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What is BioCube?

A data cube to study relationships among dimensions of biodiversity at landscape scale
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What is BioCube?

A data cube to study relationships among dimensions of biodiversity at landscape scale

Plant foliar traits and functional diversity derived from AVIRIS-Classic
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What is BioCube?

A data cube to study relationships among dimensions of biodiversity at landscape scale

Dynamic Habitat Indices produced by SILVIS LAB
Radeloff et al. (2019), Hobi et al. (2017)
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What is BioCube?

A data cube to study relationships among dimensions of biodiversity at landscape scale

Ecosystem productivity,
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What is BioCube?

A data cube to study relationships among dimensions of biodiversity at landscape scale

Camera Trap Network from Snapshot Wisconsin
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What is BioCube?

A data cube to study relationships among dimensions of biodiversity at landscape scale

Environmental Variables and Drivers of Biodiversity Change
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Progress towards a consistent plant trait time series

At landscape scale across California using the Western Diversity Time Series
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Progress towards a consistent plant trait time series

At landscape scale across California using the Western Diversity Time Series
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Progress towards a consistent plant trait time series

At landscape scale across California using the Western Diversity Time Series
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Progress towards a consistent plant trait time series

At landscape scale across California using the Western Diversity Time Series
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Progress towards a consistent plant trait time series

At landscape scale across California using the Western Diversity Time Series
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Progress towards a consistent plant trait time series

At landscape scale across California using the Western Diversity Time Series
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Understanding axes of plant functional diversity

What are trait-trait relationships and important tradeoffs?
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Latitude [deg]
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Understanding axes of plant functional diversity

Convergence of diversity patterns at 3-5 dimensions
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Understanding the impact of wildfires on trait turnover

What is the resilience of ecosystems to wildfires, and what is the role of functional diversity?

Functional Diversity

Impact of high-intensity fires
on leaf mass per area and nitrogen
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Understanding large-scale patterns of functional diversity

Outlook: California-wide analysis across the Western Diversity Time Series
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What are the predictors of plant
functional diversity at the landscape

g
o scale?
ud
¥ Goal: Predict functional diversity across
. 3 California using the BioCube, and
R Ow assess the predictor importance.

What is the relationship between plant
functional, structural and species
diversity?
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Understanding large-scale patterns of animal diversity

Wisconsin-wide analysis using Snapshot Wisconsin and BioCube
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Understanding large-scale patterns of animal diversity

Outlook: Animal diversity and activity in the California Sierra Nevada

Poster by Laura Berman

Integraung remote sensing and in-situ dimensions of
B I o c u be biodiversity to understand plant and animal community
composition and dynamics at large scales

Natalie Queally', Jason Winiarski’, Anu Kramer', Philip A. Townsend'
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A new diversity index for real wildlife communities
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What is the relationship between
BioCube measures of forest structure
and function and avian vocal behavior?

Do birds allocate more energy towards
song at sites with higher primary
productivity, as derived from remotely

sensed measures of productivity and
vegetation traits?

Does functional diversity in forests
impact the species composition or
diversity of birds?



Y
W

Sierra Nevada Mountains o1} \ Photo: Fabian Schneider, July 2023

Thank you L. oall oM WISCONSIN Jet Propulsion Laboratory

Adam Chlus (JPL), Alex Turner (UW), 0 ESICI0 N6 LIS UNIVERSITY OF WISCONSIN-MADISON California Institute of Technology

Camila Cortez (UW Madison/JPL), John _ _ _
Clare (UC Berkeley), Morgan Dean fablan.schneldt_er l.nasa.gov
(UCLA/JPL), and many others dlownpeidnios oy

/ y Ryan.p.Pavlick@nasa.gov

Copyright 2024. All rights reserved. National Aeronautics and Space Administration. www.nasa.gov .


http://www.nasa.gov/
mailto:fabian.schneider@jpl.nasa.gov
mailto:ptownsend@wisc.edu
mailto:Ryan.p.Pavlick@nasa.gov




LMA (g m)

Nitrogen (mg g™")

High intensity fires

ASPEN High CARSTENS High EL PORTAL High FRENCH H‘igh MEADOW fﬁgh RIM .High
o o = 8. S S
=8 —_ 2 P —_ O Y TR e
i K ‘\'IE £ £ .
o o s
8- Conifer £ 8- = S o § o oL \\ Conifer
N o) N o) N s ~ ~
Hardwood = ~ < < ——_ —. Hardwood
< << < o o ad
S. Herbaceous S 8 . s 8. S S- E S- E oS- Herbaceous
¥ Sk — = = ¥ e Shrub
& -&- Wetland : ° 5 - &1 . o NI -®- Wetland
20132014.20152016 2017 2018 20132014 20152016 2017 2018 20132014 20152016 2017 2018 201320142015 2016 2017 2018 20132014 20152016 2017 2018 20132014 20152016 2017 2018
Year Year Year Year Year Year
ASPEN High CARSTENS High EL PORTAL High FRENCH High MEADOW High RIM High
Q. < . o . o. . o. ) =3 .
| 8 - 5 ® C _® "l
. ~~ g
o 7/\ N Tc) ‘Tm : 1
o o . Pt
o g 2o 2 S g’ o g ollk: —
o Conifer é Q- é - é N° - N - o] Conifer
Hardwood c qC) % OC) QC) [ o Hardwood
Herbaceous g 8) 8’ 8" 8’ B Herbaceous
=& Shrub ] o. £ o s e = 2- = 2 Shrub
. & Wetland pd : P4 z < . z . & Wetland
20132014.20152016 2017 2018 201 3:20'1 420152016 2017 2018 20132014 20152016 2017 2018 20132014 20152016 2017 2018 20132014 2015 2016 2017 2018 20132014 20152016 2017 2018

Year Year Year Year Year Year



California Foliar Trait Mapping * ’ *k/,gw 5

Using AVIRIS Classic as precursor to SBG
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Fig. 2 Trait mapping workflow using NEON AOP images and field data. LMA, leaf mass per area; EWT, equivalent water thickness: SLA, specific leaf area; ~ "/@¢°: Fabian Schneider

NSC, nonstructural carbohydrate.

Adapted from Wang et al. (2020) New Phytologist 23
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LMA, Height, Chlorophyli

Chlorophyll
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Functional Diversity and Ecosystem Functions
NASA BioCube
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