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2. Methodology DEM  Ppixel features Pixel features
We consider a view as all the features in a Multi-view EO data Multi-view EO data

specific EO data source, and compare the
following MVL fusion approaches [1]:

> Input, Feature, Ensemble. 4. Datasets & Results

m CH-M [2]: crop-type classification growing in a location (10 classes).

Missing views techniques explored: m LFMC [3]: predict the vegetation water per dry biomass in a location.
> Impute: Fill in the missing view with the
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mpute
views in the validation fold.
Exemplar Feature-cca 0.727 0.285 0.384 0.094 0.107 0.100
Predictive quality assessment: Feature-avg | 0726 | 0.674 | 0542 | 0.582 0.529 0.306
> Classification: Average accuracy (AA) Ignore
> Regression: Coef. of Determination (R2) Ensemble-avg | 0.715 0.708 | 0.613 0.711 0.715 0.523
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> highest robustness: Ensemble-avg. Feature-concat | 0667 | 0599 | 0274 | 0.352 0.290 0.081
2. Impact of missing views Is more severe Exemplar | Feature-cca 0.667 t -0.260 t t t
in regression than classification tasks.
Feature-avg 0.683 0.618 0.142 T T T
3. Missing optical view significantly ignore - o 0z | 009 | 0243 0.407 0,392 0,235
affects MVL model predictions. nsembie-avy ' ' ] ] ] )
On-going Work F1. PRS for missing views scenarios on the CH-M.

m F1. Performance Robustness Score (PRS, [4]) allow relative analysis.
o Predictive error with missing views relative to error with all views. Radar
m [3. Sensor dropout applied during training increase robustness.
o Randomly drop (mask out) all features in a view.
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