2

1 + s2T2
, (9)

where K2 and T2 are the current filter gain and the

current loop filter time constant, respectively. Figure 2
can be further reduced to Fig. 3. The model parameters
are provided in Table 1 (Gopakumar 2010; Rajasekhar
et al. 2014).

2.1 Fractional Order PID Controller

The application and development of the fractional cal-
culus in the area of control theory extends the oppor-
tunity to obtain further improvement in performance

response of the conventional controllers. The applica-
tions of the FOPID controller in industry are presented
by Monje et al. (2010). Monje et al. (2008) proposes
an auto-tuning method for FOPID controllers using a
relay test, where fractional order PID or PIλDµ is a
generalized version of the conventional PID controller
in which the order of the derivation µ and the integra-

tion λ are not integer. The continuous transfer function
of a PIλDµ controller is defined as follows:

Cs = KP +KIs
−λ +KDs

µ, (10)

where λ, µ > 0. The PIλDµ controller output u(t) in
time domain is:

ut = KP e(t) +KID
−λe(t) +KDD

µe(t), (11)

where e(t), KP , KI and KD are the error signal and

the proportional, integral, and derivative gains, respec-
tively. In our approach, this FOPID is used for the
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Fig. 2 Complete layout of the speed control in a DC motor drive.

Kp+KI / s KDs
1/K2

1+s2T2

Ra

Km

1

Tms

K1

1+sT1

Iref
a(s)

Nref
Ia(s)

Speed 
Controller

Current 
Controller

Speed Filter

+
-

(s)

Fig. 3 A simplified layout of the speed control in a DC motor drive.

speed control of the DC motor drive in Fig. 3. The con-

troller will be tuned following a novel DFA technique
in which the optimization parameters are dynamically
selected for the sake of the convergence speed and the
minimization of the fitness funtion.

3 Firefly Algorithm

The FA is an optimization algorithm introduced by Xin-
She Yang in late 2007 and 2008 (Yang 2009; Naidu et
al. 2014). The FA simulates the flashing behavior of

the fireflies. The main premise of this algorithm is es-
tablished upon three idealized rules: (1) All fireflies in
the swarm are unisex so that one firefly is attracted to
others regardless of their sex; (2) Attractiveness is di-
rectly proportional to the brightness. This means that
the less bright firefly will be attracted and moved to-
ward the brighter one. Both the attractiveness and the
brightness decrease as their distance increases. If there
is no firefly with higher level of brightness, the fireflies

move randomly. (3) The brightness of a firefly is dic-
tated by the objective function (Yang and He 2013).
Based on these three rules, a pseudo code of the FA is
formulated in Fig. 4. The relationship between the at-
tractiveness function β and the distance r of the fireflies

can be determined by:

β(r) = β0e
−γr2 , (12)

where β0 and γ are the attractiveness at r = 0 and the
light absorption coefficient, respectively. The distance
rij between any two fireflies i and j at location xi and
xj is defined as:

rij = ‖xi − xj‖ =

√√√√ d∑
k=1

(xi,k − xj,k)2, (13)

where xi,k and xj,k represent the kth component of
the ith and jth firefly positions, and d denotes the di-
mensionality of the problem. The movement of firefly i
which is attracted to the jth firefly is determined by:

xi = xi + β0e
−γr2ij (xj − xi) + α(rand− 0.5), (14)
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Firefly Algorithm
1. Generate random population of fireflies xi
2. Light intensity Ii at xi
3. while (t < MaxGeneration)
4. for i = 1 : n all n fireflies
5. for j = 1 : i all n fireflies
6. if (Ij > Ii)
7. Move firefly i towards j in all d dimensions
8. end if
9. Attractiveness varies with distance r
10. Evaluate new solutions
11. Update light intensity
12. end for j
13. end for i
14. Rank the fireflies and find the current best
15. end while

Fig. 4 Pseudo code of the firefly algorithm.

where α is the randomization parameter and rand is a
random number generator distributed within [0, 1].

3.1 Dynamic Firefly Algorithm

In solving any optimization problem, the choice of the

search operators and right combination of the control
parameters play a pivotal role in the performance of the
optimization algorithm. A dynamic parameters selec-

tion mechanism was introduced by Sarker and Elsayed
(2014). This paper uses a dynamic selection mechanism
to dynamically select the best performing combination
of the parameters (amplification factor, crossover rate,

and population size) for the DE algorithm. Authors
show the superiority of the dynamic DE over other
state-of-the-art algorithms. Besides, the paper shows

that there is no fixed combination which is the best
during the evolution process for all optimization test
problems.

