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1 Introduction

The use of renewable energy resources (RERs) has been increasing around the world
in recent decades due to concerns about carbon footprint and energy shortages. The
most promising RER technology of the twenty-first century is solar photovoltaic (PV)
energy since it has some advantages such as green energy, low operating cost, zero
carbon emission, zero fuel consumption, low maintenance cost, low noise pollution,
and can be established to any size depending on the energy requirements. However,
it suffers from a considerably high capital cost and low energy efficiency. Therefore,
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it is crucial to optimize the power generated from PV systems by utilizing suitable
control schemes [1-6].

The key challenge for capturing the maximum power from the outdoor PV systems
is the uneven fallen of solar irradiation on the upper surface of the PV array owing
to the partial shading conditions (PSCs). The PSCs lead to the distortion of the P-V
characteristic curves of the PV array where multiple peaks are emerged including
one global peak (GP) beside one or more local peaks (LPs). Indeed, the connection of
the bypass protective diodes across each panel in the PV array is the main reason for
these distortions in the P-V curves. However, bypass protective diodes are mandatory
in PV system installations to protect the PV panels that may be destroyed under the
PSCs due to the hot-spot phenomenon [7, 8].

Classical algorithms-based-maximum power point tracking (MPPT) controllers
such as incremental conductance (InC), perturb and observe (P&O), and their
improved versions have been suggested in the literature [9—12]. Classical algorithms
have relatively simple structures, easy to executions, and a low computation burden.
Nevertheless, these algorithms suffer from a trade-off between tracking speed and
tracking accuracy. For instance, if the step size in the algorithm is increased to obtain
fast-tracking time, high steady-state power oscillations are observed that lead to low
tracking accuracy. On the other hand, if the step size in the algorithm is reduced
to acquire relatively low steady-state power oscillations, the convergence speed of
the algorithms is slowed down resulting in a high tracking time. In addition, these
algorithms are frequently trapped in LPs under the PSCs [13-15].

Recently, Al techniques are widely employed in the MPPT controllers for PV
systems in order to guarantee the successful tracking of the GPs under the PSCs
[16]. Many Al-based approaches have been introduced in the literature including
Fuzzy Logic Control-based MPPT controllers [17], Deep Learning Techniques-based
MPPT controllers, and Bio-inspired Algorithms-based MPPT controllers. Numerous
bio-inspired algorithms have been developed by researchers to address the PSCs
problems such as Ant-Lion Optimization (ALO) [18], Grasshopper Optimization
(GHO) [19], Cuckoo Search (CS) [20], Search and Rescue Algorithm (SRA) [21],
Bat Algorithm (BA) [22], Grey Wolf Optimization (GWO) [23], Sine Cosine Algo-
rithm (SCA) [24], Yellow Saddle Goatfish Algorithm (YSGA) [25], Firefly Algo-
rithm (FA) [26], Moth-Flame Optimization (MFO) [27], Earthquake Algorithm (EA)
[28], Flower Pollination Algorithm (FPA) [29], Dragonfly Optimization Algorithm
(DFOA) [30], Harris Hawk Optimization Algorithm (HHOA) [31], Hybrid Particle
Swarm Optimization-Fireworks (PSO-FW) algorithm [32], Salp-Swarm Optimiza-
tion Algorithm (SSOA) [33], Artificial Bee Colony (ABC) algorithm [34], Group
Teaching Optimization Algorithm (GTOA) [35], and others.
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This article introduces a comparative study between the performance of the
Autonomous Group Particle Swarm Optimization (AGPSO) algorithm and the
Cuckoo Search (CS) algorithm for partially shaded photovoltaic (PV) arrays. Firstly,
the performance of the two algorithms is assessed under different weather conditions
including STC and PSCs by using MATLAB/SIMULINK. Then, an experimental
study is conducted to validate the obtained simulation results.

