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Outline for the next 2 days

• Intro to Kyla

• Intro to Hyperspectral RS

• Project examples

• Lab – exploring imaging spectroscopy in ERDAS

• Intro to Land Surface Models & Benchmarking

• Project example

• Lab – simple climate envelope modeling in R
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Hyperspectral RS / Imaging Spectroscopy

• Mean the same thing

• Measure reflected light from (typically) ~350 –
2500 nm in NARROW (5 to 10 nm) bands

• Therefore 150 – 500 bands per image

• Read Ustin et al 2004. Using imaging spectroscopy 
to study ecosystem processes and properties. 
BioScience 54(6): 523-534.
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Hyperspectral RS / Imaging Spectroscopy

http://www.ece.rice.edu/~erzsebet/AVIRIS-TM-veg.html
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Hyperspectral RS / Imaging Spectroscopy
vs LandSat 5 & 7

slide credit: Dr. Dave Lusch
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Hyperspectral RS / Imaging Spectroscopy

• So it’s not just about the # of bands

• It’s also about their width (broad vs narrow band 
sensors)

• In the lab…

Kyla Dahlin - GEO827 - 20151110



Hyperspectral RS / Imaging Spectroscopy

Thenkabail et al 2013; eros.usgs.gov
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https://eros.usgs.gov/doi-remote-sensing-activities/2012/hyperspectral-remote-sensing-vegetation-knowledge-gain-and-knowledge-gap-after-40-years-research


Hyperspectral RS / Imaging Spectroscopy

• Where does data come from?
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Hyperspectral RS / Imaging Spectroscopy

• Where does data come from?

neoninc.org/science-design/collection-methods/airborne-remote-sensing
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http://www.neoninc.org/science-design/collection-methods/airborne-remote-sensing
http://www.neoninc.org/science-design/collection-methods/airborne-remote-sensing


Hyperspectral RS / Imaging Spectroscopy

• Where does data come from?

eo1.gsfc.nasa.gov
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https://eo1.gsfc.nasa.gov/


Hyperspectral RS / Imaging Spectroscopy

• Where will data come from?

hyspiri.jpl.nasa.gov
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https://hyspiri.jpl.nasa.gov/


Multiple Endmember Spectral Mixture 
Analysis (MESMA)

see Roberts et al 1998. Mapping chaparral in the Santa Monica Mountains using 
multiple endmember spectral mixture models. Remote Sensing of Environment. 
65(3): 267-279.

• SMA is used to distinguish GV/NPV/soil.

• MESMA is a more complex version of the same ideas.

• More (image derived) endmembers.

• Multiple endmembers per target.
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Multiple Endmember Spectral Mixture 
Analysis (MESMA) in ENVI (not)
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Multiple Endmember Spectral Mixture 
Analysis (MESMA) in ENVI Classic

vipertools.orgKyla Dahlin - GEO827 - 20151110



• Recent work:

Multiple Endmember Spectral Mixture 
Analysis (MESMA) in ENVI Classic

http://www.sciencedirect.com/science/article/pii/S0034425715300055
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Project Background: 
• The Carnegie Airborne Observatory (CAO) Beta system integrates 

the CAO lidar with the  hyperspectral sensor AVIRIS.

• AVIRIS = 380 – 2510 nm in 10 nm bands

• Flown over Jasper Ridge Biological Preserve (JRBP) in August, 2007.

• Pixels = 2.7 x 2.7 m (= almost 9’)

• The Carnegie Airborne Observatory is made possible by the Avatar 
Alliance Foundation, Grantham Foundation for the Protection of the 
Environment, John D. and Catherine T. MacArthur Foundation, 
Gordon and Betty Moore Foundation, W. M. Keck Foundation, 
Margaret A. Cargill Foundation, Mary Anne Nyburg Baker and G. 
Leonard Baker Jr., and William R. Hearst III.

Plant species mapping using integrated airborne LiDAR & 
hyperspectral imagery across multiple functional groups 
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Project Objectives: 
• Develop a method of mapping individual plant species that 

capitalizes on our combination of lidar and hyperspectral 
data.

• Produce maps that are accurate enough to be useful to 
managers and to ask theoretical questions about 
ecosystem assembly.

• JRBP = method testing

• The Punchline? Best TSS = 0.29

Plant species mapping using integrated airborne LiDAR & 
hyperspectral imagery across multiple functional groups
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Where?

GoogleEarth



Where?

