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This paper proposes a modified maximum power point tracking (MPPT) algorithm for photovoltaic systems under rapidly
changing partial shading conditions (PSCs). The proposed algorithm integrates a genetic algorithm (GA) and the firefly
algorithm (FA) and further improves its calculation process via a differential evolution (DE) algorithm. The conventional GA is
not advisable for MPPT because of its complicated calculations and low accuracy under PSCs. In this study, we simplified the
GA calculations with the integration of the DE mutation process and FA attractive process. Results from both the simulation
and evaluation verify that the proposed algorithm provides rapid response time and high accuracy due to the simplified
processing. For instance, evaluation results demonstrate that when compared to the conventional GA, the execution time and
tracking accuracy of the proposed algorithm can be, respectively, improved around 69.4% and 4.16%. In addition, in
comparison to FA, the tracking speed and tracking accuracy of the proposed algorithm can be improved around 42.9% and
1.85%, respectively. Consequently, the major improvement of the proposed method when evaluated against the conventional
GA and FA is tracking speed. Moreover, this research provides a framework to integrate multiple nature-inspired algorithms for
MPPT. Furthermore, the proposed method is adaptable to different types of solar panels and different system formats with
specifically designed equations, the advantages of which are rapid tracking speed with high accuracy under PSCs.

1. Introduction

The output power of photovoltaic (PV) systems is generally
nonlinear, particularly when influenced by rapidly changing
environmental conditions. Additionally, the power-voltage
characteristic (P-V curve) of a PV system exhibits a unique
maximum power point (MPP), which is affected by solar
irradiance and ambient temperature. To ensure the maxi-
mum power is harvested, various MPP tracking (MPPT)
algorithms have been designed to operate a PV system at
the MPP. However, when partial shading conditions (PSCs)
occur, PV modules receive different amounts of solar irradi-
ance due to shadows. Under PSCs, the P-V curve exhibits
multiple local maximum power points (LMPPs), thereby
causing difficulties for conventional MPPT methods in

identifying the global maximum power point (GMPP)
from the LMPPs [1–3].

Numerous nature-inspired algorithms have been
designed for MPPT under PSCs [4–6]. Evolutionary algo-
rithms such as particle swarm optimization (PSO) methods
have effectively addressed the problem of reaching GMPP
[7, 8]. In addition, the firefly algorithm (FA) [9, 10], cuckoo
search (CS) [11], flower pollination algorithm (FPA) [12],
and intelligent monkey king evolution (IMKE) [13] have
good potential to handle the MPPT optimization problem.
Among the various evolutionary techniques, the genetic algo-
rithm (GA) can solve nonlinear stochastic problems and
accurately extract the GMPP [14, 15]. However, the perfor-
mance of the GA is determined mainly by the random coef-
ficient [3]. In addition, the conventional GA is not suitable
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for MPPT due to its complicated calculation, which reduces
the convergence speed and lowers the accuracy under PSCs
[2, 16]. As a result, modified GA methods have been pro-
posed to accelerate the processing speed based on

(1) Reduced population size [14]

(2) Simplified mutation processes [17]

(3) Simplified calculation of crossover and attractive
processes [15]

However, the accuracy of these methods tends to decline
with decreasing processing time. In order to improve the
accuracy of the MPPT algorithms, in this paper, we propose
integrating a modified GA with the FA and further improve
the calculation process by the differential evolution (DE)
algorithm.More specifically, the proposed algorithm employs
the FA attractive process and DE mutation process and sim-
plifies the calculation of GA and FA to decrease iterations. To
our knowledge, this is the first study that evaluates the fusion
of the GA and FA for MPPT [5, 6]. In addition, the proposed
algorithm can overcome the high execution time and low
convergence speed issues of the conventional GA. The advan-
tages of the proposed algorithm are rapid response time with
high accuracy under PSCs.

2. Methodology

The processes of the GA, FA, and DE algorithms are demon-
strated in Figure 1. The GA is an optimization method for
extracting solutions based on “survival of the fittest” evolu-
tionary law, the primary processes of which are crossover,
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mutation, and selection. In addition, fitness of individuals is
calculated for the selection mechanism. The FA is based on
the behavior and flashing of fireflies, where the attractiveness
is proportional to the brightness of a firefly. With the FA,
fireflies converge into an optimal solution by the attractive-
ness [4, 9, 10]. With respect to the DE algorithm, although
its architecture is similar to the GA, they differ in their muta-
tion processes [16].

