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Abstract: This study presents a new approach for Maximum Power Point Tracking (MPPT) by
combining the honey badger algorithm (HBA) with a Genetic Algorithm (GA). The integration aims
to optimize photovoltaic (PV) system performance in partial shading conditions (PSCs). Initially, the
HBA is utilized to explore extensively and identify potential solutions while avoiding local optima. If
necessary, the GA is then employed to escape local optima through selection, crossover, and mutation
operations. On average, this proposed method has a 40% improvement in tracking time and 0.77%
in efficiency compared with the HBA. In a dynamic case, the proposed method achieves a 4.81%
improvement compared to HBA.

Keywords: maximum power point tracking; photovoltaic system; honey badger algorithm; genetic
algorithm; partial shading condition

1. Introduction

Renewable energy is now a crucial element in the global initiative to transition to-
wards a sustainable and low-carbon future. With growing concerns about climate change,
diminishing fossil fuel reserves, and the need for environmental preservation, renewable
energy systems are widely acknowledged for their potential to offer clean and limitless
power. Among various renewable technologies, photovoltaic (PV) systems emerge as
particularly promising and fast-developing. By directly converting sunlight into electricity,
these systems provide a viable solution to numerous energy challenges worldwide.

However, the widespread adoption of solar PV technology also introduces significant
safety challenges, particularly in large-scale applications. A critical issue is the increased
risk of fire accidents caused by hot spot effects and DC arcs. These risks are exacerbated
by factors such as non-uniform shading, irradiance, and temperature variations, which
accelerate the aging process of solar panels and create power generation mismatches. In
PV modules, series-connected cells are often used, where partial shading from objects
like fallen leaves, dust accumulation, and bird droppings can create hot spots due to non-
uniform power generation. This effect increases local currents and voltages, causing the
module’s temperature to rise, which can lead to spontaneous ignition [1].

Given these safety concerns, the role of Maximum Power Point Tracking (MPPT) algo-
rithms becomes crucial. MPPT is a method that ensures PV systems operate at their highest
power point, maximizing the power generated by the PV panels. This not only enhances
the efficiency of PV systems but also mitigates safety risks by preventing conditions that
lead to hot spots. By continuously adjusting the PV system’s operating point to align
with environmental changes, MPPT algorithms optimize the system’s performance, thus
reducing the likelihood of power generation mismatches and associated hazards.
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Moreover, from an economic perspective, MPPT algorithms significantly increase the
viability of PV systems by maximizing the energy output and efficiency. This optimization
reduces energy losses and enhances the overall return on investment for PV installations.
By ensuring that PV systems consistently operate at their maximum potential, MPPT
contributes to the economic feasibility and sustainability of renewable energy projects,
addressing safety and performance concerns. The integration of MPPT not only resolves
technical challenges but also presents a compelling economic justification for its widespread
implementation in PV systems.

Various MPPT algorithms have been developed to ensure precise tracking operations,
including Deterministic Approaches (DAs), Artificial Neural Networks (ANNs), Fuzzy
Logic (FL) control, and Meta-Heuristic Approaches (MHAs).

Methods such as Perturb and Observe (P&O) [2,3], Incremental Conductance (IC) [4,5],
and Golden Section Search (GSS) [6] are part of decentralized algorithms. The implementa-
tion of these algorithms is essential for optimizing the performance of PV systems, thereby
maximizing their energy generation capabilities.

The utilization of ANN-based MPPT represents a significant advancement in en-
hancing the efficiency and optimization of PV systems, especially in situations involving
multiple peak power points and PSCs [7,8]. ANNs offer excellent tracking performance by
effectively handling complex patterns in power-voltage curves. However, they also present
several drawbacks. The accuracy of ANNSs heavily depends on the quality and volume of
training data, which can be challenging to obtain for all possible shading scenarios. Addi-
tionally, ANNSs require substantial computational resources and time for training, making
real-time applications difficult. Adapting ANNSs to different PV systems or conditions often
necessitates retraining, further increasing complexity and computational burden. These
limitations underscore the need for alternative approaches, such as FL methods and MHAs,
which can offer reliable tracking with less dependency on extensive data and computational
resources [9-12].

