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The accumulation of dust and duirt on solar panels significantly degrades energy production efficiency, often causing performance
reductions ranging from 20% to 30%. Traditional cleaning methods rely heavily on manual labor, which incurs high maintenance costs and
limits operational efficiency. To address this critical issue, this research aims to design and develop an automated solar panel dirt detection
and cleaning system powered by Artificial Intelligence (Al) and Internet of Things (loT) technologies. The primary objectives of this study
are to create an autonomous mechanical cleaning apparatus, develop an Al model capable of accurately classifying dirt accumulation
levels based on real-time environmental data, and implement a dedicated web application for remote system control and real-time
performance monitoring.

The system architecture integrates a NodeMCU ESP-32S microcontroller with a comprehensive sensor array, including VEML7700 ambient
light sensors, an SHT30 temperature and humidity sensor, and custom-designed voltage and current measurement circutts. These sensors
continuously monttor the physical and electrical conditions of the solar panels, transmitting the data to a cloud-based MySQL database via
JSON format. To evaluate the dirtiness level, a dataset of 15,689 environmental and electrical records was collected over 34 days to train
and compare multiple machine learning algorithms (Decision Tree, k-NN, Naive Bayes, and Random Forest) using the WEKA platform. The
Random Forest algorithm was ultimately selected due to its robust ensemble learning capabilities, minimizing overfitting and providing
stable predictions under varying environmental noise. The mechanical cleaning unit utilizes a Nema 17 stepper motor and a DC gear
motor to drive a nylon brush across the panel surface automatically when triggered by the Al.

Experimental evaluations conducted in a real-world rooftop environment demonstrated the system's high reliability. When tested on a new
dataset of 150 records, the Random Forest model achieved a classification accuracy of 92.00% and an impressive overall average F1-Score
of 88.27% across three defined states: Clean, 15% efficiency drop, and 30% efficiency drop. Notably, the model exhibited 100% precision in
detecting dirty states, ensuring no false mechanical triggers occurred during operation. The integrated Flutter-based web application
successfully allowed users to monttor real-time metrics, review Al predictions, and override cleaning schedules remotely. In conclusion, this
Al-driven autonomous system presents a highly viable, cost-effective solution for optimizing solar energy harvesting and reducing long-
term operational maintenance.
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Autonomous Solar Harvesting; The 30% Efficiency Drain in Physical Solar Harvesting
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