As demonstrated in Figure 2, the process of the proposed
algorithm is based on the conventional GA. The differences
between the proposed method and the GA are the mutation
and attractive processes. Firstly, the individuals are initialized
by open circuit voltage (VOC), after which the initial fitness of
each individual is calculated. In this process, the individuals
are positioned in four voltage points of the P-V curve, as
shown below:

V ini = 0 2 0 4 0 6 0 8 ×VOC, 1

where V ini is the voltage of the initial individuals. The corre-
sponding output power of the positions is taken as the fitness.
The fitness of the individual that has the maximum power

output is set to 1 for normalization, while fitness of the other
individuals is calculated by

Fi = 1 × Pi

Pi max
, 2

where Fi and Pi are the fitness and output power of individ-
ual number i, respectively. In addition, Pi max is the maxi-
mum power output of the individuals.

The main steps in an iteration include (1) mutation pro-
cess, (2) attractive process. (3) crossover and reproduction of
new individuals, (4) fitness calculation, (5) next-generation
selection, and (6) convergence judgment. Iterations are
repeated until convergence conditions are satisfied; that is,
the GMPP is found.

In the mutation process in this study, the random proce-
dure of the conventional GA algorithm is modified to avoid
fitness decay or individuals with higher fitness from being
discarded after the mutation process. The operating voltage
of each individual is adjusted to move to a higher power point
using the following equation:

VM = M

S × F2 − B, 3
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Figure 3: Relationship between the voltage adjustment VM , fitness F, and slope S in the mutation process.
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where VM is the voltage adjustment, S is the slope of the indi-
vidual on the P-V curve, F is the fitness, andM and B are var-
iables used for fine-tuning. The optimized values ofM and B
are set as 0 01VOC and 0 07VOC, respectively, as determined
from trial and error experiments. For the sake of simplicity,
the slope S of individual i is derived from

S = ΔVi

ΔIi
= Vi −Vi′

Ii − Ii′
, 4

where Vi and Ii are the operating voltage and current of
individual i, Vi′ =Vi − 0 1V, and Ii is the current when
operated at voltage Vi′. The relationship between slope S,
fitness F, and voltage adjustment VM is shown in Figure 3,
where individuals with a low slope and low fitness lead to a
greater voltage adjustment; in this manner, the convergence
speed can be improved.

In the attractive process, each individual is attracted by
others and move their position (operating voltage) according
to attractiveness. The attractiveness between two individuals
is calculated by

VA = α + β × exp−γ×D, 5
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Table 1: Parameters of the experimental modules.

Characteristics Spec.

VOC 11.6V
ISC 1.25A
Vmp 10.4V
Imp 1.19A
Pmp 12.4W

4 International Journal of Photoenergy



where VA is the position/voltage movement, α is a random
coefficient, β is the attractiveness at zero distance (D=0), γ is
a variable for fine-tuning, and D is the distance between two
individuals. To improve the convergence speed, the randomi-
zation parameter α is modified to vary within 0 1VOC, while
the parameter β is set as 0 5VOC in this study. To refine the
other parameters, the voltagemovementVA, distancebetween

two individuals D, and parameter γ in the attractive process
are further analyzed. Figure 4 demonstrates that the position
movement VA is inversely proportional to γ andD. However,
the distance between two individuals might be affected by
other processes. As a result, the optimized value of γ is set as
1 × 10−4, as determined by trial and error experiments for bet-
ter convergence speed.

Irradiance

Module number 1 Module number 2 Module number 3 Module number 4

Figure 6: The block diagram of the experimental PV array.

Table 2: Irradiance setups of the 10 evaluation patterns (W/m2).

Irradiance setup LMPPs Module number 1 Module number 2 Module number 3 Module number 4

Pattern number 1 1 1000 1000 1000 1000

Pattern number 2 2 1000 1000 1000 500

Pattern number 3 2 1000 1000 500 500

Pattern number 4 3 1000 200 200 100

Pattern number 5 3 1000 750 750 500

Pattern number 6 3 1000 1000 750 600

Pattern number 7 4 1000 300 200 100

Pattern number 8 4 1000 700 400 100

Pattern number 9 4 1000 750 500 250

Pattern number 10 4 1000 600 500 400
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Figure 7: P-V curves of the 10 PSC patterns in the simulation.
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During the crossover process, new individuals are gener-
ated, the parents of which are selected randomly. The voltage
of the offspring is calculated by

VO = VRA +VRB
2 , 6

where VO represents the offspring individual, and VRA and
VRB are the operating voltages of the parents.