Recently, MHAs have been utilized to attain the GMPP [13]. The latest MPPT meth-
ods for MHAs include Flying Squirrel Search Optimization (FSSO) [14], Golden Eagle
Optimizer (GEO) [15], Most Valuable Player Algorithm (MVPA) [16], Falcon Optimization
Algorithm (FOA) [17], etc. Teshome et al. [18] proposed a modified firefly algorithm (FA)
to locate the maximum power in P-V curves. The modified FA is intended to address the
limitation of the current FA by reducing computation time and improving convergence
speed. Millah et al. [19] introduced an enhanced gray wolf optimizer (GWO) algorithm
to improve the accuracy and speed of MPPT in PV systems under PSCs. This algorithm
enhances the original GWO by incorporating a weighting average, a pouncing behavior in-
spired by wolf hunting, and a nonlinear convergence factor. Gundogdu et al. [20] proposed
an improved GWO method for GMPP in PV systems under PSCs. The improved GWO
enhanced tracking efficiency and speed by up to 82% and improved energy harvesting
by 2.3% compared to basic GWO. Li et al. [21] enhanced standard PSO by integrating
asynchronous learning factors, adaptive inertia weights, and mutation mechanisms. These
improvements synchronized learning factors and inertia weights while mutating particle
positions to accelerate convergence and improve global optimization capability. Overall,
the algorithm significantly boosted efficiency and accuracy. Koh et al. [22] presented a
modified PSO algorithm; the algorithm included a reinitialization scheme to track new
GMPPs when shading conditions changed abruptly. Mohammed et al. [23] introduced an
improved Rat Swarm Optimizer (RSO). The algorithm incorporated an adaptive perturba-
tion step size method for load variations, enhancing its robustness. Sangrody et al. [24]
proposed a novel approach to estimate the convex area of the P-V curve using two voltage
boundaries to locate the GMPP. Xu et al. [25] proposed an improved Mayfly Algorithm
(MFA) that included a shading detection strategy to handle multi-peak and single-peak
P-V curves under varying irradiance conditions. The approach integrated an elimination
strategy for multi-peak scenarios and a bisection search for single-peak scenarios. Putera
et al. [26] introduced a modified Human Psychology Optimization (HPO) algorithm. The



Energies 2024, 17, 3935

30f16

method adjusted the duty cycle of a SEPIC converter to regulate voltage output effectively,
ensuring that the PV system consistently achieved the GMPP and optimized power output
even under partial shading. Pervez et al. [27] introduced a modified bat algorithm (BA) to
address the non-convex nature of PV array power curves due to bypass diodes. Previous
algorithms either failed to effectively track the GMPP or were computationally intensive.
The algorithm dynamically reduced the search space to avoid exploring low-power regions.
Another MPPT technique is a hybrid method that combines two or more algorithms.
Lian et al. [28] introduced a hybrid method that combined the P&O method with PSO to effi-
ciently track the GMPP. The study confirmed that the method outperformed the PSO method
alone by reducing the search space and improving convergence time. Nugraha et al. [29]
combined the cuckoo search (CS) algorithm with the GSS method. The CS algorithm was
initially used to identify the region containing the GMPP, followed by the application of the
GSS to precisely determine the exact location of the GMPP within that region. Liao et al. [30]
introduced an improved BA for MPPT in PV systems, specifically addressing the challenges
of PSCs. The paper demonstrated that this combined approach outperformed the standard
BA and even surpassed other advanced MPPT algorithms in terms of both speed and
accuracy. Motamarri et al. [31] proposed a novel JAYA algorithm enhanced by a Lévy flight
to find the GMPP under PSCs in PV systems. The algorithm improved tracking efficiency
and reduced convergence time compared to conventional methods like JAYA and PSO.
Figueiredo et al. [32] proposed a hybrid MPPT technique using PSO and P&O methods.
It aimed to optimize energy extraction by efficiently tracking the GMPP despite varying
environmental conditions. Simulation results showed the hybrid method achieved 50%
faster tracking than standard PSO and improved energy extraction by 0.3% compared
to the P&O-PSO hybrid approach. Lyden et al. [33] proposed a hybrid MPPT method
combining SA with P&O. SA located the region of the GMPP, while P&O fine-tuned the
search to find the exact GMPP with a small step size. In this paper, a novel sentry particle
approach detects environmental changes triggering a new global search. The proposed
method is a hybrid of the honey badger algorithm (HBA) and a genetic algorithm (GA).
The proposed method aims to enhance the speed of convergence and decrease the tracking
time. The paper is structured as follows: Section 2 provides an in-depth explanation of
HBA, GA, as well as details on the development of the proposed method. Section 3 covers
the performance of experiment. Lastly, Section 4 contains the conclusions of this paper.

