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Accurate field-level crop type classification is very important.



Related Work

Single Spectral Information w— Spectral plus Temporal Information
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To generate in-season crop type classification is a challenge.



County-level findings
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Crop Classification Model

Spectral and Temporal Information
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131,216 CPU hours in total

Model training is computationally intensive. 7



High-Performance Computing Workflow
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Scale up to IL State

/ col y LSRD I ('“ / a C S C e n e Ca n e
processed in parallel

Each field can be
processed in parallel




Process Each Sense in Parallel

Key-Value: (FieldID+Date) — Average Reflectance



Hypothesis: Spatial Impact
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Results for Different Regional Divisions
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Future Work

* Improve the classification accuracy by finding
the optimized spatial region division

* Extend current work to other years (currently
focusing on 2016)
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