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Abstract

This study examines the integration of computational modeling, artificial intelligence (Al)
optimization, and circular economy principles to enhance the efficiency and sustainability of
floating solar panel systems. This research employs computational modeling with ANSY'S
Fluent to simulate the thermal and electrical performance of floating solar panels across
various climatic conditions. Artificial intelligence optimization methods—machine learning
(Gradient Boosting Regressor), evolutionary algorithms, reinforcement learning (Deep Q-
Networks)—are used to maximize energy yield and adaptive performance. Outcomes show
that floating solar panels have an 8.5% increase in energy yield and a 12.1% decrease in
material degradation compared to ground installations. Al optimization resulted in a 7.2%
improvement in energy output using genetic algorithms and a 5.6% improvement with real-
time reinforcement learning adjustments. The study highlights the use of very recyclable
materials using the principles of circular economy, resulting in a possible 25% reduction in
waste and a 30% improvement in system lifespan. This integrated strategy shows that
combining sustainable design with state-of-the-art computational methods enhances the
environmental sustainability and operational performance of floating solar technology,
catering to the twofold concerns of renewable power generation and green responsibility.
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Introduction

The increasing global demand for renewable energy sources is propelled by the pressing necessity
to alleviate climate change and diminish dependence on fossil fuels, which constitute over 75%
of global greenhouse gas emissions (United Nations, 2020). Among renewable energy
technologies, solar power is distinguished by its extensive availability and technological
advancement (Major 2024). Nonetheless, land scarcity and competing land-use issues provide
considerable obstacles to the extensive implementation of conventional ground-mounted solar
farms (Nihli & Esan 2024). In response, floating solar panels—photovoltaic devices deployed on
aquatic surfaces—have arisen as a viable option (Procario, 2024).

Float solar panels offers some significance and benefit relative to conventional schemes. Tapping
unexplored water surfaces such as lakes and reservoirs relaxes pressure on valuable land assets
(Nihli & Esan 2024). Thermal characteristics of water increase solar cells' efficiency since
performance loss on account of heat is less (Srikanth et al., 2024). They also decrease water
evaporation and algae growth, improving their environmental advantage (Manolache et al., 2023)
In addition, floating solar panels can be installed on land that is not agricultural or for
urbanization, thus saving land for other important uses while promoting energy production
(Sudhakar et al., 2024).

In addition to the above operational advantages, floating solar panels can help create a greener
energy paradigm. The intersection of computational modeling and artificial intelligence (AI)
opens up new opportunities to improve system performance, forecast energy yield, and enhance
overall system efficiency (Empowering Solar: How Al Is Revolutionizing Energy Harvesting and
Optimization, 2023). The application of Al through circular economy concepts—design for
recyclability, minimizing resource use, and maximizing material lifecycle—can potentially
drastically reduce the environmental footprint of floating solar panels (Peters, 2024).

But yet there exists a wide knowledge gap that brings together computational modeling, Al
optimization, and circular economy thinking synergistically. Despite advancements in floating
solar technology use, the bulk of existing studies concentrate on technology suitability and energy
generation (Refaai et al., 2022). Various studies only center on mechanical and electrical
phenomena associated with floating solar systems while barely exploring ways artificial
intelligence and computational modeling may influence their general performance (Silva et al.,
2024). Computational modeling plays a major role in real-world application emulation, enhanced
design parameters, and long-term operation forecasting (Orhan, 2024). Yet research aimed at
transferring the technologies into solar panels installed above water continues to be embryonic.

