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Abstracts

Geographical data acquisition in Antarctic regions is challenging due to the lack of human habitation, harsh environmental
conditions, and limited accessibility. This research explores and evaluates the capability of two crowdsourcing platforms in
mapping facilities across Antarctic regions. The study presents crowdsourcing projects related to polar regions in the litera-
ture. The methodology section outlines the data acquisition techniques employed by Flickr and Happywhale, and the spatial
evaluation methods applied to the collected data. In the implementation and results section, the spatiotemporal potential of the
data obtained from the two identified crowdsourced platforms is assessed, and the results based on spatial statistical methods
are compared. In the discussion and conclusion section, the contribution of the two identified crowdsourced platforms to
mapping activities is evaluated in terms of spatial, temporal, and content differences. This study reveals that Happywhale
offers data with higher spatial consistency, considering seasonal representation and spatial autocorrelation. Additionally,
content restrictions and reliance on GPS enhance spatial accuracy in Happywhale. At the same time, the liberation of data
production leads to lower quality but increased quantity, diversity, and spatial coverage, as observed in Flickr. By comparing
two crowdsourced platforms, this study enhances data acquisition and evaluation potential in Antarctica.
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Introduction by the necessity for precise cartography to serve mercan-

tile interests, notably those of mammal hunting compa-

Antarctica is the fifth-largest of the seven continents in
the world and is predominantly covered by a polar desert
(Shapley 2013). The continent was first discovered in
the early nineteenth century, leading several countries to
embark on expeditions to Antarctica. These expeditions
resulted in new maps and charts about the continent, yet
they also raised increasing questions about its geography.
Rack (2018) notes that the current view of Antarctica is
largely inherited from these expedition activities, includ-
ing mapping and photography taken by Antarctic photog-
raphers. The initial efforts to map Antarctica were driven
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nies, as well as the ambition to conquer and colonize new
territories. Eventually, the Antarctic land gained scientific
importance, and international collaboration was initiated
to explore the continent, focusing on major scientific
problems such as terrestrial magnetism, meteorology, and
geology. Although the land is vast and available technol-
ogy was limited initially, it was later enhanced with aerial
photogrammetry and satellite imagery (Li et al. 2023).
Recently, geographic information of Antarctica is served
as an open-source dataset by means of Quantarctica which
is an integrated mapping environment for Antarctica (Mat-
suoka et al. 2021). Quantarctica data collection is com-
posed of data from nine scientific fields which is majorly
retrieved or extracted from satellite imageries. Despite the
significant effort put into generating geographic informa-
tion for Antarctica through remote sensing technologies,
on-site sensors are necessary to observe animal behaviors,
monitor environmental changes, and track climatic con-
ditions, among other tasks. Yet the vast area cannot be
covered by these sensors alone and still there is high data
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demand for exploring the continent (Dong et al. 2022).
However, crowdsourced images, which are referred to as
human-based sensors, can provide an additional source of
Antarctic geospatial information based on human visits to
Antarctica. This study investigates and compares the data
usability of two crowdsourcing platforms over Antarctica,
considering data collection system design, data retrieval
techniques, and their spatial footprint.

Geo-crowdsourcing embodies the data sourced by
humans through platforms, thanks to the development in
the web technologies and the advent of global navigation
satellite systems (GNSS) (Goodchild 2007a, b; Hall et al.
2010; Kullenberg & Kasperowski 2016; Zhang et al. 2011).
The widespread use of smart devices with GNSS embedding
has enriched geo-crowdsourced data through various appli-
cations of crowdsourcing (Haklay et al. 2008; Turner 2006).
These technological developments led to the new mapping
tools with various themes and concepts, termed with several
different names such as; “citizen science”, “neogeography”,
and “collective intelligence”. Later, a unified name is pro-
posed and widely accepted for these new sources of data
which is “Volunteered Geographic Information” (VGI) (See
et al. 2016; Steiger et al. 2016). In the last decades, VGI
is diversely adopted for various themes and purposes. The
majority of these uses are for urban areas due to data abun-
dance, where populations are dense and highly active over
space (Kanhere 2013). Yet, the quality of VGI is an ongoing
debate and research area that should be considered promi-
nently before its use. The usability of VGI in less human-
populated areas is a greater issue due to low visitation rate
(Daymond et al. 2023). The limited presence of people in a
space may reduce the completeness of spatial data, but it can
also lead to data bias in the regions where data is provided.
Antarctica is one of the most special cases in this perspective
due to the lack of native human habitation.