The total population number should be kept the same
before and after the crossover and selection processes. For
example, if the population number is set as four, two individ-
uals will be generated after the crossover process. As a result,
in the selection process, four out of six individuals must be
selected for the following procedure. The fitness of each indi-
vidual is calculated for selection using (2).

In the convergence judgment process, successful conver-
gence is judged by the following equations:

〠Fi >NP × Fi max × 98 75%, 7

Vmax −Vmin <VOC × 5%, 8

where Fi is the fitness of individual number i calculated by
(2), NP represents the population number, and Fi max
denotes the fitness of the individual which has the maximum
power output. In addition, Vmax and Vmin represent the max-
imum and minimum voltages of the individuals, respectively.
If the fitness summation of the individuals is larger than
98.75% of the maximum fitness multiplied by NP, and the
distribution range of the individuals’ voltages is less than
5% VOC, convergence is judged as satisfied. Then, the indi-
vidual with the highest fitness is considered as the MPP.
These two criteria were determined by experimental experi-
ence in this research. In this study, the major convergence
judgement is based on (7), which uses fitness summation
as the criterion. On the other hand, (8) is used as an auxil-
iary filter to ensure the distribution range of the individuals’
voltage remains within one interval. The experimental PV
array was composed of four series-connected modules; con-
sequently, the maximum interval number of the array’s P-V
curve under PSC was 4, which corresponds to 25% VOC for
each interval. Based on the simulations, setting 1/5 of each
interval (25%× 1/5 = 5%) as the filter’s criterion could obtain
acceptable results.

3. Simulation

The proposed algorithm was first simulated by MATLAB
R2016a software, the system blocks for which are shown in
Figure 5. The input irradiance patterns and the PV array
for evaluation were carried out using the Simulink toolbox.
The PV array was composed of four series-connected mod-
ules (module numbers 1–4). Parameters of the experimental
modules are shown in Table 1. As illustrated in Figure 6, the
irradiance for which could be individually programmed for
each module to generate partial shading condition (PSC)
patterns. The setup of the 10 different PSC patterns (numbers
1–10) is shown in Table 2. The P-V curves of the 10 PSC pat-
terns and their corresponding GMPPs (numbers 1–10) are

depicted in Figure 7. The purpose of the 10 irradiance setups
is to simulate patterns that have 1–4 LMPPs with their
respective GMPP located at different intervals.

The MPPT algorithms implementation was carried out
using MATLAB M-file programming. The process flow
of the GA, FA, and proposed algorithm, illustrated in
Figures 1 and 2, could be implemented by MATLAB code.
Pseudocode 1 demonstrates the MATLAB pseudocode of
the proposed algorithm and denotes the explanations of the
program after the double slashes. The PSC patterns are fed
to the MPPT programs. Figure 8 demonstrates the iteration
process of the proposed algorithm, for which pattern number

Generate initial population
Initial fitness Fini of initial individuals Vini is determined
by Eq. (2).
while (limit the execution times (max generations))

while (convergence judgement conditions unsatisfied)
//mutation process
for i=1:4 //individual number

calculate slope S of individual i by Eq. (4).
calculate voltage adjustment VM of individual i by
Eq. (3).

end for i
//attractive process
for i=1:4 //individual number
for j=1:4 //individual number
if (i≠j)
calculate distance D between i and j.
calculate voltage movement VA of individual i by
Eq. (5).

end if
end for j

end for i
//crossover process
select parents for new individuals randomly.
calculate the voltage of offspring VO from their
parents‘operating
voltages VRA & VRB using Eq. (6).

//selection process
for i=1:6 //4 parents and 2 offspring
calculate fitness of each individual using Eq. (2).

end for i
sort the fitness of the individuals
define the individual with the highest fitness as MPP.
discard 2 individuals with the lowest fitness.

//convergence process
for i=1:4 /the rest of the individuals
execute convergence judgement using Eq. (7)
and Eq. (8).

end for i
end while (max generations)
iteration number = iteration number + 1 //record
iteration number

end while (conditions are satisfied)
output the operating voltage of the MPP and the iteration
number.

Pseudocode 1: MATLAB pseudocode of the proposed
algorithm.
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9 was used for evaluation. It was observed that the MPP was
found by the proposed algorithm after 4 iterations.