The FA starts with a random population and uses
attraction and randomization operations to move each

individual in the population. Various studies have used
different values for each parameter α, β0, γ. Yang et
al. (2011) carried out a detailed parametric study by
varying α, β0, γ and population size PS to obtain the
right parameters combination. This paper found that
the best values for ranges of the parameters are: α ∈
[0.4, 0.9], β0 ∈ [0.5, 1.0], γ ∈ [0.1, 10], and PS ∈ [25, 50].
Yang (2009) recommended that β0 = 1, α ∈ [0, 1],
and γ ∈ [0.01, 100]. Yang used the values α = 0.2,
γ = 1, and β0 = 1 to find the global optimum of
the Michalewicz function. Senthilnath et al. (2011) took
β0 = 1, γ = 1, and PS = 20 for clustering problem to
identify homogeneous groups of objects based on the

values of their attributes. Saikia and Sahu (2013) used
tuned values β0 = 0.2, PS = 5, γ = 0.5, and α = 0.5

for the automatic generation control of a combined cy-
cle gas turbine plant.

In order to overcome the right parameters selection
problem, a dynamic parameter selection mechanism is
developed in this work and proposed to choose the right
combination of control parameters (step size scaling fac-
tor α, attractiveness coefficient β0, absorption coeffi-
cient γ, and population size PS) in a firefly based op-
timization problem. The pseudocode of the algorithm
is presented in Fig. 5. The DFA starts with a random
population and a random combination of α, β0 and γ
for each individual in the population. The success rate
of each combination is recorded for a certain number
of generations CS. Based on the success rate, the best
combinations are selected and used for a number of sub-
sequent generations. This process is named as a cycle.
The fireflies are moved as follows:

xi = xi + β0,ie
−γir2ij (xj − xi) + αi(rand− 0.5), (15)

where α ∈ αset = {α1, α2, ..., αnα}, β0 ∈ β0,set =
{β0,1, β0,2, ..., β0,nβ0

}, γ ∈ γset = {γ1, γ2, ..., γnγ}, and

PS ∈ PSset = {PS1, PS2, ..., PSnps}. Here, nα, nβ0,
nγ, and nps refer to the cardinality of the set step size
scaling factor, the attractiveness coefficient, the absorp-

tion coefficient, and the population size PS, respec-
tively.

If the new position xi is better than its previous po-
sition, the success of a combination will be increased by

one (SRy = SRy + 1), where y is a combination of pa-
rameters, y ∈ yset, and yset is the combination of all α,
β0, and γ. After CS generations the population size re-

duces to PSnps−1 and the remaining PSnps −PSnps−1

fireflies are archived, where PSnps is assumed to be
larger than PSnps−1. After that, based on Eqn. (16)

the success rate of each combination Ranky is recorded
and the number of combinations is reduced to the half.
After every few cycles, the process restarts with all pos-
sible combinations of parameters.

Ranky =
SRy
Ny

, (16)

where Ny is the number of times a combination y is
used and the combinations with the higher Ranky are
chosen for the next generations. At the end of CS ×
nps generations, using Eqn. (17) the best population
size is selected and used for the (η − nps) × CS next
generations.

RankPSi =

∑CS
1

∑TC
k=1 SRy

PS2
k

, (17)

where TC is the total number of combinations αset,
β0,set, and γset, and for instance, if TC = 16, then the
maximum value of η is 4 (16→ 8→ 4→ 2→ 1), which
means that TC can be divided by 2 for 4 times. Finally,
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Dynamic Firefly Algorithm
1. Define the parameters, ipop = nps, αset, β0,set, γset, and PSset

2. Objective function f(x), x = (x1, ..., xd)T

3. Generate initial random population of fireflies xi(i = 1, 2, .., n)
4. Light intensity Ii at xi is determined by f(xi)
5. while (t < MaxGeneration)
6. Assign a random combination (y) of parameters
7. for i = 1 : n all n fireflies
8. for j = 1 : i all n fireflies
9. if (Ij > Ii)
10. Move firefly i towards j in all d dimensions
11. if new vector is better than its previous vector, then SRy = SRy + 1 ;end if
12. end if
13. end for j
14. end for i
15. period = period+ 1;
16. PSprd = PSprd + 1;
17. Rank the fireflies and find the current best
18. if mod(period, CS) = 0 and period < (η ∗ CS)
19. Select the best half combination based on the rankings using equation (16) and update yset
20. else if mod(period, η ∗ CS) = 0
21. Set each SRy = 0 and period = 0
22. end if
23. if mod(PSprd, CS) = 0 and ipop > 0
24. Calculate RankPSipop

using (17)

