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How do we calibrate a complex model with noisy data?
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FATES complexity modes
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parameter priors

Calibration cascade
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Calibration cascade
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Global SP Calibration at sparse grid
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NEON sampling design provides ample data sources
for benchmarking and model assimilation
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NEON sampling design provides ample data sources
for benchmarking and model assimilation
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SP mode calibration at NEON sites

biophysical ET
priors - SP Mode driven by:

| GPP || SH 1. PFT composition (percent cover)
L] 2. canopy height (top and bottom)
Albedo 3. LAI&SAI

biophysical
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PFT composition
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PFT composition

inventory
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PFT composition

NDVI Canopy height
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PFT composition

Non-woody vegetation:

" | Non-vegetated assume relative proportion of

B Woody vegetation 88  C3/C4 grass on surface
soaton B dataset is correct (??)

Woody vegetation:

Use other AOP data to
classify trees inside tower
footprint
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Tree CIaSSification Red/Blue/Green
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Train classification models with hyperspectral data
and inventory data
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Train classification models with hyperspectral data
and inventory data

. ) 92% accuracy against
PFT classification: random forest model testing data
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Apply classification model to tree crowns

A Wi
118
o= NS O
@ »
X ‘vb_rsi__ - _ o
100 4
754

pft
broadleaf_deciduous_boreal_shrub
broadleaf_deciduous_boreal_tree

c3_arctic_grass

. needleleaf_evergreen_boreal_tree

PFT Percehtage
a
o

not_vegetated

25+

origina updated

‘ Adrianna Foster — afoster(@ucar.edu




Canopy height top and bottom
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Canopy height top and bottom

Height (m)
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LAl updates to surface dataset
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Surface data updates improve simulation
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NEON flux observations
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NEON flux observations
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500-member ensemble

16 parameters
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Latin Hypercube Ensemble
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Latin Hypercube Ensemble

Latin Hypecube Ensemble Spread
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Latin Hypercube Ensemble

Latin Hypecube Ensemble Spread
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Emulator testing
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How to get around noisy, sparse observational data?
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Thank you!
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