It is important to determine the number of data points
(population) for the searching processes because the data
amount impacts the response time and accuracy of a search-
ing algorithm. Although using less data points reduces the
response time, the accuracy decreases. Conversely, using
more data points improves the searching accuracy, but the
measurement and calculation time increases. As a result, in
order to decide the optimal population number for locating
the MPPT using the proposed method, we first simulated
the tracking performance of the conventional GA, FA, and

Initial individuals 1st generation 2nd generation

4th generation3rd generation

17

16.5

16

Po
w

er
 (W

)

17

16.5

16

Po
w

er
 (W

)

0

5

10

15

20
Po

w
er

 (W
)

0

5

10

15

20

Po
w

er
 (W

)

0 10 20 40 5030
Voltage (V)

0 10 20 40 5030
Voltage (V)

0

5

10

15

20

Po
w

er
 (W

)

0

5

10

15

20

Po
w

er
 (W

)

0 10 20 40 5030
Voltage (V)

0 10 20 40 5030
Voltage (V)

0

5

10

15

20

Po
w

er
 (W

)
0 10 20 40 5030

Voltage (V)

18.5 19.5 20 20.5 2119
Voltage (V)

18.5 19.5 20 20.5 2119
Voltage (V)

Figure 8: Position variation of each individual (pattern number 9).

Table 3: Simulation results of GA with different population
numbers under uniform irradiance.

Population number Iterations Time (s) Error (%)

3 10.64 0.044 9.20

4 7.91 0.031 3.80

5 10.14 0.042 1.01

6 13.26 0.055 0.12

Table 4: Simulation results of FA with different population
numbers under uniform irradiance.

Fireflies Iterations Time (s) Error (%)

3 25.3 0.111 2.10

4 17.39 0.07 0.61

5 14.17 0.059 0.09

6 12.25 0.048 0.06

Table 5: Simulation results of the proposed algorithm with different
population numbers under uniform irradiance.

Population number Iterations Time (s) Error (%)

3 2.8 0.006 3.38

4 3.04 0.006 0.14

5 4.31 0.008 0.11

6 6.54 0.011 0.16

Table 6: Simulation results of the proposed algorithmwith different
population numbers under PSCs.

Population number Iterations Time (s) Error (%)

3 3.32 0.006 7.98

4 3.09 0.006 0.12

5 3.79 0.007 0.24

6 5.71 0.01 0.17

Table 7: Parameter settings of the GA, FA, and the proposed
method.

GA FA Proposed method

B = 0 07VOC α0 = 0 1VOC M = 0 01VOC

— β = 0 25VOC B = 0 07VOC

— γ = 0 0001 β = 0 5VOC

— θ = 0 95 γ = 0 0001
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the proposed algorithm under uniform irradiance (pattern
number 1) with different population numbers. Evaluations
were conducted under the same conditions for the three algo-
rithms, and all experiments were performed with uniformly
distributed initial positions of the individuals. In addition,
the convergence judgement criteria, according to (7) and
(8), were the same for all algorithms. The simulation was exe-
cuted 100 times. The difference between the power of the
estimated MPP and the power of the actual MPP is consid-
ered an error, which can be calculated by

ERR = 1 − PMPP
PMPP true

× 100%, 9

where ERR is the error, while PMPP and PMPP true are the esti-
mated MPP power and the actual MPP power, respectively.
In addition, the number of iterations and execution time
required for each algorithm to reach convergence were

counted for tracking speed comparison. All simulations were
conducted using a computer with a standard Intel i7-4790K
CPU and Windows 7 operating system.

Tables 3–5 list the simulation results of the tracking per-
formance under uniform irradiance using GA, FA, and the
proposed algorithm, respectively. The population number
was evaluated from 3 to 6 for these three algorithms. From

Table 8: Simulation results of the tracking speed and tracking accuracy.