25. set ipop = ipop − 1
26. if ipop ∼= 0
27. Archive the worst (PSipop+1 − PSipop) individuals
28. Set PS = PSipop

29. end if
30. end if
31. if ipop = 0 and PSprd = nps ∗ CS
32. Set PS to the population size with the best ranking
33. Use require individuals from the archive
34. end if
35. if PSprd = η ∗ CS
36. Set PSprd = 0, ipop = nps, and PS = PSipop

37. Use require individuals from the archive and clear the archive
38. end if
39. end while

Fig. 5 Pseudo code of the dynamic firefly algorithm.

after η × CS generations, the process restarts with all
combinations of control parameters.

4 Simulation Results

The considered FOPID is used in speed loop of the
chopper fed DC motor drive according to Fig. 3. The
gains of the controller are optimized using our DFA ap-
proach. In this DFA based optimization, the maximum
number of iterations is 100, CS = 40, η = 3, β0 ∈
{0.6, 0.8, 1}, α ∈ {0.1, 0.3, 0.5, 0.7, 1}, γ ∈ {0.1, 1, 10}
and PS ∈ {5, 10}. The parameters settings of the GA,
DE, ABC, PSO, and FA algorithms are listed in Table
2. We consider the time indices ITSE, ITSE+ISCO,
ITAE, ITAE+ISCO for tuning the gains of the con-

troller using the GA, PSO, DE, ABC, FA, DFA algo-

rithms:

J1 = ITSE =

∫ ∞
0

t.e2(t)dt, (18)

J2 = ITSE+ISCO =

∫ ∞
0

[w1.t.e
2(t)+w2.u

2(t)]dt,(19)

J3 = ITAE =

∫ ∞
0

t.|e(t)|dt, (20)

J4 = ITAE+ISCO =

∫ ∞
0

[w1.t.|e(t)|+w2.u
2(t)]dt,(21)

where e, u, w1, and w2 are the error signal, the con-
trol signal, the error weight, and the control weight,
respectively, and J1, J2, J3, and J4 refer to the ITSE,

ITSE+ISCO, ITAE, and ITAE+ISCO functions, respec-
tively. The ISCO criterion considers the introduction of

6



the control signal into the objective function, allowing
this way the weighting of the control law within the
minimization problem in order to prevent the satura-
tion of the system to be controlled. In our case, since
there is no particular restriction on the saturation to
be considered, and for the sake of simplicity, we have
weighted both the error and the control signals equally,
selecting w1 = w2 = 1.

In order to incorporate statistical results, all the al-
gorithms have been run 10 times, and best, worst and
average results have been included in this section and
discussed in detail. This way the performance of each
algorithm can be assessed in a fairer manner. The con-
vergence characteristics of the FA, DFA, PSO, GA, DE,
and ABC algorithms for time indices ITSE, ITSE+ISCO,
ITAE, and ITAE+ISCO are compared in Fig. 6. which
shows the best resuts from the algorithms. It is clear
that the DFA converges faster than GA, PSO, ABC,
and DE algorithms. The optimum parametric gains and

time indices of the proposed FOPID controller are pro-
vided in Tables 3-6, where Mp, Tr, Ts, and Of refer to
the maximum peak, rise time (sec), settling time (sec),
and objective function, respectively. The simulation re-

sults obtained by the different algorithms in 10 runs are
provided in Table 7 and Table 8. In this comparison,
the DFA provides better average for all objective func-

tions. As for the ITSE function, as shown in Fig. 6 and
Table 5, the DFA algorithm has the ability to provide
a fast convergence and a low objective function. It is

clear that the GA based controller provides the worst
final cost function, as also shown in Table 7. In the
case of the ITSE+ISCO objective function, from Fig. 6
and Table 5, it is evident that the FA and ABC based

FOPID controllers provide a fast convergence, but fail
in cost function term compared to the DFA algorithm.
As for the ITAE function, as shown in Fig. 6 and Ta-
ble 6, the GA algorithm provides the worst final error,
and FA algorithm cannot show a proper performance
compared to the DE, DFA, ABC, and PSO algorithms.
In the case of the ITAE+ISCO fitness function, from
Fig. 6 and Table 6, it is clear that the DFA and FA
algorithms show a very fast convergence rate.

The dynamic speed responses of the DC motor drive
controlled with the optimally tuned FOPID controllers
based on the DFA, FA, PSO, GA, DE, and ABC al-
gorithms by minimizing the ITSE, ITSE+ISCO, ITAE,
and ITAE+ISCO functions are obtained and shown in
Fig. 7. As for the ITSE function, from Fig. 7 and Ta-
ble 5, it is clear that the DFA based FOPID provides a
low settling time and quick rise time compared to the
GA and DE based controllers, while the overshoot is
bigger than those with the DE and PSO based ones.

