Functional ecology in the SBG Era:
An assessment of the state of plant trait
retrieval from imaging spectroscopy
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Plant
functional
traits

Measurable
characteristics of
plants that are
closely related
to function and
fithess.
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Leaf traits affect leaf optical properties
(reflectance, transmittance, and absorption)...
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...allowing us to estimate leaf traits from remote (e.g., tower, UAV, airborne,
satellite) measurements of reflectance (“imaging spectroscopy”).
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; ... and will see the world in
SBG provides data for many focus areas ... two critical spectral regions
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SBG will be one of the first satellites to acquire regular, global imaging spectroscopy data Schneider et al. 2019 Fos




Ny Many methods exist for estimating
= 9 W rasae traits from spectra. Most have only
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(1) What are the "hest” algorithms, at both leaf and
canopy scales?

(2) Why do these algorithms succeed (or fail), and
under what conditions?



(1) What are the "best” algorithms, at both leaf and canopy scales?

Evaluate a variety of leaf and canopy trait

algorithms against all the leaf and canopy spectral

data we can get.
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Artifacts in reflectance dato
lead to artifacts in trait
estimates.

These artifacts are
especially important to
resolve for time series
analyses.
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(2) Why do these algorithms succeed (or fail), and
under what conditions?
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All these traits have been successfully mapped using imaging
spectroscopy. Why does this work? What are we really
seeing when we see “invisible” traits, in terms of correlations

with other traits, structure, etc.



(3) Flowers!
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SBG High-Frequency Time series
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© _ Trying to create o flower
&%, vegetation index

- i-;ield reflectance spectra — Flower/Leaf/Canopy
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(1) What are the "best” algorithms, 5}’)/ 4
at both leaf and canopy scales?

“Visible”

“Invisible”

Clear physical basis ' ' No direct physical basis

LMA
E
Cellul
Chlorophyll

Ed
[k 5| [omsc |

Vemax

Jmax

Prenot

Al
¥\
RN A
500 &0 0

i

Modelling

Physically-based models

Photochemical Reflectance Index

Light use
efficiency

Modified Red Edge Normalized
o Inde

Vegetation Indices
Greenness

Statistical-ML/Al

Leaf pigments

Regression models

(2) Why do these algorithms succeed (or
fail), and under what conditions?

10 Field reflectance spectra — Flower/Leaf/Canopy
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