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Plant 
functional 
traits

Measurable 
characteristics of 
plants that are 
closely related 
to function and 
fitness.

Diaz et al. 2016 Nature



Leaf traits affect leaf optical properties, allowing us to estimate leaf traits from 
remote measurements of reflectance (“imaging spectroscopy”).

Singh et al. 2015 Ecological Applications
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(1) What are the ”best” algorithms, at both leaf and 
canopy scales?

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

(3) How should we measure spectra to get the best 
trait estimates?

“Too late -- nobody cares!”
- NASA review panel

Fine, we’ll look at flowers instead!
- Shiklomanov et al.

“Boring! Make new algorithms!”
- NASA review panel

Fine, we’ll make new algorithms!
- Shiklomanov et al.



Dr. Dhruva KathuriaNew algorithms: Bayesian alternative to PLSR
𝑡𝑟𝑎𝑖𝑡 = 𝛽!𝑃𝐿𝑆𝑅! +	…𝛽"𝑃𝐿𝑆𝑅"
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Traditional approach:
Partial Least Squares Regression (PLSR)

Alternative approach:
Bayesian Regression

𝑡𝑟𝑎𝑖𝑡	~	𝑁 𝜃, 𝜎
𝜃	 = 𝛽% +	𝛽!𝑥$%% +	…+ 𝛽&%%!𝑥&$%%

𝛽' 	~	ℎ𝑜𝑟𝑠𝑒𝑠ℎ𝑜𝑒()
𝜎	~	ℎ𝑎𝑙𝑓𝐶𝑎𝑢𝑐ℎ𝑦(0, 𝛼)

RMSE: 7.17, R: 0.64  RMSE: 5.79, R: 0.59  RMSE: 5.62, R: 0.61  

Comparable performance 
to PLSR for estimating leaf 
%N (and other traits) from 
field spectroscopy.

Additional advantages
• Propagate uncertainty
• Leverage prior information
• Conceptually simple
• Extensible (e.g., multivariate)



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.

Dr. Dhruva Kathuria



(3) Flowers!
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Santa Barbara
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SBG High-Frequency Time series 
(SHIFT) — Weekly AVIRIS-NG flights 
during spring/summer 2021, with 
coordinated field sampling.

Dr. Yoseline Angel



Mapping flowers and their phenology
Mapping flowers using Gaussian mixture 
model (GMM)

Probability of 
Occurrence

Certainty

Spectral clusters 
𝑝 𝜃 	maps + 
uncertainties

Species reported by Wildflower Search* shows the phenological dynamics 
of  C. Gigantea and A. Californica, observed during their flowering phase
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Mixture residual blooming 
index 
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(Gitelson & Merzlyak, 1994) 

Red-edge normalized difference 
vegetation index 

C. Gigantea 
A. Californica

Los Angeles Los Angeles
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Enabling large-scale SHIFT data analysis with cloud computing

Evan Lang

https://shift-smce-user-guide.readthedocs.io

SHIFT project on NASA Science Managed Cloud 
Environment (SMCE) provides cloud-based interactive 
analysis capabilities (JupyterLab), scalable compute 
(SLURM) next to the SHIFT airborne data, and tools and 
documentation to make all of  this easier!



Extensions to cloud platforms to support new use cases

Evan Lang

New features to support the BioSCape 
field campaign

Based on Nebari, an open-source 
infrastructure-as-code project.



New algorithms for trait 
retrieval

Mapping flowers 
and their phenology

Cyberinfrastructure to 
support spectroscopy


