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Objectives

Background:

o fCover measures the spatial extent of vegetation.

» fCover is critical to understanding the climate-vegetation

feedback and land-use change.

Problem: Ground-based techniques for measuring fCover are
limited in scope, while satellite-based techniques provide global
coverage but need calibration/validation and quality control.
Purpose: Apply ML frameworks/models to generate predictions
of ground-measured fCover based on globally-available VIIRS
data.
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Fig 1: fCover GBOV data over two ground measurement sites
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Methodology/Data

Datasets:
e VNPO9GA: VIIRS Surface Reflectance

e MCD12Q1.061 MODIS
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Fig 3: lllustration of development process for ML models.

Fig 2: NEON Sites for fCover GBOV across continental US
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Mutual Information Between Features and FCover Table 1: Model performances across stratified k-fold cross
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Fig 4: Feature selection based on mutual infomration and MDA
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Fig 5: XGBoost permutation feature importance (MDA) Fig 6: Visualization of random forest performance on test set over two ground measurement sites
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Fig 7: Model performances on training set vs test set
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- | Results

120

ook e Random forest model outperformed the cubist and random forest regressor models over the test set
o and the K-fold cross validation, however all three models had comparable performances.

v Performance of models were consistent over different folds of the training set.

: ) All three models were able to capture the annual growth cycle present in the fCover GBOV.

o All three models highly valued landcover, NDVI (derived from 11/I2 bands), and angle information
(Cos_SolarZenith and RelativeAngle)
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Fig 8: Random forest regressor model median predictions over East Coast for 2023
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