Detecting the Invisible Enemy In
Maize: Machine Learning

Results
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Conclusions
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> Filtering 5 Resampling Using Sentinel-1 an entinel- ata to map IN maize

shows strong potential for broader application in other regions.
By combining satellite imagery with RF and SVM Supervised
machine learning classifications, FAW Infestations were
effectively detected.

* Transferability may vary with climate, crop management, and
pest dynamics.
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Fig. 2: Flowchart shows the steps that were followed in this study. *C1-
C5 refers to the 5 different input datasets (combinations) used In the
study
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