2. Related Work
2.1. Honey Badger Algorithm

Honey badgers have two ways of searching for food: sniffing out and digging, or
following a honeyguide bird. The initial method is known as “digging mode”, while the
second is known as “honey mode”. During digging mode, the honey badger depends on its
keen sense of smell to estimate the whereabouts of its prey. Once the location is determined,
it meticulously chooses the best spot for digging and capturing its target. Conversely, in
honey mode, the honey badger leverages signals from the honeyguide bird to efficiently
locate beehives [34].

The population of honey badgers can be written as:

X:[x1 X2 X3 ... xn}

Updating the search badger’s location involves two main phases: digging mode and
honey mode. Before delving into modifying the position descriptors of the honey badger
during these stages, certain factors need to be taken into account, such as prey attraction
and density factors, in order to define these descriptors. Prey attraction is influenced by
both the concentration of prey and their proximity to the i;;, honey badger. L; represents the
scent intensity of a particular type of prey; a higher value indicates that the i, honey badger
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can locate and move towards this specific type of prey more effectively. This relationship
can be expressed mathematically as:

L= — 1

i rp X 47'L'd12 ( )
S = (xi—xi41)° )
di = Xprey — Xi 3)

The source intensity is represented by S, while the distance between each honey badger and
the target location (i.e., the prey) is denoted by the variable d;. Furthermore, the position of
the prey, which is viewed as the location of an optimal individual within this algorithm, is
indicated by xpyey.

Based on (2) it is clear that as a honey badger approaches its prey, a stronger attraction
(odor) is created. This condition is illustrated in Figure 1. The density factor is gradually
reduced over the course of the iterations, enabling a smooth shift from the exploration
of the search space to the exploitation of the most promising areas. This adjustment of
the density factor after each iteration serves to decrease the level of randomness in the
algorithm, as shown in the following mathematical expression:

tx:COXexp(tt > 4)
max

where Cj is a constant with a minimum value of 1, but it is set to 2 by default. The
variable t represents the current iteration number, while t,,, indicates the maximum
allowed iterations.

The process of updating the badger’s location involves two phases. The first phase is
known as digging mode. The movement of a honey badger follows the pattern of a cardioid,
which is a heart-shaped curve as shown in Figure 2. While in motion, the trajectory of
the honey badger forms a continuous loop that resembles the shape of a cardioid. The
mathematical expression for the digging mode is defined in (5).

Xnew = Xprey + F X B X I X Xprey +F X 13 X & X dj X |cos (271r4) X [1 — cos (27175)]| (5)

119

prey

Honey Badger
3r

Figure 1. Inverse square law.

The location of the optimal global position is denoted by xpr,. The parameter
represents the foraging capability of honey badgers and is assumed to be greater than
or equal to 1. d; represents the distance between the prey and the iy, honey badger.
Additionally, 3, 74, and r5 are random numbers within the range of 0 to 1. Furthermore, F
indicates the search direction of the searching agent according to (6):

1 <05
F= o= (6)
—1 else
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Honey Badger

Figure 2. Cardioid shape curve.

The second stage to update the badger’s location is the honey phase, with the hon-
eyguide as birds naturally having a mutually beneficial relationship with honey badgers.
The honeyguide frequently searches for hives in different locations and when it discovers
the hive’s whereabouts, it emits a sharp call to signal its finding. The update expression for
the honey stage is given by:

Xnew = Xprey + Fxryxaxd; @)

where X,y represents the honey badger’s recent position, where x.y is the prey’s where-
abouts. F and « are factors used to modify the honey badger’s search in the vicinity of the
Xprey coordinates.

2.2. Genetic Algorithm

A GA is a powerful search algorithm that mimics natural selection, making it a meta-
heuristic process. The concept is rooted in the notion that the most well-suited individuals
of a population have a higher chance of survival and procreation, thereby passing on their
characteristics to future generations. A GA utilizes this evolutionary principle to explore a
vast solution space in order to discover optimal or nearly optimal solutions for complex
problems. The algorithm utilizes key characteristics of the evolutionary system, including
the chromosome population, chromosome selection based on fitness, generation of new
offspring via crossover, and random mutation of the new generation. The GA was proposed
by Holland in 1992 [35]. The operators used in GAs are as follows:

1. Selection (reproduction): the process of choosing individuals from a population to
create offspring for the next generation.