Pattern Algorithm
Iterations Time (s) Error (%)

Average SD Average SD Average SD

Pattern number 1

GA 12.17 3.4 0.048 0.014 3.75 0.66

FA 12.12 6.11 0.1 0.05 0.29 0.35

Proposed method 3.31 0.76 0.02 0.004 0.17 0.14

Pattern number 2

GA 8.75 2.79 0.085 0.029 0.73 0.99

FA 5.87 3.56 0.051 0.03 0.15 0.21

Proposed method 3.45 0.83 0.022 0.009 0.1 0.23

Pattern number 3

GA 15.83 6.58 0.151 0.063 9.75 0.54

FA 12.95 4.48 0.109 0.039 5.68 3.86

Proposed method 4.95 0.9 0.025 0.008 1.02 1.51

Pattern number 4

GA 26.88 18.05 0.274 0.183 18.75 12.6

FA 24.75 5.03 0.226 0.07 23.37 0.07

Proposed method 19.77 20.03 0.095 0.072 0.76 1.05

Pattern number 5

GA 9.16 2.87 0.091 0.03 0.81 1.23

FA 5.56 2.35 0.048 0.021 0.1 0.15

Proposed method 3.46 0.81 0.024 0.009 0.08 0.12

Pattern number 6

GA 14.41 8.87 0.147 0.093 10.11 0.44

FA 8.4 6.61 0.078 0.062 9.67 1.74

Proposed method 5.61 2.06 0.027 0.008 1.19 1.83

Pattern number 7

GA 20.47 10.77 0.065 0.034 17.47 11.33

FA 28.33 12.13 0.236 0.101 21.14 1.15

Proposed method 19.55 13.78 0.061 0.035 0.73 1.34

Pattern number 8

GA 10.53 4.05 0.103 0.04 0.4 0.78

FA 13.69 7.02 0.116 0.057 0.08 0.14

Proposed method 5.12 1.85 0.025 0.006 0.37 0.49

Pattern number 9

GA 12.78 5.78 0.128 0.069 5.21 3.17

FA 9.79 4.35 0.087 0.044 0.29 0.77

Proposed method 5.31 1.43 0.034 0.075 0.28 0.45

Pattern number 10

GA 13.03 5.64 0.051 0.023 10.14 0.78

FA 7.63 1.09 0.063 0.009 9.7 0.24

Proposed method 4.95 1.18 0.026 0.014 2.68 2.49

Table 9: Tracking speed and tracking accuracy comparison of the
GA, FA, and proposed method.

Algorithm
Averaged
iterations

Averaged time
(s)

Averaged error
(%)

GA 14.4 0.114 7.72

FA 12.91 0.111 7.05

Proposed
method

7.55 0.036 0.74
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Table 3, it can be observed that the GA takes the shortest
execution time using 4 data points. On the other hand,
Table 4 shows that the most data points (6 fireflies) used by
FA lead to the shortest execution time. However, as shown
in Table 5, with the proposed method, more data points
increase the iterations, and so more time is needed for
searching. In addition, the accuracy generally improved by
increasing the population number for all three algorithms.
In order to further investigate the tracking performance of
the proposed method with different population numbers
under PSCs, irradiance pattern number 9 was used for
evaluation. Table 6 lists the averaged iterations, execution
time, and corresponding tracking error with different
population numbers. It can be found that with 4 data
points, the proposed algorithm has the best execution time
and tracking accuracy.

Consequently, considering the shorter execution time
and reasonable tracking accuracy, the population number
of 4 was chosen for further evaluation experiments. All 10
irradiance patterns were used for further experiments under
different PSCs with the proposed algorithm. In addition,
the conventional GA and FA were employed for comparison.
The parameter settings for each method are presented in
Table 7. All experiments were conducted under the same
conditions for the three algorithms, with uniformly distrib-
uted initial positions and the same convergence judgement
criteria. The simulations were executed 100 times for itera-
tions, execution time, and error calculation.

The simulation results of the tracking speed and accuracy
using the GA, FA, and proposed algorithm are shown in
Table 8. From the results, the maximum tracking errors of
the GA and FA occurred with pattern numbers 4 and 7 and
were caused by being trapped at the LMPPs. The trapping
at LMPPs phenomenon of the GA might be the result of its
random mutation process, while the trapping phenomenon

of the FA might be due to its random attractive process. In
the proposed algorithm, these two random processes are
modified; therefore, the tracking accuracy is improved.

Table 9 summarizes and compares the averaged itera-
tions, execution time, and errors of the 10 simulation pat-
terns. The differences between the averaged iterations
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I-V curve
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Figure 9: Evaluation system structure.

Table 10: Specifications of the buck converter.