Antarctica attracts a growing number of researchers
and tourists exploring different regions across the conti-
nent. The exploration of the continent began in the nine-
teenth century, with modern tourist visits starting in the
1960s through sea cruises. Whether in tourism or science,
all human activities are regulated by the Antarctic Treaty
to ensure responsible and sustainable activities in Antarc-
tica (Frame et al. 2022). Recently, the majority of these
visits are operated by members of the International Asso-
ciation of Antarctica Tour Operators (IAATO) in coop-
eration with Antarctic Treaty to preserve the unique and
fragile environment. TAATO reports that Antarctic visits
reached over 100 k tourists in 2023, indicating a grow-
ing number of human visitors (sensors) to the continent.
However, the coverage of these tourist visits is limited
to some regions of Antarctica. According to records and
statistics from TAATO (2022), over 90% of tourist visits
are confined to the Antarctic Peninsula, located between
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60 and 70 southern latitudes and closest to Chile and
Argentina. On the other hand, research facilities are dis-
tributed across the continent. Figure 1 depicts Antarctic
continent with place names and COMNAP (The Council
of Managers of National Antarctic Programs) Antarctic
facilities (Matsuoka et al. 2021; Norwegian Polar Institute
2018; COMNAP 2017). Although COMNAP facilities
are located in different regions of the continent, they are
concentrated on the Antarctic Peninsula. In addition to
these, not all facilities operate year-round, leaving some
regions, especially during the winter season, apart from
the Antarctic Peninsula in complete darkness.

The number of human visits to the Antarctic regions
raises the question of whether this potential could be utilized
for retrieving additional geographic information across Ant-
arctica by means of VGI platforms. To investigate, first, in
the literature review, we delve into VGI platforms and types,
along with related VGI studies in polar regions. Second,
in the “Materials and Methods” section, we provide details
regarding our data retrieval methods from two determined
VGI platforms and the techniques used for assessment.
Third, in the “Implementation and Results” section, we pre-
sent the specifics of the retrieved data and the assessments
conducted. Lastly, we conclude our study with the "Discus-
sion and Conclusion" section, where we explain how the
two VGI platforms differ based on their VGI type, context,
and design, and how VGI can be effectively leveraged for
comprehensive analysis.

This paper aims to shed light on the potential of VGI
platforms in understanding the Antarctic regions, acknowl-
edging the unique challenges posed by this remote and data-
scarce environment. The study particularly discusses the
potential coverage, positional accuracy, and spatial repeat-
ability of data when using photographs for mapping the
Antarctic continent. This discussion is conducted compara-
tively by focusing on two VGI platforms. While research-
ing VGI platforms, we encountered challenges related to
data accessibility. Despite the presence of numerous VGI
platforms, we decided to compare only two: Flickr and
Happywhale. Flickr is a social media platform focused on
photo sharing, while Happywhale is a global data center
monitoring whales and possessing comprehensive data for
polar regions. Therefore, comparing data from a custom-
ized web page and a social media application for a specific
Antarctic region is crucial for understanding the degree of
overlap between social media data and citizen science plat-
form data. There are no limitations on the Flickr API, and
all photographs produced for Antarctica has been accessed
using the techniques mentioned in "Data retrieval methods"
of this paper. Happywhale functions as a citizen science
data center with no limitations on data sharing as well. All
data produced for Antarctica has also been accessed from
the Happywhale platform. Since these platforms share both
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Fig.1 Map of the Antarctic continent with placenames and listed facilities

commonalities and differences with social media, compar-
ing data from both for a specific region is a unique and
logical approach. Other social media platforms such as
Facebook and Instagram were not used in this study due to
data access restrictions.

150°E

Literature review
The term VGI encompasses several perspectives and has a

diverse background. The assets of VGI, such as crowd pro-
files, the technology used, and its design, identify features
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of platforms including data accountability, continuity, scope,
diversity, and detail (Ball 2002; Hecht and Stephens 2014;
Gulnerman et al. 2021). The product of crowdsourcing plat-
forms with the mapping technologies is called volunteered
geographic information (VGI). In this paper we accept that
VGI has three types (Elwood 2008; Hecht & Stephens 2014;
Gulnerman et al. 2021); 1-Citizen Science VGI, 2-Peer Pro-
duction VGI, and 3-social media VGI (Table 1).

