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Adélies as sentinel species

DAVID G. AINLE)Y
Dependent on both terrestrial and marine habitat The Adélie Pellgllill
Sensitive to multiple stressors, especially climate change BELLWETHER OF CLIMATE CHANGH

Respond to changes occurring in marine food chain
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Identifying population tipping points through imagery
super-resolution

Heather J. Lynch', Christian Che-Castaldo', Dirhitris Samaras
Stony Brook University Matt Schwaller

NASA

Goal 1: Landsat images over penguin colonies are georegistered kalv sh on the Landsat estimat ./ ), Skeleton avis
and stacked for assessing super-resolution methodologies. MOstlkely shape JIven the Landsat estimates. P é *
Ribs C ! ,

present
A (1) Remote
sensing
- Goal 3: Photographs of the Antarctic
| landscape taken by tourists can be
1972 (3) Phototourism aligned to digital elevation models and

the colony boundaries extracted as a
constraint on shape reconstruction.



Penguin Guano Data Pipleline

PURPOSE: Build a reproducible ecological data pipeline for
penguin guano so our research team can:

~—f o Acquire and cloud clear ~68,000 Landsat scenes o A&

-4 o Co-register cleared scenes - stackable pixels

Improve existing DEM and feature
- . P dgata

e Machine learning — classify guano
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Scene alignment: Use sunlit rock as a ground control point to geo-register Landsat
scenes to one another to study per-pixel change over time
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R SHINY GEOREGISTRATION APP

Select chip:

LSAY

Select clip:

LSAY_LEO7_L1GT_003112_20121202_20200908_02_T2.tif

Subset scenes:

all

OUT OF POSITION
BY OVER 1 KM

Don't forget to click me to render plot!

Don't forget to click me to save scene info!

@ Perform rock layer optimization

Grid size for rock layer optimization:

¥ |s this scene alignable based on the rock layer?

Shift x pixels:

NDSI Value:

0.6 0.75

0.74 0.75

NDWI Value:




R SHINY GEOREGISTRATION APP

Select chip:

LSAY v

Select clip:

LSAY_LEO7_L1GT_003112_20121202_20200908_02_T2.tif

Subset scenes:

ALIGNED

Don't forget to click me to render plot!
Don't forget to click me to save scene info!
¥ Perform rock layer optimization

Grid size for rock layer optimization:

¥ |s this scene alignable based on the rock layer?

Shift x pixels:

NDSI Value:
0.8 0.75

0.74 0.76

NDWI Value:




Landsat to improve topographical features: Use mosaics of Landsat images to
oroduce highly accurate water masks to ground DEMs and identity all rock pixels

BAS water
mask

...yet penguins nest
here on rock

Cape Hallet penguin colony

An automated methodology for differentiating rock from snow,
clouds and sea in Antarctica from Landsat 8 imagery:

a new rock outcrop map and area estimation for the

Download TOA corrected and brightness temperature
converted Landsat 8 tiles from espa.cr.usgs.gov and

the Antarctic coastline from www.add.scar.org
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Identify sunlit rock
rock
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Calculate the NDSI TIRS1/Blue Calculate the NDWI Calculate the NDWI

A y y A
Identify rock pixels Identify cloud free Identify pixels Identify liquid water Identify shaded Identify liquid water
by creating a new pixels by creating a where free pixels by

raster where NDSI
<0.75

new raster where
TIRS1/Blue >400

TIRS1 >255 Kto
aid cloud masking

Add all masks together

and create a new raster

for sunlit rock that fulfils
all four requirements

creating a new
raster where NDWI
<0.45 and pixels
are classed as
‘land” by the ADD

Antarctic coastline

rock by creating a
new raster where
Blue <0.25

y

Add both masks
together and create
a new raster for
shaded rock that
fulfils both
requirements

free pixels by
creating a new
raster where NDWI
<0.45 and pixels
are classed as
“‘land” by the ADD
Antarctic coastline

Merge the sunlit
and shaded rock
outcrop rasters

Ensure coordinate
system is WGS
1984 Antarctic
Polar Stereographic

EPSG 3031

S—

Repeat all previous
steps for all
Landsat images

Mosaic all Landsat
rock outcrop rasters
in to a new raster
mosaic

Convert raster
mosaic to polygon

New Antarctic
rock outcrop
polygon

water mask derived from Landsat 4578 mosaic

Merge new outcrop Clip ADD rock
polycon and clipped outcrop polygon to
ADD outcrop areas without

polygon Landsat coverage

v

Manually remove
remaining
misclassified
coastal seawater




Landsat to improve topographical features: Use mosaics of Landsat images to
oroduce highly accurate water masks to ground DEMs and identity all rock pixels

LTOS_L1GS_062111_19910128_20200915_02_T2

Cape Hallet penguin colony and ice/snow water




16,115 Adélie colony Landsat images each containing 18 channels

® Spectral data (7 channels)
red, green, blue, NIR, SWIR1, SWIR2

® Spectral indices (3 channels)
NDWI, NDSI, NDMI

® Topographical data (5 channels)
elevation, slope, roughness, aspect

® Masks (3 channels)
ocean, rock, shade, bad pixel data



Penguin Guano Data Pipleline

PURPOSE: Build a reproducible ecological data pipeline for
penguin guano so our research team can:

e Acquire and cloud clear ~68,000 Landsat scenes b

e Co-register cleared scenes - stackable pixels

Improve existing DEM and feature
data

~—4» o Machine learning — classify guano
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Annotate VHR imagery for guano and pair with Landsat

annotate

gluano ¥ o i

Heather Lynch, Stony Brook University (c) Landsat 8 (d) Landsat 8 annotations added



| andsat labeled with percent quano per

pink dots are annotated from vhr and transferrec




194 Adélie colony Landsat images each containing 19 channels

® Percent guano transferred from VHR

® Spectral data (7 channels)
red, green, blue, NIR, SWIR1, SWIR2

® Spectral indices (3 channels)
NDWI, NDSI, NDMI

® Topographical data (5 channels)
elevation, slope, roughness, aspect

® Masks (3 channels)
ocean, rock, shade, bad pixel data
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Matt Schwaller, NASA

T-matrix: Binary Guano Classifier

training data

transform observations
back to unit circle
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For non-shaded dry pixels containing >= 5% guano, which contain 83% of all guano in the

Landsat 7 training-test set...

band order: swir1, swir2, red, nir, green, blue

1.00

Training Test
set set -
Omission 5.6% 6.7%

0.50

Probability of guano classification

Commission 3.0% 0.8%

O
N
o

Test set omission using repeat visits: 3.4% 0.00

Guano detection probability

0.25

Percent guano per pixel from vhr

group

0.50

test

train

0.75

1.00



Odbert Island (-66.3742, 110.5421) January 2011

actual guano estimated guano “commission”



Odbert Island (-66.3742, 110.5421) January 2011




Super-resolution: Moving beyond the T-matrix

® Use phis or reflectances in shallow ’

machine learning methods such as
random forest, SVM etc.

® Spectral unmixing

7
Phi 2

reflectance space spherical coordinate space | .

o B v(; X 3
K/ transform observations

back to unit circle




U-Net CNN: Semantic segmentation with PyTorch
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https://github.com/milesial/Pytorch-UNet
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