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monitoring using diverse loT devices, inspired by the approach of Ficco et al. [3].
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environmental data directly on edge aggregation techniques (e.g.,
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This project implements a small-scale loT network with two edge nodes and one 3D Visualization of Precipitation Probability assess their impact on prediction
central server to demonstrate federated learning for environmental monitoring. e Advanced Model Architectures: accuracy and model convergence.
The edge devices—an ESP32 board and an Arduino™ MKR Vidor 4000—collect Explore the feasibility of deploying
temperature and humidity data using an SHTC3 sensor at different locations. A deep learning models such as » Expand Use of Edge Nodes: Use
Raspberry Pi 5 serves as the central FL server as shown in Fig. 1. Conv2D for spatial weather patterns, multiple nodes to be kept at
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Fig. 1. An overview of the methodology for the implementation

To analyze precipitation patterns, real-time sensor data is compared with
historical weather data sourced from Visual Crossing Weather. A predictive
model is trained to determine how temperature and humidity fluctuations
impact precipitation likelihood, providing a foundation for edge-based

preCI pltatl on fOrecaStl ng' Fig. 2. Data trends from January 2022 to May 2024 [4]
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