2. Crossover (recombination): in this step, the genetic information from two parent
solutions is combined to produce new offspring solutions. Commonly used crossover
techniques include single-point crossover, two-point crossover, uniform crossover, and
arithmetic crossover. For this study, the uniform crossover method was employed,
wherein the genetic material from each gene in the parent solutions is swapped
with a specified probability, resulting in a high degree of mixing between the parent
solutions [36].

of fspring; = parent, - (1 — ) + < - parent,
of fspring, = parent, - v + (1 — 7y) - parent,

where ¥y = 1.5 X rand .

3. Mutation introduces random variations into the population of solutions, helping to
maintain genetic diversity and allowing the algorithm to explore new areas of the
search space. This process is crucial for preventing the algorithm from converging pre-

(8)
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maturely to local optima, thereby facilitating the identification of the global optimum
solution. For each individual, there is a 1% probability of mutation occurring [37].

of fspring = LB + rand x (UB — LB) 9)

where LB is the lower bound, UB is the upper bound, and rand is a random number
between 0 to 1.

2.3. Parameter Setup

For the HBA, it is essential to establish several parameters right from the beginning.
Two of these crucial parameters are § and C. Below is a table of results for determining
B and C. Through extensive simulations, Table 1 indicates that the value p =6 and C =2
yielded the highest accuracy of 99.998% with a tracking time of 5.28 s. These specific
values for § and C were utilized in subsequent experiments to attain more precise results
in this research. For the GA, the crossover probability was 1 and the mutation probability
was 0.01.

Table 1. HBA tracking results with various g and C values.

Parameter Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5
C=0.5 C=1.0 C=15 C=20 C=25

= 4000 Accuracy 99.996 +0.019 99.993 +0.038 99.997 +0.013 99.990 + 0.038 99.959 4 0.338
p=4 Time 428 +0.742 5.08 4+ 0.622 5.28 +0.487 5.98 +0.001 5.78 £0.137

— 4500 Accuracy 99.991 4+ 0.048 99.995 + 0.025 99.987 4+ 0.063 99.989 + 0.045 99.968 4 0.085
p=4. Time 458 4+ 0.447 5.08 +0.274 4.88 +0.542 5.48 +0.354 5.88 +0.112

4605 Accuracy 99.996 4+ 0.019 99.984 4+ 0.106 99.997 +0.019 99.929 4 0.652 99.995 £+ 0.015
p=4 Time 4.28 +£0.576 5.08 £ 0.671 4.98 +£0.707 5.78 +£0.224 5.68 +0.335

B = 4.750 Accuracy 99.986 4+ 0.056 99.911 +0.417 99.967 +0.128 99.956 + 0.435 99.946 4+ 0.425
- Time 418 £0.720 4.68 +0.698 4.58 +£0.671 5.18 +£0.285 5.68 +£0.224

B = 4875 Accuracy 99.997 4+ 0.015 99.955 +0.200 99.981 4+ 0.070 99.979 +0.122 99.871 £+ 1.058
o Time 448 +0.771 3.88 4+ 0.647 4.88 +0.371 5.78 £ 0.137 5.68 + 0.335

B = 5.000 Accuracy 99.994 4+ 0.034 99.994 + 0.035 99.989 + 0.037 99.997 +0.016 99.967 +0.175
o Time 3.78 +0.487 4.68 +0.742 5.98 +0.001 5.28 +0.548 5.98 +0.001

6,000 Accuracy 99.979 +0.123 99.940 + 0.349 99.973 +0.201 99.998 + 0.027 99.985 4 0.087
p=o Time 3.58 £0.716 4.38 4+ 0.542 5.58 +0.274 5.28 +0.335 5.88 +0.112

2.4. Proposed Method

The proposed method is to combine the HBA with the GA. Figure 3 shows the
flowchart of the proposed method. Initially, the HBA is used for extensive initial ex-
ploration to find a potential solution. The algorithm uses (10) and (11). If |A| > 1, the GA
is invoked to help escape local optima by employing selection, crossover, and mutation
operations. The GA then operates to locate the GMPP.

a—2—t<t2 ) (10)

where a decreases linearly from 2 to 0.