The PSO based FOPID provides a very low overshoot

but fails in the minimization of the objective function.
In the case of the ITSE+ISCO function, Fig. 7 and
Table 5 show that the DFA provides a very smooth
response with very low overshoot, settling time and ob-
jective function. Although the GA based FOPID pro-
vides a very low rise time, it fails in the minimization of
the overshoot and the settling time. As for ITAE func-
tion, from Fig. 7 and Table 6, it is obvious that the
DE based FOPID provides a very low overshoot and
settling time. From Fig. 7 and Table 6, regarding the
ITAE+ISCO function, it is clear that the DFA based
FOPID, in terms of objective function minimization,
outperforms the GA, PSO, ABC, DE, and FA based
controllers.

Figure 8 depicts the control signals produced by all
the FOPID controllers tuned for the four minimization
functions. As for ITSE+ISCO and ITAE+ISCO, the
DFA based FOPID provides very low intensity control
signals compared to the rest of algorithms. It can be
also observed that the additional term ISCO helps the
ITSE+ISCO and the ITAE+ISCO objective functions

to provide control signals that are lower than those from
the ITSE and ITAE objective functions.

To observe the variations of α, β0, and γ during the
course of evolution, the corresponding best parameters

values during the evolution process are presented in Fig.
9. It can be seen that no fixed combination is the best
during the entire evolution process.

In order to improve the statistical analysis
of the results, a Mann-Whitney U test has been
also conducted (Mann and Whitney 1947), which
is a nonparametric test applied when the simula-

tion data do not have normal distributions. The
asymptotic significance resulting from the test
is lower than 0.05, which implies that there is
a significant difference between the DFA results
and those from ABC, DE, GA, PSO, and FA al-
gorithms. In other words, the results obtained

in this work could not have happened by chance.
This type of statistical analysis will be discussed
in detail in future works.

5 Conclusions

This paper proposes a new FA algorithm improved with
dynamic parameters selection. The DFA algorithm is
based on the FA and dynamically selects the best per-
forming combinations of the attractiveness coefficient,
the absorption coefficient, and the population size. The

analyses show that the presented dynamic parameters
selection mechanism improves the convergence rate and
the minimization of the cost function for the FA algo-
rithm compared to other conventional techniques.
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Table 2 Parameters settings in simulation

Algorithm Parameters value

GA Population size = 10, Mutation probability = 0.2, Crossover probability = 0.8

DE Population size = 10, Scaling Factor = 0.6, Crossover probability = 0.2

PSO Population size = 10, Velocity coefficients = 2, Inertia weight = 1

ABC Population size = 16, Limit = 30

FA Population size = 10, γ = 1, β0 = 1, α = 0.9
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Fig. 6 Convergence characteristics of the ITSE, ITSE+ISCO, ITAE, and ITAE+ISCO for FA, DFA, GA, PSO, DE, and ABC
algorithms.

Table 3 Optimum values of the FOPID gains obtained via minimizing J1 and J2 using different evolutionary algorithms

Algorithms Kp(J1) KI(J1) KD(J1) λ(J1) µ(J1) Kp(J2) KI(J2) KD(J2) λ(J2) µ(J2)

GA 9.9988 4.8576 0.6664 0.1938 0.9693 0.11 0.5442 0.1 0.1219 0.01

PSO 10 4.9148 0.6160 0.1582 1 0.1 0.553 0.1 0.1253 0.1514

ABC 9.9039 5.3354 0.6767 0.1936 0.9783 0.13 0.4813 0.12 0.1133 0.07826

DE 10 5.1650 0.6003 0.1622 1 0.1 0.4790 0.1 0.1066 0.011

FA 10 5.3611 0.6267 0.1782 1 0.1 0.463 0.1 0.096 0.01

DFA 10 5.4918 0.6005 0.1709 1 0.1 0.4778 0.101 0.1058 0.01

Table 4 Optimum values of the FOPID gains obtained via minimizing J3 and J4 using different evolutionary algorithms

Algorithms Kp(J3) KI(J3) KD(J3) λ(J3) µ(J3) Kp(J4) KI(J4) KD(J4) λ(J4) µ(J4)

