Remote sensing for species distribution models: An illustration
using sentinel taxon of world’s driest ecosystem
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INTRODUCTION
Species Distribution Models(SDMs)

>A key challenge in ecology is to understand where the species occur over
space and time

>Various predictive models to identify suitable habitats for organisms.

>Among them, Species Distribution Models (SDMs), particularly correlative
SDMs are popular in ecological research

>Correlative SDMs predict the potential current and future distribution of
biological organisms

>SDMs are important for species management and conservation area
planning
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Benefits of Remotely observed data into SDMs

> Reduce sampling biases
> Can sample data in remote areas

> Can minimize the human error




Trends in using Remotely observed data into SDMs

Example of SDMs using remotely estimate
of species occurrence

Diversity and Distributions, (Diversity Distrib.) (2009) 15, 627-640 2 009
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Objectives of our study

Specifically, we will:

>Use species occurrence data derived from high resolution multispectral images
from worldview 2 in species distribution models (SDMSs)

>|dentify the environmental factors that are important for Nostoc spp. distribution

>|dentify hotspot areas for Nostoc spp.



METHODOLOGY
Study area

Lake Fryxell basin region
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>We know where modeling
species are inside AOI

>Diverse predictor variables
are already estimated in AOI




Modeling species

>Nostoc spp. are primary
producers

> Endemic to AOI and whole
Antarctic regions

> Good example for SDMs in
remote ecosystems




Predictor variables

>Soil moisture and
SNnoOwW cover were
derived from
Worldview-2
Images from
unmixing modeling

More detall in
Salvatore et al 2023

>DEM layers
derived from LIDAR
data
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The Distribution of Surface Soil Moisture over Space and Time

in Eastern Taylor Valley, Antarctica
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Response variables

>Raster output of Nostoc spp.

abundance quantified using a

linear unmixing on a calibrated
WorldView-2 image

>For more detail see Salvatore
et al 2021

Taylor & Francis

2021, VOL. 42, NO. 22, 8597-8623 ”
Taylor & Francis Group

INTERNATIONAL JOURNAL OF REMOTE SENSING e
https://doi.org/10.1080/01431161.2021.1981559

‘ ‘.} Check for updates

Counting Carbon: Quantifying Biomass in the McMurdo Dry
Valleys through Orbital & Field Observations

Mark R. Salvatore(=?, John E. Barrett(:®, Schuyler R. Borges(?, Sarah N. Power(°,
Lee F. Stanish{2<, Eric R. Sokol{<d and Michael N. Gooseff(:<®

Nostoc spp. mapped raster




Species occurrence from species mapped
raster

>Masked raster into AOI

>Converted masked raster into points of a
data frame of coordinates and pixel values

>Classified the pixel values: greater >5%
(0.05) = presence, less than 0.1% (0.001) =
absent point (0) and between 0.% and 5% =
NA.

>Thinned by 20m distance using spThin R
packages

>Randomly selected 1000 presence and
10,000 absence points

(Nostoc spp. mapped raster

(Conversion of raster
into data frame)

from Worldview-2 image)

Nostoc spp.
presence/absence data
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Modeling

DATA SETS AND PROCESSING MODELING
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Probabilistic occurrence

> R package “biomod2”
> 10 algorithms used in the SDMs

> 70% data train & 30% to validate the
model’s performance

> Model ran for five times with total of
50 modeled results

>TSS & ROC scores evaluated the
models

> TSS values range from -1 to +1.
TSS< 0.50 low, 0.50 to 0.70 moderate
and >0.70 good.

>TSS >=0.70 were included in
ensemble models



RESULTS & DISCUSSION

Model evaluation

>Average TSS and AUC value
of 0.79 and 0.90 respectively

>GBM, GLM, MAXENT etc.
are good algorithms for Nostoc
distribution
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Predictor variables contribution
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In distribution of Nostoc spp.
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Nostoc spp potential
distribution

>Scattered throughout the
Fryxell basin region

>Hotspots: edges of glaciers,
lakes, streams, patches of
moisture solls

0 1 2km
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CONCLUSIONS

>Able to run the ensemble SDMs with remotely estimate species occurrence
In Biomod2 R package

>\Water related variables such as snow cover and soil water contributed 80% of
Nostoc distribution

>Edges of glaciers, lakes and streams are hotspots for Nostoc spp. distribution
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