In addition, current optimization methods for floating solar systems are mainly static, and
therefore less responsive to dynamic environmental parameters. Artificial intelligence-driven
methods, including machine learning and reinforcement learning, are more sensitive and accurate
in regions of real-time optimization and predictive maintenance (Abdulrazzq et al., 2024). The
aforementioned gap in research is the aspect of omission to leverage state-of-the-art Al methods
for efficiency improvement and reliability improvement in floating solar technology. There is a
critical deficiency of the limited application of ideas related to the circular economy. Solar panels
mounted on aquatic ecosystems maximize the utilization of space and minimize the disruption of
ecological systems, yet their lifecycle management of sustainability has not been given the
required attention (Attar et al., 2024). The key questions concern the use of recyclable material,
the potential for recycling components, and how waste can be minimized at the termination of a
product's life. Closing the above gaps is imperative to spurring a financially sustainable and
ecologically sustainable floating solar industry. The goal of this research is to fill gaps that exist
with computer simulation and Al techniques to enhance the performance of floating solar panels
in a circular economy. This will enable the development of an end-to-end solution to realize high
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efficiency, sustainability, and lifecycle management. There are three goals of the research. First,
we desire to develop mathematical models that precisely capture how floating solar panels
perform in varying weather conditions. The models will account for sunlight, water temperature,
and weather changes to aid in performance assessment. Second, we will employ Al techniques to
optimize energy production and operational efficiency. We will do this by employing machine
learning, genetic algorithms, and reinforcement learning to optimize prediction accuracy and
identify the optimal panel configurations for enhanced performance and -cost-efficient
maintenance. We also seek to evaluate the feasibility of implementing circular economy
principles in floating solar panel systems by examining material recyclability, conducting life
cycle assessments of environmental consequences, and formulating recycling and repurposing
plans for panel components. This paper offers a comprehensive analysis of enhancing the
technological and environmental competitiveness of floating solar panel systems.

Materials and methods
Computational Modeling
Data Collection and Input Parameters

Operational and environmental information were obtained from publicly accessible climate
databases, namely NASA POWER and the European Centre for Medium-Range Weather
Forecasts (ECMWF). The data obtained included notable environmental parameters and system-
specific characteristics (Table 1).

Table 1. Input Parameters for Computational Modeling

Parameter Range/Value Source

Solar Radiation 300-1000 W/m? NASA POWER, ECMWF
Ambient Temperature 15-40°C NASA POWER, ECMWF
Water Surface Temperature 10-35°C ECMWF

Wind Speed 0-10 m/s NASA POWER
Panel Tilt Angle 5°, 15°, 25° Experimental Design
Panel Density 40%, 60%, 80% water coverage Experimental Design
Thermal Conductivity 0.03-0.04 W/mK (HDPE) Material Database
Solar Radiation 300-1000 W/m? NASA POWER, ECMWF

Model Development and Simulation

ANNSYS Fluent was used to simulate the thermal and electrical performance of floating solar
panels under practical conditions. Data preparation and processing after simulation were carried
out using Python (version 3.10).

Data Collection

Model Development

Sensitivity Analysis

—
*
—
GEEEER TR

Performance Evaluation

Figure 1. Workflow for Computational Modeling

The computer model included: (1) Energy Generation - Photovoltaic (PV) conversion based on
the Sandia PV Array Performance Model. Heat Transfer Dynamics - Convective and radiative
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heat losses from panel surfaces. Environmental Effects - The cooling influence of aquatic bodies
and daily temperature variations.

Sensitivity assessments were performed by varying panel orientation, panel density, and water
surface temperature. The simulations were done across one year with a temporal precision of one
hour to capture seasonality.

Performance Metrics

The model's performance was evaluated using three core metrics:

*  Energy Yield (kWh/m?/year) - Total energy generated annually.

»  Thermal Efficiency (%) - Ratio of usable electrical energy to incident solar energy.

*  System Durability - Rate of material degradation under thermal and environmental stress.

Al Optimization Techniques
Machine Learning Models

Machine learning techniques were employed to predict the energy outputs and find optimal
configurations for the system. The models were created using ten years of historical
environmental and operational data using Python packages like Scikit-learn and XGBoost.

Table 2. Machine Learning Model Parameters

Model Type Algorithm Hyperparameters

Supervised Regression Gradient Boosting Regressor (GBR) | Learning rate = 0.01, Max depth =6,
Number of estimators = 500

Evaluation Metric RMSE Mean RMSE: 3.5% over 5-fold CV

The model assessment entailed 5-fold cross-validation, which yielded a mean Root Mean Square
Error (RMSE) of 3.5% in the case of energy predictions.

Genetic Algorithms

To optimize panel configurations, genetic algorithms (GA) were implemented using DEAP
(Distributed Evolutionary Algorithms in Python). This approach simulated evolutionary
processes to identify the most efficient panel layout.

