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Introduction

Citizen science is crucial to wildlife CO m p re h e n S ive d ee p

conserv.a.tion N .the.Arctic. The ability of . .
roats n agery. theroty pelping t learning-pased ecological
track populations and species, is one .
icul | hich thi b
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that inhabit the Arctic: hooded
(C h i ), harp (P hil "
groentandicus). fibbon (Histriophoca groun d-based seal Ima gery
fasciata), ringed (Pusa hispida syn.
Ph hispida), b d (Eri h . . .
parbatus) and spotted (Phoca largha N the Arctic. By ol= O | ovying
The survival of populations is largely
linked ice, which | lting |
Ty areas dus to the progression of these models as
climate change. Therefore, some of
h | M ' ' | ® ® o
(ihdler threat as the Arctic warmms. For functionable technol ogles In
example, as the sea ice extent
decreases, ringed seals are especially

threatened because they do not t h e Wi | d . We e n a b | e

migrate to open water in the winter.
GCiven the differences in behavior and

strategies needed to conserve each CO n Se rva t i O n iStS tO g a i n

species, automated mechanisms to
facilitate rapid classification need to be

INnsights Into population-level
Methodology and species-level trends,

We propose the creation of a

comprehensive seal imagery dataset W h i C h | e a d S tO m O re

by scraping images from Google,
Instagram, Twitter, and Flickr. We

dupli b '
sl oCccurate and targeteo
split the dataset into a 80:10:10 ratio for

training, valication and testing data conservation mechanismes.

through an online crowdsourcing
platform. The deep learning
architecture we employ to segment
and classify imagery is the
convolutional neural network
architecture called ResNetl8. In this
preliminary work, we expect to
compare the efficacies of various
models through ablation studies.