2 System Configuration

The entire PV system configuration is depicted in Fig. 1. The PV system under
study composed of four main parts, including the PV array, power conditioning unit,
load, and maximum power point tracking (MPPT) controller. A 450 W PV array is
constructed by three parallel strings, each string consists of three series-connected
PV panels. The PV panel produces a maximum power of about 50.04 W with a
MPP voltage of 19.01 V and a MPP current of 3.16 A at the standard test conditions
(STC: Tpop = 25°C, G,oy = 1000 W/m?) . A 50 2 resistive load is interfaced with
the PV array through a boost converter. The specifications of the boost converter
design to work in continuous conduction mode have been listed in Table 1. The
MPPT controller continually monitors the PV array power using current and voltage
sensors and then regulates the duty cycle of the boost converter to assure that it
operates at its MPP under various weather conditions. This ensures that maximum
power is extracted from the PV array and delivered to the load.

In order to study the impact of weather conditions on the PV system performance,
several mathematical models based on the equivalent circuits have been proposed
in the literature [36]. A typical representation of the PV cell using a five-parameter
model is illustrated in Fig. 2. This model presents an excellent balance between
model complexity and accurateness, and its parameters (Ipy, Iy, Rsp, Ry, m) are
numerically determined in accordance with previous literature [36].

The fundamental equations describing the characteristics of the PV array model
taking into consideration the effect of solar radiation change and cells operating
temperature are as follows:

Ipy = IppNpr
Vev +IPVRS(11\\£:> VPv—l-IPVRs(]I\\,]’:)
— IpN, § exp VN ! —13— " ! (1)
mV, Ny, o
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Rsh



82 A.-E. Khalifa et al.

Lboost

/) (5501 .

out

3
I

an

II'"
3S3P PV Array :D dc_m
! driver
Bio-Inspired S
Based MPPT St
algorithms
Fig. 1 The system configuration
:able 1 Specifications of Component Value
00st converter
Input capacitor 100 uF
Output capacitor 500 wF
Boost inductor 1.5 mH
Switching frequency 10 kHz
Fig. 2 Equivalent circuit of R &
the five-parameter model of ) N o A A A %
a PV cell I I
& I do sh PV
I Ph
A Vb D Rsp Vpy

Ixc,Tmf + oy (Tc - Tref)

v, oy (Te—Trer) @
{exp( 0¢,Tyef mVVt cAref ) _ 1}

Iy =



Experimental Investigation of Two Bio-inspired MPPT Algorithms ... 83

where Ipy denotes the array output current, Vpy denotes the array output voltage Ip;,
denotes the photo-current, I is the dark saturation current, ¢ is the electron charge,
N, is No. of series-connected panels, N, is the No. of parallel-connected strings,
(v, = nyKT,/q) is the panel thermal voltage, K denotes the Boltzmann constant,
T is the panel temperature, m denotes the diode ideality factor /p;7,,, is the photo-
current at STC, V,. 1, , refers to the open-circuit voltage at STC, I 7,,, refers to
the short circuit current at STC, oy and o are the voltage and current temperature
coefficients, respectively.

3 Bio-Inspired Optimization Algorithms

Bio-inspired techniques use algorithms that mimic natural processes such as genetic
algorithms, neural networks, and swarm intelligence. These algorithms permit a more
efficient and effective optimization process than traditional methods. In this article,
the Autonomous Group Particle Swarm Optimization (AGPSO) algorithm and the
Cuckoo Search (CS) algorithm are utilized to acquire the optimum duty cycle under
different environmental conditions. This section provides an overview of the AGPSO
and CS algorithms including the mechanism of operation, the mathematical model,
and the MPPT flowchart for each algorithm.

3.1 AGPSO Algorithm

Particle Swarm Optimization (PSO) algorithm is widely utilized in various applica-
tions because of its simple structure, ease of establishment, and low computational
cost. The PSO algorithm, however, has some drawbacks for MPPT applications,
such as the challenge of adjusting its parameters under various environmental condi-
tions, long convergence time, and the possibility of being trapped in LP under PSCs
[37]. In order to tackle the issues related to the PSO algorithm, AGPSO algorithm is
employed in this study.

Balancing between the exploration and exploitation phases during the search
process is the main challenge for the classical PSO algorithm. The search behavior
of particles in the search space for the PSO algorithm is dependent on the value of the
cognitive and social parameters (c; and c;). The particles have a high ability for local
exploration throughout the search process if the cognitive parameter c; is relatively
higher than the social parameter c,. Conversely, if the parameter ¢, is relatively greater
than cy, then the particles search more globally, and exploit information compiled to
converge towards the optimal solution [38].