A=2a-11—a (11)

where 71 is a random number with interval 0 and 1.
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HBA GA

Initialize B, C, X, tmax

|

Evaluate fitness of
each badger

|

Update dj and
a using Eq (3) and (4)

>0.5 > Ayes
p Al

no ’w no

Update x usin Update x usin
p new 9 p new 9 Selection
Eq (7) Eq (5)
Crossover
Mutation

Stopping Criterion?

Figure 3. Flowchart of the proposed method.

3. Experimental Setup and Results

In this section, we conducted experiments on twelve P-V curves under static conditions
and four cases under dynamic conditions to assess the accuracy and tracking time of the
proposed method compared with a range of algorithms, including HBA, GA, slap swarm
algorithm (SSA), PSO, sine cosine algorithm (SCA), and SA. In the static cases, where there
were no continuously changing P-V curves, we analyzed twelve static P-V curves with
varying values. For the dynamic conditions, we used P-V curves that changed continuously
in four cases, allowing us to test the algorithms’ capabilities under more challenging
scenarios. From these experiments, we compared the tracking accuracy and tracking
time for each algorithm. The experimental schematic is depicted in Figure 4, and the PV
experiment setup is shown in Figure 5. This experiment utilizes the TerraSAS PV emulator
(AMETEK ETS600X8C-PVEF), capable of replicating different PV panel models under a
range of conditions, including partial shading scenarios. The digital signal processor
fromTexas Instruments (TMS320F28035) is used to implement the MPPT control technique.
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Multiple sets of inductors, diodes, and power switches are employed in the interleaved
DC-DC boost converter to achieve increased efficiency compared to conventional DC-DC
boost converters.

Converter
~ DC * |
PV Array DC Power
Emulator T Load Supply
DC |
A A
Gate
Driver
E
<]
2]
3 Controller
(%)
Oscilloscope

Figure 4. PV system schematic.

Oscilloscope
Agilent DSO-X-3014A

DC-DC Converter

> DSP Controller
TMS320F28035

Load
RXLG 600W 350 RJ

S

> DC Power Supply
Chroma 62012-P-600-8
PV Emulator
AMETEK ETS600X8C-PVF

Figure 5. Experiment setup.

In this paper, we chose voltages as positions of the search agents for the voltage
control strategy. For the initial conditions, after the algorithm’s start, the initial values of the
five search agents were set to be 90%, 75%, 60%, 45%, and 30% of the open-circuit voltage
(Voe)- This was not only applied in the HBA, but also in the GA, SSA, PSO, SCA, SA, and
the proposed method. The objective was the maximization of the power. The function was
given by:

fobj = MAX(Ppy) (12)

where PpV = VpV X Ipv.
Two constraints defined the variable bounds for Vpy , and Ipy , through

0< VPV,n < Voe (13)

0< IPV,n < I (14)

The convergence condition was defined as follows:
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|Ppy pest — Prvul <€, nmeN (15)

where ¢ is the tolerance value, N is the total number of search agents, and we set the
number to be five. Ppy p,; is the best maximum power so far, which is chosen from the best
performance element of Ppy ,,. Ppy ,, is the memory of the maximum power of each search
agent. When the distances between Ppy p,;; and Ppy ,, are less than ¢ for five times, the
convergence condition is reached. If (15) is still not satisfied, the algorithm keeps updating
new data until (15) is satisfied or the maximum number of iterations T is reached.

The algorithm’s renew process and memory renew process continue for the next
iteration until the convergence condition is satisfied, which is mentioned in (15) or the
maximum number of iterations T is reached to stop the renew process, as shown in Figure 3.

3.1. Static Case Result

In the static case, the experiment was conducted using twelve P-V curves (referred
to in this paper as PSC 1-12). Table 2 lists the parameters of the solar module that the PV
emulator mimics in Figure 6. Table 3 presents the results when using the P&O method for
tracking. The results show that only six P-V curves successfully found the GMPP when the
initial value was 60% of the open-circuit voltage. This is because P&O tended to get easily
trapped in a local maximum rather than finding the GMPP. Therefore, we used six MHA
methods to compare with the proposed method. The results can be seen in Table 4 and
Figure 7a—d. Table 4 presents a comparative analysis of various optimization algorithms
like GA, SA, SSA, SCA, PSO, HBA, and the proposed method based on their accuracy and
tracking time. The results show the proposed method outperformed all other algorithms,
with an average accuracy of 99.32%. The proposed method performed exceptionally well
in all arrays used, delivering a tracking time of just 3.27 s. While the proposed method’s
tracking time was marginally longer compared to that of the GA, the accuracy enhancement
of 1.83% represented a substantial achievement.