Initialize Population
Evaluate Fitness

Select Parents

i

Evaluate Offspring

Iterate Until Convergence

e

Iterate Until
Convergence

Optimal Solution

Figure 2. Genetic Algorithm Workflow
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Table 3. Genetic Algorithm Parameters

Parameter Value
Population Size 200
Crossover Rate 0.8
Mutation Rate 0.05
Generations 100

Optimization achieved a 7.2% increase in energy output compared to baseline designs.
Reinforcement Learning

A Deep Q-Network (DQN) approach was employed for real-time optimization. The Al agent
adjusted panel angles and maintenance schedules in response to fluctuating environmental
conditions.

Table 4. Genetic Algorithm Parameters

Parameter Value

State Space Solar angle, wind speed

Action Space Tilt adjustments (-5° to +5°)
Reward Function | Maximize efficiency, minimize downtime
Training Episodes 1 million

Training resulted in an average 5.6% improvement in real-time energy output.
Circular Economy Framework
Material Selection and Design for Recyclability

Materials with high recyclability and modular design were prioritized (Table 5).
Table 5. Materials and Recyclability

Component Material Recyclability (%)
PV Modules Monocrystalline Silicon >90%
Floating Structures High-Density Polyethylene 100%
Frames Aluminum 95%

Life Cycle Assessment (LCA)

An ISO 14040/44-compliant LCA was conducted using SimaPro software, covering the entire
lifecycle.

End-of-Life Strategies

We proposed circular strategies including refurbishment, recycling, and repurposing to reduce
waste by 25% and extend system lifespan by 30%

Results and discussion
Computational modeling outcomes

The computational modeling of solar panel systems on floating platforms yielded significant
insights into their electrical and thermal performance under diverse environmental circumstances.
Simulation results demonstrated that water surface cooling markedly improved energy yield
relative to ground systems. Energy yield increased by an average of 8.5% due to thermal
regulation of the water body, which reduced temperature-related efficiency losses.

Table 6. Computational Modeling Performance Metrics

Metric Floating Solar Panels Ground- Improvement (%)
Mounted Panels

Annual Energy 1640 1512 +8.5%

Yield (kWh/m?)

Thermal 23.7 22.3 +6.3%

Efficiency (%)
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Panel Surface 35.2 393 -10.4%
Temperature (°C)

Material 0.87 0.99 -12.1%
Degradation Rate

(%)

Sensitivity analysis also indicated that panel tilt angle and water surface temperature impacted
energy yield the most. Energy generation was highest when the panel tilt angle was adjusted to
15°, as a function of seasons. Energy yield was maximized with 60% water coverage, thus
enhancing maximum thermal dissipation and energy harvesting. The findings are also validated
by Srikanth et al. (2024) and their recent research, confirming that aquatic environment enhances
the efficiency of photovoltaic systems.  The thermal efficiency, i.e., useful electrical energy
divided by incident solar radiation, was upgraded by a total value of 6.3%. The efficiency rise is
due to the water convective cooling effect, which lowers the surface temperature of the panel by
4°C. The model also predicted a reduction in the degradation rates of the panels by 12%, hence
increasing the life span of the system with time.

Al Optimization QOutcomes
Machine Learning Predictions

The GBR model also possessed high predictive ability for energy output with an average Root
Mean Square Error (RMSE) of 3.5% through the 5-fold cross-validation. Higher prediction
accuracy enables the ability to predict the energy yield more accurately and leaves room for
adaptive system tuning.

Table 7. Al Model Performance Metrics

Al Technique RMSE (%) Energy Yield Increase (%)
Gradient Boosting (GBR) 3.5 N/A
Genetic Algorithm (GA) N/A +7.2
Deep Q-Network (DQN) N/A +5.6

Genetic Algorithm Optimization

With the critical help offered by genetic algorithms (GA), researchers were able to obtain a
substantial energy output of 7.2% through the optimization of the panel geometry and the
associated tilt angles utilized in the installation. The algorithm showed a marked preference for
certain tilt angles, as well as for moderate coverage by water, thus successfully verifying the
computational model predictions previously built. In addition, the process of optimization
unfolded the thrilling scope of dynamically regulating the tilt angle of the panels, which has the
potential for maximizing energy gain from the surrounding environment.