The AGPSO is a bio-inspired algorithm that mimics the behavior of termite
colonies in nature. Particles in a classical PSO algorithm may be considered as a
group with a single strategy since all particles exhibit the same behavior in terms of
local and global search. On the other hand, the particles in the AGPSO algorithm are
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separated into four independent groups, each of which has a different strategy for
searching both locally and globally. This led to the improvement of the algorithm
performance since a better equilibrium between the exploration and exploitation
phases is achieved during the search process [39].

In the AGPSO algorithm, the acceleration parameters are modeled by employing
third root and cubic functions instead of using constant parameters as in classical
PSO. These functions are chosen with various curvatures, intersection points, and
slopes as shown in Fig. 3. The updating strategy of ¢; and ¢, for each group is provided
in Table 2. In this work, the inertial weight parameter is decreased linearly from 0.9
to 0.4 as given in Eq. (5). Using the AGPSO algorithm as an MPPT controller, the
mathematical equations to update the duty cycle of the DC-DC boost converter and
its step size are as follows:

Cl)k = Wmax — (@max — CUMin)'k/kmax )

AD{ = 0 ADF + ¢1.71.(Dppest — DY) + c2.72(Dpess — DY) (6)

Di*' = Df + AD[™! (7)

where k is the No. of iteration, i denotes the No. of particles, k¥ is value of the inertia
weight at the iteration k, wpax = 0.9 and wpi, = 0.4 are the upper and lower bounds
of wk, D' denotes the duty cycle of the i th-particle, AD; is the perturbation step,
c1 and ¢, are the acceleration coefficients, r; and r, are random numbers € [0, 1]
denotes the personal best position of the i th-particle, and Dgp.s; is the global best
position. The flow chart of the AGPSO MPPT algorithm is depicted in Fig. 4.

3.2 CS Algorithm

CS is a bio-inspired algorithm created by Xin-She Yang et. al in 2009 [40]. It is
inspired by the parasitic behavior of cuckoo birds (CBs), which lay their eggs in the
nests of other host birds instead of constructing their own nest as shown in Fig. 5. The
CBs move around randomly, but they are also guided by an exploration—exploitation
mechanism that encourages them to explore new nests in the search space while also
exploiting promising nests they have already discovered.

The exploration—exploitation mechanism works by evaluating each cuckoo’s
current position in the search space and assigning it a fitness value based on how close
it is to the optimal solution. The cuckoos with higher fitness values are more likely
to be chosen for reproduction, while those with lower fitness values are more likely
to be replaced by new cuckoos generated from random positions in the search space.
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This process continues until the optimal solution is found or until all possible solu-
tions have been explored. Hence, the CBs improve their opportunities of surviving
by placing their eggs in numerous nests.

The reproduction behavior of the CBs is employed in the CS algorithm. Random
movements based on the Lévy flight function enable CB a long jump in the search



86

Table 2 The updating strategies for c| and ca

A.-E. Khalifa et al.

Group No. Updating of ¢ Updating of ¢,

o)) 195 — (2414 /k\03,) (2K /Ky ) +0.05
) (=23 / k) + 2.5 (2k3/k3py) +0.5

3) 195 — (2613 /K343, ) (267 / kiay) +0.5
&) (=26 / Kipay) + 2.5 (2% /kyfa,) +0.05

space which enhances the algorithm performance and increases its convergence
speed. The flow chart of the CS algorithm to obtain the optimal duty cycle for the
MPPT controller of the PV system is depicted in Fig. 6. The following mathematical
model is utilized to construct the algorithm.

D' = DF 4 a @ Lévy(h) (8)

Lévy(h) =~ X (Ll) (Dpest — D) &)
[v|?

N(0,0,)andu ~ N(0,0;) (10)

'(l+ B) x sin i ’
2

r(52) x p x (%)
o, =1 (12)

where « is a scaling factor to adjust the step size, Lévy refer to the levy flights, A
is the variance, Dy, denotes of the best duty cycle, I" denotes the gamma function
X denotes Lévy multiplication coefficient, 8 = 1.5 and u and v are calculated from
the normal distribution curves.