Table 2. Parameters of each P-V curve.

Irradiance (W/m?)

PSC GMPP
1 2 3 4
1 600 600 500 500 239.93 W
2 1000 950 300 250 220.32 W
3 1000 850 800 350 289.48 W
4 1000 1000 700 600 310.01 W
5 1000 950 700 400 265.61 W
6 1000 700 600 400 226.11 W
7 1000 800 800 500 283.39 W
8 600 500 200 200 119.97 W
9 900 900 300 300 204.17 W
10 1000 600 500 400 209.84 W
11 900 800 400 300 189.29 W
12 1000 700 400 400 202.65W

Table 3. Tracking result of P&O.

PSC 1 2 3 4 5 6
Accuracy 98.62% 56.71% * 96.26% 83.27% * 96.65% 97.23%
Time 1.89 (s) 0.61 (s) 0.45 (s) 0.50 (s) 0.43 (s) 0.35 (s)
PSC 7 8 9 10 11 12
Accuracy 96.15% 92.90% * 77 47% * 89.29% * 83.73% * 96.56%
Time 0.24 (s) 1.61 (s) 2.18 (s) 0.46 (s) 0.88 (s) 2.39 (s)

* P&O gets trapped in a local maximum.
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Figure 6. The P-V curve used in the experiment.
Table 4. Tracking accuracy and time result static case.
PSC GA SA SSA SCA PSO HBA Proposed
Tracking Accuracy (%)
1 96.59 £0.10 97.62 £0.12 98.40 £ 0.04 97.68 £ 0.45 99.12 £0.13 99.79 £0.19 99.81 £0.12
2 98.08 £+ 0.07 79.45 £2.57 99.12+0.20 98.85+0.10 99.35+0.17 99.20+0.15 99.88 £+ 0.09
3 97.96 £0.26 95.41 £0.12 98.55 £ 0.03 98.67 £ 0.03 99.10 £ 0.05 98.95 £+ 0.04 99.87 £0.13
4 97.18 £0.22 97.33+0.27 98.40+0.15 98.38 +0.09 99.13+0.35 98.44+0.17 99.61 £+ 0.39
5 95.41 £0.19 97.50 £0.41 98.98 £ 0.03 98.70 £0.11 99.11 £0.38 99.72 +£0.30 99.10 £0.12
6 98.37+£0.25 93.58 +1.88 97.02 +0.09 97.79 +£0.19 99.20 £+ 0.09 99.30+0.14 99.77 £0.27
7 99.23 £0.17 95.68 £+ 3.37 99.50 £ 0.49 99.54 £+ 0.30 98.95 £ 0.67 98.38 £ 0.07 99.28 £0.17
8 97.24 +£0.17 56.51 +0.12 99.56 + 0.64 98.29 +0.08 99.61 +£0.12 96.91 +0.17 97.59 +£0.18
9 98.01 £0.04 57.98 £0.14 99.80 £0.12 98.96 £ 0.09 97.85 £ 0.06 97.57 +£0.03 98.43 £0.07
10 96.97 +£0.28 98.05+0.35 99.76 £ 0.15 93.04 +0.51 98.75 + 0.36 98.37+£0.32 99.12 +£0.47
11 98.10 £0.32 98.47 £0.17 99.61 £0.12 99.76 £ 0.02 98.24 £0.10 97.72 £ 0.36 99.84 £0.14
12 96.70 £ 0.16 98.02 +0.35 99.65 + 0.28 99.14+0.10 98.15+0.10 98.24 +0.07 99.54 £+ 0.07
Average 97.49 £0.19 88.80 £ 0.82 99.03 £0.19 98.24 £0.17 98.71 £0.21 98.55 £ 0.17 99.32 £0.19
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Table 4. Cont.
PSC GA SA SSA SCA PSO HBA Proposed
Tracking Time (s)
1 2.02 £0.005 4.82 +0.012 6.02 £0.009 5.86 & 0.067 3.98 £0.071 3.02 £ 0.005 3.50 £0.017
2 2.52 +0.008 4.41 4+ 0.559 5.51 +£0.017 6.04 +0.009 5.84 +0.012 591 +0.017 3.03 +0.005
3 2.94 +0.041 4.81 4+ 0.008 6.01 £0.009 6.01 £ 0.005 5.83 £0.118 5.91 4+ 0.005 3.04 £0.008
4 2.52 +0.005 4.03 +0.563 6.01 £+ 0.005 6.01 +£0.014 6.02 4+ 0.005 5.94 +0.025 4.17 +0.172
5 2.62 +£0.076 4.83 +0.014 6.00 £0.012 6.02 +£0.017 5.72 £0.460 5.94 4+ 0.005 3.04 £0.012
