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Intercomparison objectives, with an overarching Intercomparison results

goal of achieving best prediction accuracies: (@) __ Cn—— T - m— —

- |ldentify optimal Earth Observation data combinations for forest g;gz ' '
structural variable prediction. ol ey

- Identify best prediction method for forest variables to be further Egg - 1.
implemented on Forestry TEP within Forest Carbon Platform =1y
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Figure 5. Finland-1 site results using various prediction methods and data combinations: (a) Sentinel-2;
(b) Sentinel-2 & Sentinel-1; (c) Sentinel-2 & Sentinel-1 & PALSAR-2
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Figure 6. Finland-2 site forest variable predictions using various EO imagery: top row — growing stock
volume, bottom row - forest tree height

Conclusions

 If there is representative reference data:
* k-NN had slightly better performance than Probability.

« Adding TanDEM-X coherence improved results significantly, even better if there is DTM were
available to generate TanDEM-X canopy height model.

 Random Forest (RF) gave the best accuracies after hyperparameter finetuning, but the method is
generally limited to predicting single forest variables.

« Multiple Linear Regression (MLR) was normally the worst performing method, however it
Figure 3. Example of representative datasets, Finnish test site: (a) Sentinel-2 RGB natural color composite; demonstrated gradual improvement as additional EO layers are added.

(b) Sentinel-1 multitemporal composite ; (c) DLR’s TanDEM-X coherence magnitude - If representative field data is limited, semi-supervised VTT’s Probability provided the best results.
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