GA 9.9784 0.27 1.7581 0.2516 0.046 0.11 1.786 0.859 0.799 0.01

PSO 9.46 2.034 0.248 0.01 0.981 0.13 0.745 0.1 0.01 0.055

ABC 9.879 1.85 0.302 0.01 0.929 0.748 0.106 1.127 0.121 0.0101

DE 10 0.106 0.184 0.011 1 0.11 1.79 0.7157 0.7148 0.012

FA 10 1.26 0.238 0.01 1 0.103 0.743 0.12 0.01 0.0604

DFA 10 1.45 0.239 0.01 0.987 0.1 0.453 0.429 0.01 0.013
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Fig. 7 Step responses of the DC motor drive using ITSE, ITSE+ISCO, ITAE, and ITAE+ISCO based FOPID controllers.
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Fig. 8 Control signals of the DC motor drive using ITSE, ITSE+ISCO, ITAE, and ITAE+ISCO based FOPID controllers.
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Table 5 Optimum time indices parameters and objective function for J1 and J2 using different evolutionary algorithms

Algorithms MP (J1) Tr(J1) Ts(J1) Of (J1) MP (J2) Tr(J2) Ts(J2) Of (J2)

GA 17.1405 0.0276 0.2261 0.07171 2.1929 1.0553 3.07935 12.3916

PSO 16.3470 0.0268 0.2241 0.070539 1.7733 1.077 1.6497 12.61777

ABC 17.3137 0.0266 0.2254 0.0715 1.5222 1.1887 1.8352 12.3672

DE 16.6012 0.0272 0.2224 0.070508 1.6301 1.1785 1.8089 12.2960

FA 17.2463 0.02658 0.2231 0.070717 1.3487 1.2211 1.899 12.30451

DFA 16.9113 0.0271 0.2212 0.070515 1.61 1.1815 1.8151 12.2959

Table 6 Optimum time indices parameters and objective function for J3 and J4 using different evolutionary algorithms

Algorithms MP (J3) Tr(J3) Ts(J3) Of (J3) MP (J4) Tr(J4) Ts(J4) Of (J4)

GA 19.594 0.0518 0.2699 0.2102 24.168 0.371 2.089 40.35119

PSO 6.829 0.0432 0.1759 0.11416 0.018 0.919 1.665 21.1226

ABC 8.894 0.0417 0.1835 0.1182 0.01 0.399 0.738 41.535

DE 1.389 0.0496 0.1605 0.1162 24.6 0.3734 2.007 40.3742

FA 5.044 0.0432 0.175 0.148627 0.0146 0.9223 1.67 21.1145

DFA 6.3251 0.0435 0.1747 0.1116 0.002 0.8822 1.608 20.95

Table 7 Optimum objective function for J1 and J2 using different evolutionary algorithms in 10 runs.

Objective Function(J1) Objective Function(J2)

Algorithms Best Worst Average Best Worst Average

GA 0.07171 0.07868 0.07448 12.3916 13.0162 12.6265

PSO 0.070539 0.071028 0.070755 12.6177 14.2236 13.2275

ABC 0.0715 0.07766 0.073422 12.36722 14.77907 13.17398

DE 0.070508 0.072756 0.070738 12.29603 12.83579 12.59186

FA 0.070717 0.07132 0.070976 12.30451 12.59956 12.411

DFA 0.070515 0.070686 0.070539 12.29597 12.30685 12.29968

As a case study for the validation of our approach,
a fractional order PID controller has been implemented
for the speed regulation of a chopper fed DC motor

drive. The gains of the proposed FOPID controller are
optimized successfully using the DFA algorithm. Fit-
ness functions based on the ITSE, ITSE+ISCO, ITAE,

and ITAE+ISCO time indices are used for designing the
controller. The simulation studies clearly show the per-
formance and superiority of the proposed FOPID con-
troller based on the DFA approach over the FA, GA,
PSO, ABC and DE algorithms. Besides, the FOPID
controllers based on the ITSE+ISCO and ITAE+ISCO
fitness functions provide lower intensity control signals
than those based on ITSE and ITAE fitness functions.

In any case, it is important to remark that the op-
timization problem is very dependent on the particular

fitness or objective function to choose and the selection
of the control parameters. The fact that an optimization
algorithm provides good results for a specific objective
function does not guarantee the same success when ap-
plied to a different objective function. In our case, we
can conclude that: 1) even if for some specific objec-
tive functions the performance of the FDA approach is
better than for others, the differences are very slight;
and 2) for every particular objective function consid-

ered, the FDA algorithm outperforms in general terms
the rest of algorithms used for comparison.

In future works the authors will deal with the

implementation of other dynamic FA variants
and will compare their performances with that
of the DFA approach in order to discuss on their
limitations.
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