4 Simulation Results

In order to evaluate the performance of both algorithms for MPPT application, the
PV system in Fig. 1 has been carried out on MATLAB/SIMULINK. Four cases of
weather conditions have been chosen to assess the performance of each algorithm in
terms of tracking accuracy and speed. The pattern of the fallen solar irradiance on the
surface of the PV array is presented in Table 3, and the associated P—V characteristic
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of the PV array for each case are shown in Fig. 7. Each case has a different MPP
voltage and MPP power with a different curvature on the P-V characteristic. The
first case handles the STCs which have a unique MPP, whereas the remaining cases
address three dissimilar PSCs which have several MPPs. The three shaded patterns
are more challenging for the MPPT controller since it must discriminate the GP
among the other LPs to harvest the maximum power available.

The output power and duty cycle of both methods for considered weather patterns
are illustrated in Figs. 8,9, 10 and 11. The acquired power, tracking time, and MPPT
efficiency for both techniques have been listed in Table 4. As shown, the maximum
power that should be harvested for the GP1, GP2, GP3, and GP4 is 450.36 W, 149.98
W, 194.3 W, and 296.27 W, respectively.

Regarding the first case, the obtained numerical results of the PV system for
both controllers under STCs are depicted in Fig. 8. As illustrated, CS and AGPSO
algorithms have a maximum power of 449.25 W and 449.35 W with a tracking time
of 0.163 s and 0.297 s, respectively. This indicates that the utilization of the CS
algorithm reduces the tracking time by almost 82%. Furthermore, the CS algorithm
has more tracking accuracy with an MPPT efficiency of 99.78% compared to 99.75%
for the AGPSO algorithm.

Under the PSCs, three shaded patterns have been selected with different GP loca-
tion on the P—V curve, particularly case 2, case 3, and case 4 that are corresponding
to GP location at the left, middle, and right relative to the other MPPs; respectively,
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Table 3 The pattern of the

fallen solar irradiance on the Shading pattern Solar irradiance (kW/m?)
regarded PV array Case 1 1.0 1.0 1.0
1.0 1.0 1.0
1.0 1.0 1.0
Case 2 1.0 1.0 1.0
0.3 0.3 0.3
0.2 0.2 0.2
Case 3 1.0 1.0 1.0
0.6 0.6 0.6
0.2 0.2 0.2
Case 4 1.0 1.0 1.0
0.8 0.8 0.8
0.6 0.6 0.6

as shown in Fig. 7. Simulation results show that the CS algorithm has a better perfor-
mance than the AGPSO algorithm under all tested PSCs as demonstrated in Table 4.
The reduction in the convergence time for GP,, GP3, and GP, is about 47.36%, 47%,
and 60%, respectively. In addition, the CS algorithm has a higher tracking accuracy
with MPPT efficiencies of 99.94%, 99.79%, and 99.84% in contrast with the AGPSO
algorithm which has MPPT efficiencies of 99.93%, 99.52%, and 99.67% for GP,,
GP3, and GP4, respectively.

5 Experimental Results

In this section, experimental studies are conducted in order to validate the simula-
tion results for both considered algorithms-based controllers under the PSCs. The
experimental tests had been carried out on the selected PV testing site which is
equipped with a pyranometer and provides easy access to the nearby solar energy
laboratory. The selected test site is located on the roof of the teaching building in
the Faculty of Engineering at Port Said. The exact location of the PV testing site is
identified with Latitude: 31° 14’ 50.97" N and longitude: 32° 18’ 44.63" E. Figure 12
shows the experimental hardware setup for the considered PV system. The 3S3P PV
array is mounted at a fixed tilt angle of 30° facing south. The PV panel temperature is
measured by a thermocouple installed on the back surface of each panel. The shading
pattern is constructed by employing opaque and semi-transparent sheets as depicted
in Fig. 12. A data logger records the data about the weather condition to acquire the
P-V curve of the PV array under the tested PSC.

