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Abstract

This study proposes an innovative prediction framework that maximizes the accuracy and real-time performance of
crop disease forecasting through the integration of multimodal data. In addition to conventional genomic and
environmental data, the model incorporates and analyzes drone-based imagery and IoT sensor data to precisely track
the spatiotemporal patterns of disease outbreaks. A hybrid model combining CNN and LSTM is enhanced with a
Transformer-based feature fusion layer to holistically capture time-series disease progression, visual symptom
development, and environmental triggers. Field validation demonstrated that the proposed system significantly
outperforms existing models in prediction accuracy and early warning capabilities, offering practical contributions to
sustainable disease management and smart farming operations.
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Table 1. Experimental results
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