6 2.06 +0.033 4.82 +0.009 6.01 £+ 0.009 6.01 +=0.005 5.63 +0.017 5.94 4+ 0.045 3.04 +0.001
7 2.04+0.017 4.82 +0.017 6.02 £ 0.008 6.03 £+ 0.005 5.88 £0.193 5.93 +0.021 3.16 £0.193
8 2.68 £0.017 4.83 +0.024 6.02 +0.001 6.02 +0.021 5.94 4+ 0.096 5.96 + 0.042 3.27 +0.204
9 2.51 £ 0.400 3.84 +0.014 5.85+0.212 6.02 +£0.012 4.78 +0.208 5.97 +0.051 3.02 £0.001
10 2.82 +0.012 4.41 +0.536 6.02 +0.009 6.01 +0.009 5.91 +0.038 5.78 +0.193 3.91 +0.005
11 2.61 +£0.008 4.81 4+0.012 5.35+0.224 6.01 £ 0.001 6.03 £+ 0.009 5.92 4+0.021 3.03£0.016
12 2.54 +0.024 3.63+0.137 6.00 £ 0.005 6.02 +0.008 3.52 +0.008 3.98 +1.348 3.02 +0.001
Average 2.49 +0.054 4.50 +0.159 5.90 £ 0.043 6.00 £0.014 5.42 +0.103 5.524+0.148 3.27 £0.053
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Figure 7. Voltage and power tracking waveforms of SSA, SCA, PSO, HBA, and the proposed method
for (a) PSC 1; (b) PSC 2; (c) PSC 3; (d) PSC 4.
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3.2. Dynamic Case Result
To evaluate the dynamic tracking abilities of these systems, a PV emulator was utilized
to continuously generate P-V curves. This enabled the observation and analysis of power

variations resulted from changes in irradiance or temperature. Equation (16) was used to
detect if the GMPP had been changed:

Ppy — Ppy 145t

Z APPV! (16)
PPV,last

where Ppy 1,5 is the power of the previous detection, and A Ppy was set to 6% of the
maximum power.
The efficiency of dynamic tracking was defined as follows:

ny = Y Vev,i- Ipy, - AT;
y; GMPP; - AT,

(17)

where A T; represents the duration during which Vpy ; and Ipy ; are tested, and A T is the
time frame when the GMPP; is provided.

The experiment for the dynamic case consisted of four cases. The results are shown in
Table 5 and Figure 8a—d. The dynamic case is described as follows:

1. First case: The results for dynamic case 1 are displayed in Figure 8a. In this scenario,
the MPPT algorithms were tested using three P-V curves: PSC 5 transitioning to PSC
9 and then back to PSC 1. The proposed method achieved an accuracy of 94.52%,
while PSO achieved 96.88%, SSA reached 88.81%, HBA obtained 94.88%, and SCA
concluded with an accuracy of 94.01%.

2. Second case: In this case, the MPPT algorithms were tested on PSC 6 then moved
to PSC 2 and back to PSC 10. In Figure 8b are the waveforms for the voltage and
power for PSO, SCA, SSA, HBA, and the proposed method. The proposed method
demonstrated the highest accuracy among all other algorithms, reaching 97.14%. The
PSO algorithm scored 93.6%, the SCA algorithm scored 93.6%, the HBA algorithm
scored 90.07%, and the SSA algorithm scored 85.43%.

