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Abstract:

The optimization of solar photovoltaic (PV) cell parameters through evolutionary
computation techniques represents a pivotal avenue for advancing renewable energy
technologies. As the world grapples with the dual challenges of energy security and climate
change mitigation, the imperative to maximize the efficiency and output of solar energy
systems has become increasingly paramount. This study embarks on a comprehensive
exploration of genetic algorithms (GAs), particle swarm optimization (PSO), gray wolf
optimization (GWO), and the newly incorporated Cuckoo Search Optimization (CSO) as
potent tools for fine-tuning the intricate parameters governing PV cell behavior. By
leveraging these techniques, the research aims to maximize energy yield, minimize costs, and
enhance system reliability. Rigorous experimentation and comparative analysis are employed
to discern the strengths and limitations of each optimization method. The outcomes of this
study offer invaluable insights into optimal design strategies and operational practices for
solar PV systems, fostering a scalable and sustainable transition towards a low-carbon future.
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1. Introduction:

The global shift towards renewable energy sources necessitates the optimization of solar
photovoltaic (PV) systems to enhance their efficiency and reliability. As solar energy
becomes a cornerstone of sustainable energy strategies, optimizing the parameters of solar
PV cells is critical [1]. This study focuses on the application of evolutionary computation
techniques, namely genetic algorithms (GAs), particle swarm optimization (PSO), gray wol
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optimization (GWO), and Cuckoo Search Optimization (CSO), to optimize the parameters of
solar PV cells. By investigating these techniques, the research aims to improve the
performance and efficiency of solar PV systems, offering insights into optimal design
strategies and operational practices [2].

Literature Review:

Evolutionary computation techniques have gained significant traction in optimizing complex
systems. GAs, inspired by the process of natural selection, have been widely used in
engineering optimization problems due to their robustness and adaptability. PSO, based on
the social behavior of birds, is known for its simplicity and efficiency in finding optimal
solutions. GWO mimics the leadership hierarchy and hunting behavior of gray wolves,
providing a balance between exploration and exploitation. CSO, inspired by the brood
parasitism of some cuckoo species, has shown promise in solving nonlinear optimization
problems.In solar PV optimization, these techniques have been applied to various aspects
such as parameter tuning, maximum power point tracking (MPPT), and system design.
Previous studies have demonstrated the potential of GAs, PSO, and GWO in improving PV
system performance, but the application of CSO in this domain remains relatively
unexplored. This study aims to fill this gap by conducting a comprehensive comparative
analysis of these techniques in optimizing solar PV cell parameters [3].

2. Methodology:

The research employs a systematic approach to evaluate the efficacy of GAs, PSO, GWO,
and CSO in optimizing solar PV cell parameters. The methodology includes the following
steps:

Model Development: A detailed mathematical model of a solar PV cell is developed,
incorporating key parameters such as temperature, irradiance, and electrical characteristics
[4].

Optimization Algorithms: Implementations of GAs, PSO, GWO, and CSO are developed,
each tailored to optimize the PV cell parameters [5].

Simulation and Experimentation: The optimization algorithms are applied to the PV cell
model under various conditions to assess their performance.

Comparative Analysis: The results are compared in terms of convergence speed, solution
quality, and robustness.

Performance Metrics: Key metrics such as energy yield, cost minimization, and system
reliability are evaluated to determine the impact of parameter optimization.
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(a) Problem Formulation:

The optimization problem aims to enhance the performance of a solar photovoltaic (PV)
system by effectively tuning critical parameters governing its operation. These parameters
encompass material properties, structural configurations, and operating conditions to
maximize power output while ensuring compliance with various constraints. The
optimization of solar photovoltaic (PV) cell parameters involves enhancing performance by
tuning key variables. The focus is on material properties, structural configurations, and
operating conditions to maximize power output while adhering to constraints such as voltage
and current limits which can be shown in figure 1. [6].
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Figure 1: Process flow diagram of parameter estimation of solar cell.
(b) Material Properties Optimization:

Material properties such as bandgap energy, carrier mobility, and recombination rates
significantly influence the conversion efficiency of PV cells. Optimizing these properties
through evolutionary computation techniques can lead to substantial improvements in power
output.

1. Bandgap Energy: Adjusting the bandgap to optimize electron-hole pair generation.
2. Carrier Mobility: Enhancing the movement of charge carriers to improve efficiency.
3. Recombination Rates: Minimizing recombination losses to boost performance.

(c) Structural Configurations Optimization:

The structural design of the PV module, including cell arrangement, interconnection layout,
and encapsulation materials, impacts its ability to capture and convert solar energy
efficiently[7]. By exploring different configurations and optimizing parameters such as cell
spacing and tilt angle, performance can be enhanced and shown in figure 2.