Parameter Value

Switching frequency 20 kHz

Inductor 35 μH

Capacitor 16V, 1000 μF

PC so�ware

Electronic load

Buck converter

I-V curve simulator

PSoC
Vi measurement

Figure 10: Photograph of the evaluation system.
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required for the 10 simulation patterns using the proposed
algorithm and GA/FA were around 6.85 and 5.36, respec-
tively. Furthermore, the averaged reduction of the execution
time using the proposed algorithm was around 0.078 (s)
compared with the GA and 0.075 (s) compared with the
FA. In other words, the averaged time reduction using the
proposed method was around 68.4% of the GA and 67.6%
of the FA. Moreover, the averaged tracking error of the pro-
posed algorithm was reduced around 6.98% compared with
GA and 6.31% compared with FA.

4. Evaluation Results

To further verify the MPP tracking speed and tracking accu-
racy of the proposed method, a hardware evaluation system
was installed, as illustrated in Figure 9. An I-V curve simula-
tor (Chroma, 62020H) was utilized to program different
PSC patterns as the PV source. A DC-DC buck converter
controlled by a pulse width modulation (PWM) signal was
used as the interface to feed the output power of the PV
source to a programmable electronic load (Keysight,
N3300A). The specifications of the buck converter are listed

in Table 10. The MPPT algorithms for evaluation were coded
and executed using a programmable system-on-chip control-
ler (Cypress, PSoC4), which has an ARM Cortex-M0 core
running at 48MHz. The input/output voltage and current
(Vi, Ii, Vo, and Io) of the buck converter were measured by
the PSoC’s onboard programmable analog-to-digital (A/D)
converters. All evaluation experiments were conducted and
controlled by a PC software programmed in LabVIEW
(National Instruments). Figure 10 presents a photograph of
the evaluation system.

The slew rate of the adopted converter was approxi-
mately 0.112V/ms. In addition, the maximum voltage
adjustment needed for the three experimental algorithms to
move the operating points was around 11.6V (across one
interval). As a result, the maximum transition time needed
to reach steady state was approximately 96ms. Consequently,
a 200ms delay time was set to ensure a stable output for each
voltage adjustment. Figure 11 illustrates the execution proce-
dure of one iteration for the experimental algorithms. At the
beginning of an iteration, the algorithms calculate the operat-
ing voltages of the individuals. Then, the duty cycle of the
PWM signal is adjusted sequentially for each individual so

Delay time 200 (ms)

Algorithm
calculation

time

Transition
time

Delay time 200 (ms)
Iteration NIteration N-1

Transition
time

Time (ms)

Transition
time
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Figure 11: Execution procedure of one iteration and delay time setting for each voltage adjustment.

Table 11: Irradiance setup of the 6 evaluation patterns (W/m2).

Irradiance setup LMPPs Module number 1 Module number 2 Module number 3 Module number 4

Pattern number 1 1 1000 1000 1000 1000

Pattern number 2 2 1000 1000 1000 500

Pattern number 3 2 1000 1000 500 500

Pattern number 4 3 1000 200 200 100

Pattern number 5 3 1000 750 750 500

Pattern number 9 4 1000 750 500 250
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that the PV array operates at the designated voltage. Since
different conversion rates and time constants of the converter
will significantly influence the total MPPT time, we summa-
rized the net calculation times of the algorithms as the execu-
tion times for comparison.

Settings of the PV array and the irradiance patterns for
evaluation were the same as the simulation. The simulation
results of pattern numbers 6, 7, 8, and 10 were similar to
the other 6 patterns. For simplification, these 4 patterns were
eliminated and the other 6 representative patterns, shown in
Table 11, were conducted for evaluation experiments.

Table 12 shows and compares the three evaluation results
(iterations required, execution time, and tracking error) of
the three methods (GA, FA, and the proposed method).
From the results, the maximum tracking errors of the GA
and FA occurred with pattern number 4 and were found to
become trapped at the LMPPs, which also occurred in the
simulations. In the proposed algorithm, the random pro-
cesses are modified; therefore, the tracking accuracy is
improved. Table 13 summarizes and compares the averaged
iterations, execution time, and tracking errors from the 6
evaluation patterns. The differences between the averaged
iterations required for the 6 simulation patterns using the
proposed algorithm and GA/FA were around 10.16 and
6.99, respectively. Furthermore, the averaged reduction of
the execution time using the proposed algorithm was around
0.202 (s) compared with the GA and 0.067 (s) compared with
the FA. In other words, the averaged time reduction using the
proposed method was around 69.4% of the GA and 42.9% of
the FA. In addition, the average tracking error of the pro-
posed algorithm was reduced around 4.16% compared with
the GA and 1.85% compared with the FA.