The PV array is connected to the load via the boost converter. The specifications
of the designed converter are f;,, = 31.372kHz, Ly,,5; = 2.6 mH, C;;, = 330 u F,
and C,,, = 1000 u F. Two measurement circuits have been implemented to monitor
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Fig. 7 (continued)

the output of the PV array and the load. The input sensors measure the array current
and voltage and send the sensed signals to the controller. Arduino Mega 2560 is used
in this study which is interfaced with MATLAB through a supported package. The
tested algorithms are deployed on the controller that generates the optimal duty cycle
and then sent its value to the TLP250 drive circuit. A digital oscilloscope has been
employed to display the PWM signal.

The obtained P-V characteristic for experimental studies is illustrated in Fig. 13.
As it is noticed, the characteristic curve displays numerous MPPs with the GP on the
right side of the curve. The value of the power and voltage for the GP is 158.3 W and
54.53 V. The corresponding experimental results of the PV array power and voltage
for the two algorithms are shown in Figs. 14 and 15. As can be seen from Fig. 14, the
AGPSO algorithm reached a maximum power of about 155.72 W at an MPP voltage
of 53.85 V and tracking efficiency of about 98.4%. It has an MPPT time of about 5 s
with high power fluctuations of about 4.7 W at steady-state conditions. On the other
hand, the CS algorithm has a maximum power of almost 156.02 W at an MPP voltage
of 53.91 V and tracking efficiency of about 98.6% as shown in Fig. 15. It reached
the MPP in just 2.9 s with lower power fluctuations of about 3.4 W at steady-state
conditions. Overall, the experimental results indicate that the performance of the CS
algorithm is better than the AGPSO algorithm in terms of tracking accuracy and
speed.
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Fig. 8 The behavior of both algorithms for case 1: a output power and b duty cycle

6 Conclusion

This article presented a comprehensive comparison between AGPSO and CS algo-
rithms for harvesting the maximum power from the PV system under the PSCs.
The mechanism of operation, the mathematical model, and the MPPT flowchart for
both considered bio-inspired algorithms were explained. MATLAB simulations and
experimental tests were carried out to compare both algorithms’ performance under
various weather conditions.

From the obtained results, the two bio-inspired algorithms can follow the GP of the
PV array under tested conditions with low convergence time and high MPPT accu-
racy. Although the AGPSO algorithm can successfully trace the GP, the CS algorithm
outperforms it with a higher convergence speed and tracking accuracy. The simulation
results demonstrated that using the CS algorithm decreased the MPPT time by 82%,
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Fig. 9 The behavior of both algorithms for case 2: a output power and b duty cycle

47.36%, 47%, and 60% for GP, GP,, GP3, and GP4, respectively. Furthermore, the
tracking efficiency for the CS algorithm was higher than the AGPSO algorithm under
various weather patterns. Experimental results confirmed the simulation results since
the tracking time of the CS algorithm was reduced by almost 42% compared with
the AGPSO algorithm. In addition, the CS algorithm was found to have lower power
fluctuations and higher MPPT accuracy than the AGPSO algorithm counterpart.
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Fig. 10 The behavior of both algorithms for case 3: a output power and b duty cycle

7 Recommendation

Based on the previous findings, it is recommended to carry out a bio-inspired-based-
MPPT algorithm in PV systems to extract the maximum power from PV systems
under PSCs and hence improve the system efficiency. This enhances the endeavors of

fulfilling SDG 7: Affordable and clean energy through optimizing the energy harvest
from PV systems.
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Table 4 Performance of bio-inspired algorithms for different patterns of solar radiation

Pattern | Algorithm | Power (w) | Tracking time (s) | GP power (w) | MPPT Efficiency (%)
Case 1 | AGPSO 449.25 0.297 450.36 99.75
CS 449.35 0.163 99.78
Case2 | AGPSO 149.87 0.283 149.98 99.93
CS 149.89 0.199 99.94
Case 3 | AGPSO 193.36 0.494 194.3 99.52
CS 193.9 0.336 99.79
Case 4 | AGPSO 295.3 0.596 296.27 99.67
CS 295.8 0.202 99.84
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