1. Cell Arrangement: Optimizing the layout to maximize exposure and reduce shadin
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2. Interconnection Layout: Enhancing connections to minimize resistance losses.
3. Encapsulation Materials: Selecting materials that protect and enhance light
transmission.
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Figure 2. Equivalent circuit of (a) single diode PV cell, (b) double diode PV cell.
(d) Operating Conditions Optimization:

Operating conditions, including solar irradiance levels, ambient temperature, and atmospheric
conditions, profoundly impact output power. Optimizing these conditions through real-time
control mechanisms or predictive algorithms can maximize energy yield. [8].
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(e) Objective Function:

The objective function aims to maximize the power output of the PV system while adhering
to predefined constraints, considering efficiency, reliability, and cost-effectiveness. It
incorporates dynamic factors such as time-of-day variations in solar irradiance and
temperature fluctuations to ensure robustness across different conditions [9].

(F) Constraints:

Constraints include voltage and current limits, thermal constraints, and mechanical
constraints to ensure safe and reliable operation while maximizing power output [10].

4. Evolutionary Computation Techniques:

e Genetic Algorithms (GAs)
GAs utilize a population-based approach, where potential solutions evolve over
generations. Each individual in the population represents a set of PV cell parameters.
Selection, crossover, and mutation operators are applied to evolve the population
towards optimal solutions. The performance of GAs is evaluated based on their ability
to escape local optima and converge to high-quality solutions.

e Particle Swarm Optimization (PSO)
PSO simulates the social behavior of birds flocking to find food. Each particle
represents a potential solution, and particles adjust their positions based on their own
experience and the experience of their neighbors. PSO is known for its fast
convergence and simplicity, making it suitable for real-time optimization of PV cell
parameters.
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e Gray Wolf Optimization (GWO)
GWO is inspired by the social hierarchy and hunting strategy of gray wolves. The
algorithm categorizes solutions into alpha, beta, delta, and omega wolves, guiding the
search process. GWO balances exploration and exploitation, which is crucial for
finding global optima in complex optimization landscapes.

e Cuckoo Search Optimization (CSO)
CSO is based on the brood parasitism of cuckoo species, where each cuckoo lays eggs
in the nests of other birds. The algorithm uses Lévy flights to explore the search
space, enhancing its ability to find optimal solutions in nonlinear optimization
problems. CSO's performance in optimizing PV cell parameters is assessed for its
efficiency and robustness.

5. Results Analysis

1. Genetic Algorithms (GAs)
a. Convergence Speed: Moderate

In a trial with a population size of 50 and a mutation rate of 0.01, GAs converged to a
satisfactory solution within 200 iterations. This process balanced exploration and exploitation
but required more iterations than some other methods.

b. Solution Quality: High-quality solutions

The optimized PV parameters yielded a 15% increase in overall efficiency, boosting power
output from 260 W/m2 to 300 W/m2. This demonstrates GAs' ability to find high-quality
solutions, albeit sometimes requiring careful parameter tuning.

c. Robustness: Effective but sensitive to parameter settings

Variations in the mutation rate significantly affected performance. For instance, increasing
the mutation rate to 0.05 resulted in a 5% drop in solution quality, highlighting the
importance of parameter sensitivity in GAs.

2. Particle Swarm Optimization (PSO)
a. Convergence Speed: Fast convergence

PSO quickly found optimal solutions within 100 iterations, utilizing a swarm size of 30
particles. Its fast convergence, particularly in early iterations, makes it a strong candidate for
time-sensitive optimizations.

Volume 48 Issue 1 (March 2024)
https://powertechjournal.com



. Power System Technology

J

Y ISSN:1000-3673

Received: 16-01-2024 Revised: 12-02-2024 Accepted: 07-03-2024

b. Solution Quality: Good quality solutions
The PV system's efficiency improved by 12%, achieving a power output of 290 W/m2. This
reflects PSQO's capability to efficiently exploit the search space.

c. Robustness: Generally robust
Consistency was maintained across multiple runs, with a standard deviation of 5 W/m2 in
the final output power, indicating reliable performance despite sensitivity to initial parameter
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Figure 3: Differences and errors among experimental data and predicted data for Single
Diode Model (a) I-V; (b) P-V; (c) | IAE-V; (d) | RE-V; (e) P IAE-V; (f) P RE-V.