GoogleEarth



Species Mapping Project
Target Species List: 38 species / types

Species Common name
Acacia sp. Acacia
Acer macrophyllum Big-leaf maple
Adenostoma fasciculatum chemise
Aesculus californica buckeye
Alnus rhombifolia red alder
Arbutus menziesii madrone
Artemisia californica sagebrush
Baccharis pilularis coyotebrush
Ceanothus cuneatus buck brush
Ceanothus oliganthus jim brush
Centaurea solstitialis Yellow-star thistle
Cercocarpus betuloides mountain mahogany
Eriodictyon californicum yerba santa
Heteromeles arbutifolia toyon
Holodiscus discolor oceanspray
Juglans californica walnut
Lepechinia calycina pitchersage
Mimulus aurantiacus sticky monkeyflower
Pinus radiata Monterey pine
Prunus ilicifolia holly-leaved cherry
Pseudotsuga menziesii Douglas-fir

Quercus agrifolia coast live oak
Quercus douglasii blue oak
Quercus durata leather oak
Quercus kelloggii black oak
Quercus lobata white oak
Rhamnus californica coffeeberry
Rhamnus crocea red buckthorn
Salix lasiolepis arroyo willow
Salix lucida silverleaf willow
Salix exigua shining willow
Sambucus mexicana Elderberry
Schoenoplectus acutus tule
Sequoia sempervirens coast redwood
Toxicodendron diversilobum poison oak
Typha latifolia cattails
Umbellularia californica bay laurel

NON SPECIES
Wood
grass (dry)

grass (wet)

bunch grasses
serpentine grasses

soil – greenstone
soil – serpentine

soil – sandstone

water
algae
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Species Mapping Project
Field Work for Endmember Selection
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Species Mapping Project
Remove pixels based on NDVI, plane viewing angle, and canopy slope
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Species Mapping Project
Separate the remaining data into 7 height classes
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Species Mapping Project
Multiple Endmember Spectral Mixture Analysis
(Roberts et al 1998)

image pixel
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Species Mapping Project
Multiple Endmember Spectral Mixture Analysis
(Roberts et al 1998)

endmember 1

endmember 2

image pixel
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Species Mapping Project
Run MESMA on each height class, subsetting endmember list
(www.vipertools.org)
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Species Mapping Project
Ranked space-filling algorithm

?

?
1 =

2 =

Species A =

Species B =

Rank
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Species Mapping Project
Species Map!
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Species Mapping Project
Accuracy assessment
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Species Mapping Project
Accuracy assessment

Field
Validation

Data

Present Absent

MESMA
Data

Present a b

Absent c d

n

da 
Overall accuracy =

ca

a


Sensitivity =
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db

d


Specificity =

(Producer’s accuracy)

1 yspecificitysensitivitTrue Skill Statistic (TSS) =

Overall 
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Sensitivity Specificity TSSLatest
Numbers
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Species Mapping Project
Accuracy assessment

Field
Validation

Data

Present Absent

MESMA
Data

Present a b

Absent c d

n

da 

ca

a



db

d



1 yspecificitysensitivit

Overall accuracy =

Sensitivity =
(User’s accuracy)

Specificity =
(Producer’s accuracy)

True Skill Statistic (TSS) =

Overall 
Accuracy

Sensitivity Specificity TSS

91.3% 33.9% 95.0% 0.29

Latest
Numbers
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Mapping Traits(!) (if there’s time)

pnas.org/content/110/17/6895.short

esajournals.org/doi/abs/10.1890/13-2110.1
Kyla Dahlin - GEO827 - 20151110

http://www.pnas.org/content/110/17/6895.short
http://www.esajournals.org/doi/abs/10.1890/13-2110.1


What are plant traits?
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Motivation
Tr
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t 

3

Could work independent of 
actual species composition.

Does it work?
(at fine scales)

McGill et al 2006
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How much of the variation in plant chemical 
traits is explained by environmental 
gradients? 

Does information about plant community
improve predictions?
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Methods

Mevick & Wehrens 2007, Martin et al. 2008, Asner & Martin 2011
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PLSR Results
(Partial Least Squares Regression)
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Mapped Canopy Traits
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Mapped Canopy Traits
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Mapped Canopy Traits
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Mapped Canopy Traits

Kyla Dahlin - GEO827 - 20151110



Environmental Gradients, etc.
Elevation Insolation Northness

Substrate

Maximum
Curvature

Minimum
Curvature

(scaled X)2Previous
Ownership
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Plant
Community

Map
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Simultaneous Autoregression

Haining 2003, Bivand et al. 2012
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Vegetation alone

24.5%

Leaf Nitrogen

Leaf Carbon

Leaf Water

Results: Variation Explained

35.7% 9% 30.8%

21.3% 42% 7.8% 28.9%

28.7% 21.8% 5.2% 44.3%

Environment (topo, substrate, land use, geog. trends)

Vegetation contribution to full model Spatially Independent Residual

Spatial Autocorrelation
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Conclusions
How much of the variation in plant chemical 
traits is explained by environmental gradients?

~25%

Does information about plant community
improve predictions?

Yes, by > double.

Why?

Unmapped environmental gradients, land use 
history, dispersal limitation, competition, etc.
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Thanks!
kdahlin@msu.edu

www.msu.edu/~kdahlin
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