Reinforcement Learning Efficiency Gains

The DQN approach showed a very impressive real-time energy generation, with a 5.6% boost.
This specific reinforcement learning algorithm was able to reduce wastage of energy, even in bad
weather. It did so by tilting the solar panels with respect to the changing environmental conditions.
This thus confirms that artificial intelligence adaptive optimization is better than the conventional
static approaches that are not based on such changes (Abdulrazzq et al., 2024).

Circular Economy Assessment

Analysis of the Circular Economy Circular Economy Analysis Circular economy analysis, as
defined under this specific framework, emphasizes the imperative necessity for material selection,
as well as overall end-of-life strategy, placing them atop the priority list. With these in
consideration, the described design integrates, tactically, more than 90% recyclable
monocrystalline silicon photovoltaic modules, combined with fully recyclable HDPE floating
frames. Not only is efficiency maximized with this approach, but also effective and sustainable
lifecycle management is achieved throughout the entire process.



International Journal of Aquatic Research and Environmental Studies 6(S1) 306-314 2026
Table 8. Circular Economy Indicators

Component Material Recyclability (%)
PV Modules Monocrystalline Silicon >90
Floating Structures High-Density Polyethylene 100
Structural Frames Aluminum 95

A life cycle analysis revealed that utilization of these materials can minimize the damage inflicted
on the environment by 18% when put into use. In addition, the end-of-life waste management
methods suggested here, such as recycling and refurbishment, can conserve 25% of waste and
prolong the life of the system by 30%. The findings are in accordance with Peters (2024), who
emphasized that cradle-to-cradle recycling is more sustainable for renewable energy.

Statistical Validation and Considerations of Uncertainty

To validate our results, statistical tests were conducted to quantify the observed improvement as
an indicator of significance. A paired t-test between optimized and non-optimized energy outputs
was statistically significant (p < 0.01), thereby validating the effectiveness of the optimization
achieved by the application of artificial intelligence

Comparative Analysis and Implications
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The integration of circular economy design principles, artificial intelligence optimization, and
computational modeling achieved a synergistic boost in sustainability and efficiency in the
system. The system improved over traditional floating solar systems by adding an 8.5% boost in
power output, 7.2% improvement with genetic algorithm-based optimization, 5.6% contribution
in real-time efficiency with reinforcement learning, 25% less waste, and 30% boost in lifespan
with the incorporation of circular processes.

Conclusion

This study depicts the possible application of artificial intelligence, computer simulation, and the
principles of circular economy in floating solar panels. The research demonstrates through large-
scale simulations and optimization techniques that floating solar panels are more energy-efficient
than ground-based systems. They also exhibit superior material performance and thermal
efficiency. Computer simulation also showed that water environments offer improved heat
management, resulting in an 8.5% improvement in energy generation and a 12.1% reduction in
material degradation rates. Al optimization, employing techniques such as gradient boosting,
evolutionary algorithms, and reinforcement learning, improved system performance by a
considerable margin. For instance, genetic algorithms for panel layout optimization improved
energy output by 7.2%, and real-time energy efficiency improved by 5.6% with reinforcement
learning. These results indicate the possible application of Al in mitigating climate change,
maximizing energy production, and minimizing inefficiencies. The suggested circular economy
principle in the research depicts the advantages of sustainable raw material sourcing and end-of-
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life approaches. The application of highly recyclable materials, such as monocrystalline silicon
and high-density polyethylene, can lower the cumulative environmental footprint by 18% through
the system lifecycle. Recycling and refurbishment can also lower 25% of waste and improve the
system lifespan by 30%, promoting lifecycle-driven design in solar panel arrays for renewable
energy. The research forecasts that the integration of computer simulation, Al optimization, and
circular economy strategies will improve the performance, sustainability, and lifespan of floating
solar panel arrays.

Recommendations

This study suggests an integrated strategy that combines computational modeling, artificial
intelligence optimization, and circular economy principles to improve the technology related to
floating solar panel systems. Highlighting the pivotal role of artificial intelligence in improving
energy optimization in real-time, the application of machine learning, genetic algorithms, and
reinforcement learning is likely to dramatically enhance the efficiency of floating solar panels.
The research investigates the application of circular economy principles, including material
recyclability and lifetime sustainability management, to reduce waste and maximize the system
life. Future research results will need to put more efforts into encouraging synergistic partnerships
between industry and academia to enable optimized energy generation and environmental
mitigation.
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