Figure 3 a displays the estimated data as well as the experimental voltage and current data as
dots. 3b displays the trend of the power data, both actual and estimated, as it varies with
voltage. Figure 9c displays the absolute error (IAE) of the flow rate as the voltage
increases. 3d depicts the current variance (RE) trend. Figure 9e illustrates the absolute
inaccuracy of power as voltage increases. 3f depicts the connection between voltage and
relative power error. The results of the test suggest that the better the outcome, the less the
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IAE inaccuracy. In conclusion, Cuckoo Search Optimization (CSO) performs better than
other methods for identifying unidentified SDM parameters.

3. Gray Wolf Optimization (GWO)

a. Convergence Speed: Moderate

GWO required 150 iterations to achieve optimal solutions, balancing exploration and
exploitation effectively. This method's moderate speed is complemented by its strong
solution quality.

b. Solution Quality: High-quality solutions

Resulted in a 14% increase in PV efficiency, with the power output reaching 295 W/mz2,
GWO is effective in navigating multi-modal landscapes, ensuring robust optimization.

c. Robustness: Strong performance across diverse problems

High robustness was observed, with minimal performance variation; the standard deviation in
output power was £3 W/mz2, demonstrating its adaptability across varied problem types.

4.  Cuckoo Search Optimization (CSO)

a. Convergence Speed: Fast
CSO achieved optimal solutions within 80 iterations, leveraging Lévy flights for efficient
exploration. This rapid convergence makes CSO highly effective for quick optimizations.

b. Solution Quality: Excellent solutions
The highest efficiency improvement of 18% was recorded, with power output reaching 310
W/m?2. CSO’s ability to avoid local optima resulted in superior solution quality.

c. Robustness: Highly robust
Consistent high performance was maintained with a standard deviation in power output of +2
W/m?, showcasing CSO’s robustness and efficiency in balancing exploration and
exploitation.

6. Comparative Analysis

The performance of GAs, PSO, GWO, and CSO is evaluated through extensive simulations.
Key findings include:

Convergence Speed: PSO and CSO exhibit faster convergence compared to GAs and GWO,
making them suitable for real-time applications.

Solution Quality: GWO and CSO demonstrate superior ability to find high-quality solutions,
effectively balancing exploration and exploitation.

Robustness: GAs and GWO show greater robustness in avoiding local optima, ensuring
reliable performance under varying conditions.
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The comparative analysis indicates that CSO offers the best trade-off between convergence
speed, solution quality, and robustness, followed closely by GWO. PSO's simplicity and fast
convergence make it ideal for real-time optimization, while GAs provide a reliable approach
for complex optimization scenarios.

Table 1: Tabular comparative analysis

Convergence . Power | Efficiency | Robustness -
: Solution Efficiency
Technique Speed Qualit Output | Increase | (Standard Impact
(Iterations) y (W/m2) (%) Deviation) P
Significant
PSO 100 Satisfactory | 290 12 +5 W/m?2 improveme
nt (12%)
Leading
CSsO 80 Optimal 310 18 +2 W/m?2 improveme
nt (18%)
serllli?ik\lllg to Solid
GAs 200 Satisfactory | 300 15 . improveme
mutation rate
nt (15%)
changes
Following
GWO 150 Optimal 295 14 +3 W/m?2 closely
(14%)

CSO demonstrated the fastest convergence and highest quality solutions, with excellent
robustness, making it the most effective technique for optimizing PV parameters. GWO
provided high-quality solutions with strong robustness, making it a reliable choice for varied
problem landscapes.PSO showed fast convergence and good solution quality, suitable for
scenarios requiring rapid optimization.GAs produced high-quality solutions but were more
sensitive to parameter settings, requiring careful tuning.

7. Conclusion

The comparative analysis reveals that CSO and GWO are particularly effective in improving
PV system performance, offering valuable insights into optimal design strategies. PSO and
GA:s also demonstrate significant advantages, making them suitable for specific applications.
The findings pave the way for further research and development in solar energy optimization,
contributing to the advancement of renewable energy technologies and the transition towards
a low-carbon future. CSO emerged as the most effective technique for optimizing solar E
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parameters, closely followed by GWO. Optimized parameters significantly enhanced PV
system performance and efficiency, with notable improvements in power output and
operational reliability. CSO and GWO excelled in both convergence speed and solution
quality, making them suitable for real-time and complex optimization problems. The study
provides valuable insights into optimal design and operational strategies, such as material
selection and structural configuration, to maximize solar PV system efficiency. Exploring
hybrid techniques combining strengths of multiple algorithms for enhanced optimization.
Developing real-time adaptive optimization frameworks to dynamically adjust PV system
parameters. Investigating the scalability of optimization techniques for large-scale solar PV
installations and diverse environmental conditions. Researching advanced materials and
novel structural designs to further boost PV cell efficiency and performance.
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