5. Discussion and Conclusion

Although the conventional GA can accurately extract the
GMPP under PSCs, implementation is challenging due to
its complicated calculation. Though the calculation could
be simplified, accuracy tends to decline with decreasing pro-
cessing time. In addition, simplified calculation processes
might cause search results to become trapped at LMPPs. In
order to solve this issue, this work proposes a fusion algo-
rithm that integrates three nature-inspired algorithms for
MPPT. The proposed algorithm simplifies the calculation of
the GA with the integration of the mutation process of DE
and modifies the attractive process of FA. The simulation
and evaluation results demonstrate that the proposed algo-
rithm offers rapid tracking speed and high accuracy despite
PSCs due to the simplified processing. In addition, the long
execution time and low convergence speed issues of the con-
ventional GA can be improved using the proposed processes.
Table 14 presents a qualitative comparison of the proposed
method with the GA, FA, and other algorithms. The

Table 12: Evaluation results of the tracking speed and tracking accuracy.

Pattern Algorithm
Iterations Time (s) Error (%)

Average SD Average SD Average SD

Pattern number 1

GA 14.61 0.81 0.032 0.033 5.18 1.42

FA 13.5 0.98 0.028 0.058 3.51 0.69

Proposed method 5.25 2.19 0.026 0.011 2.46 4.61

Pattern number 2

GA 11.54 1.29 0.374 0.064 3.44 1.9

FA 12.76 2.12 0.116 0.041 2.83 1.66

Proposed method 6.62 2.52 0.107 0.007 4.06 3.48

Pattern number 3

GA 18.73 2.2 0.301 0.22 10.98 2.11

FA 9.97 1.54 0.257 0.032 6.03 1.84

Proposed method 7.22 2.15 0.041 0.027 3.84 6.06

Pattern number 4

GA 24.52 10.09 0.497 0.385 9.35 2.02

FA 13.82 4.06 0.314 0.08 1.53 0.08

Proposed method 6.29 6.88 0.242 0.067 1.25 0.77

Pattern number 5

GA 12.03 0.75 0.367 0.071 4.34 2.53

FA 10.9 1.25 0.131 0.013 4.54 2.71

Proposed method 6.06 2.1 0.079 0.018 1.86 4.78

Pattern number 9

GA 17.17 1.73 0.174 0.268 8.12 4.65

FA 18.6 2.93 0.091 0.218 9.08 1.73

Proposed method 6.2 1.86 0.04 0.297 2.99 11.42

Table 13: Comparison of evaluation results for the GA, FA, and the
proposed method.

Algorithm
Averaged
iterations

Averaged time
(s)

Averaged error
(%)

GA 16.43 0.291 6.9

FA 13.26 0.156 4.59

Proposed
method

6.27 0.089 2.74
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performance evaluation of the MPPT techniques are qualita-
tively weighed using (1) tracking speed, (2) tracking accu-
racy, (3) trapping at LMPPs, (4) steady-state oscillation, (5)
complexity, and (6) execution time. In addition, the parame-
ters are gauged qualitatively as “high,” “moderate,” and
“low.” As can be seen, the tracking speed and tracking accu-
racy of the proposed method are found to be superior to the
conventional GA and FA. Furthermore, the proposed
method reduces the complexity and accelerates the execution
time. Consequently, the proposed method could be consid-
ered one of the most promising substitutes for existing
methods. Moreover, this research provides a framework to
integrate multiple nature-inspired algorithms for MPPT.

However, the proposed approach has not been optimized
and future studies could investigate the feasibility of process
optimization and fusing other algorithms using this frame-
work. In addition, in order to enable the proposed method
to accommodate different types of solar panels, the calcula-
tion equations and parameter settings were specifically
designed to be related to VOC. Furthermore, in this work,
the experimental PV array was composed of four series-
connected modules; consequently, the maximum interval
number of the array’s P-V curve under PSC was 4, and so
the optimal population number was also 4. Accordingly, this
model could be used and expanded to different 4-group PV
arrays. However, for different system formats, for example,
if 8 or more PV groups are connected as an array, the popu-
lation number, parameters V ini,M, B, β, and γ, as well as the
convergence criteria of (7) and (8), should be refined for bet-
ter performance. Future studies could explore the optimal
number of parameters for different system formats.
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