3. Third case: The performance of MPPT algorithms was tested by applying three P-V
curves that transitioned from PSC 3 to PSC 7 to PSC 11. The power and voltage
waveforms results are shown in Figure 8c. During this test, the proposed method
achieved the best result with an accuracy of 94.8%, while other methods such as PSO
achieved an accuracy of 93.88%, HBA achieved 87.71%, SCA achieved 87.19%, and
SSA achieved 90.68%.

4. Fourth case: The results for case 4 are shown in Figure 8d. The MPPT algorithms were
tested from PSC 8 to PSC 12 to PSC 4. The proposed algorithm attained the highest
accuracy of 97.82%. Other algorithms such as PSO attained 97.37%, SCA attained
93.11%, HBA attained 92.38%, and SSA attained 89.33%.

Table 5. Tracking accuracy result dynamic case.

Case PSC SSA SCA PSO HBA Proposed
Tracking Accuracy (%)
1 5-9-1 88.81 £0.04 94.01£0.76 96.88 £0.15 94.88 £0.45 94.52 £0.17
2 6-2-10 85.43 £0.13 93.30 £0.25 93.60 £ 0.99 90.07 +0.51 97.14 +0.34
3 3-7-11 90.68 £ 0.01 87.19 £0.19 93.88 £ 0.01 87.71£0.16 94.80 £0.13
4 8-12-4 89.33 £ 0.43 93.114+0.51 97.38 +£0.02 92.38 +0.37 97.82 +£0.57
Average 88.56 £0.15 91.90 £0.43 95.44 £0.29 91.26 £0.37 96.07 £0.31
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Figure 8. Voltage and power tracking waveforms of SSA, SCA, PSO, HBA, and the proposed method
for (a) case 1; (b) case 2; (c) case 3; (d) case 4.

The findings from Sections 3.1 and 3.2 demonstrate that the proposed method generally
outperforms algorithms such as PSO, SCA, and SSA for several key reasons:

1.  Enhanced exploration and exploitation: The proposed method capitalizes on the
strengths of the HBA by effectively balancing exploration and exploitation. During
the “digging phase”, the algorithm explores the solution space broadly, allowing it to
investigate various potential areas thoroughly. In the “honey phase”, the algorithm
focuses on exploiting promising regions identified during the digging phase, refining
the search and homing in on the most optimal solutions. This dual-phase strategy
ensures that the algorithm does not prematurely converge to suboptimal solutions
and instead explores a wide range of possibilities before intensifying its focus on the
most promising areas.

2. Integration of GA for accelerated convergence: By integrating the GA into the HBA,
the proposed method significantly enhances the convergence speed during the “dig-
ging phase”. In GA, the reproduction process involves both crossover and selection
mechanisms that operate based on the fitness of new individuals. Crossover combines
information from two parent solutions to produce offspring, introducing new genetic
material and promoting diversity in the solution pool. Selection ensures that the fittest
individuals have a higher chance of passing on their genes to the next generation.
This combination results in a more efficient search process, as it allows the algorithm
to maintain diversity while also homing in on high-quality solutions.

3. Avoidance of local optima and increased accuracy: Incorporating the GA’s mutation
mechanism during the exploration phase allows the proposed method to avoid getting
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trapped in local optima. The mutation introduces random changes to individual
solutions, providing the algorithm with the ability to escape local optima by exploring
new areas of the solution space. This mechanism increases the robustness of the
search process and helps maintain genetic diversity, which is crucial for finding
global optima.

4. Conclusions

This paper employed a GA to enhance the HBA for MPPT in PV systems. The
addition of the mutation mechanism to the HBA increased the probability of escaping from
LMPPs. Furthermore, the incorporation of crossover and selection mechanisms reduced
the tracking time, making the process more efficient. The proposed method outperformed
other algorithms such as SSA, SCA, PSO, and HBA. When compared with the HBA, the
proposed method achieved a 40% improvement in tracking time and 0.77% in accuracy.
When compared to a GA, the proposed method achieved a 1.83% improvement in accuracy.
In the dynamic case, the proposed method achieved 4.81%, 0.63%, 4.17%, and 7.51% of
improvement compared to HBA, PSO, SCA, and SSA, respectively. Since an ANN is also a
very powerful method for MPPT, comparing the ANN with MHA methods in a detailed
manner is a valuable direction for future study.
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