The main distinctions among these types are the moti-
vation of volunteers, platform design, and outcomes, as
described in Table 1. Different features of VGI types enable
varying contribution levels to different projects. Therefore,
these assets become significant characteristics in addressing
geographical data requirements across a range of research
studies. The flexibility of providing data on various topics,
especially in polar regions where data scarcity is a prevalent
challenge, is invaluable. However, it is necessary to antici-
pate that these platforms may not provide comprehensive
data across all regions and time intervals. In this context, we
present a review of projects in polar regions based on VGI
types in the following three subsections.

Citizen science projects on polar regions

The early form of citizen science emerged with urban plan-
ning meetings with the public for decisions making and
mostly called public participation (PP). With the advent of
Geographic Information Systems (GIS) and its integration
with the public participation, the terminology has changed
as public participation geographic information systems
(PPGIS) (Sieber 2006). Lately, the methodological use of
PPGIS crossed the urban borders, used for remote areas

such as Antarctica, Arctic and even for other planets other
than earth. Goodchild (2007a, b) defines “citizens as sen-
sors” capturing their environment and sharing information
and ideas via internet platforms, widely referred to as citi-
zen science. Currently, citizen science has its own perva-
sive platforms, such as Zoouniverse, CitizenScience, and
SciStarter, where project holders are enrolled and carry out
their projects through these platforms. In Table 2, we present
citizen science projects on polar regions carried out on these
popular Citizen Science platforms.

Two projects conducted on the Zoouniverse platform
cover partial spatial regions in the Arctic. While one of
these projects aims to monitor the lifestyles and habitats of
polar bears, the other aims to digitally label plant species
and monitor plant diversity. Camera data placed in vari-
ous regions is used in polar bear observation, while data
collected by volunteers visiting the region is used in the
study of plant diversity. Another platform Citizenscience
acts as a collection website for projects. MAPPPD (Mapping
Application for Penguin Populations and Projected Dynam-
ics) project is listed on that platform, aiming to detect and
count penguin colonies using remote sensing data and field
research data. Another project named Penguin Watch on
the SciStarter platform focuses on explaining the lives of
penguins through the use of annotated images taken from
nesting sites. Kickstarter one of the popular citizen science
platforms has two projects on polar regions. The first one
is campaigning for a book fund to document the ice change
and understand climate change using Arctic field research
data. The second one aims to fund side cost of an Antartic
Expedition for a photographic study of the station and the
surrounding landscape. In addition, there are two projects

Table 1 Types of VGI (Ball 2002; Elwood 2008; Hecht & Stephens 2014; Gulnerman et al. 2021)

Features of VGI Types

Motivation of Volunteers Platform Design

Outcomes

e conscious contribution
o possibility of self-interest

Citizen Science

e conscious contribution
o self-entertainment
e producing base maps

Peer Production

o platforms oriented to a specific area and
topic for decision making

e platforms provide sets of tools to add geo-
graphic features to the worldwide map

e views of observations related to a geographic
location or area for supporting decision-mak-
ing processes for environmental and urban
planning

e base map layers;

o streets

o buildings

o point of interests

etc

Social Media

e unconscious contribution
e entertainment

e networking

e marketing

e information sharing

o platforms provide generic tools for sharing
information in a multimodal (text, photo,
video) way with additional geographic loca-
tion features, and without a topic limit

e uncertain (amount, content, reliability
(of)) geo-referenced data is used in various
projects;

o monitoring user behavior in space for urban
planning

o real-time information for crisis response

0 community engagements between for col-
laborating residents and local authorities

etc
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Table 2 Citizen science platforms and projects related to polar regions

Project Name Platform Data Type

Spatial Scope Ref

The Arctic Bears Project Zoouniverse

Notes from Nature Zoouniverse Text, Location

MAPPPD Citizenscience Text, Location
Penguin Watch SciStarter Text, Image
Plan D: A Race Against Time Kickstarter Text, Image
Portraits of Place in Antarctica  Kickstarter Text, Image

11

Crowdsourcing Arctic Naviga- Text, Location
tion Using Multispectral Ice

Classification and GNSS
Happywhale

Stanford University

Happywhale Text, Location

Text, Image, Video

Hudson Bay, Arctic URL 1 https://www.zooniverse.
org/projects/douglas-clark/the-
arctic-bears-project

North Canada, Arctic URL 2 https://www.zooniverse.
org/projects/cmnbotany/notes-

from-nature-expedition-arctic-

botany

Antarctica Peninsula URL 3 https://www.citizensci
ence.gov/catalog/44/#

Antarctica URL 4 https://scistarter.org/
penguinwatch

Arctic URL 5 https://www.kickstarter.

com/projects/raceagainsttime/
plan-d-a-race-against-time?
ref=discovery&term=polar

US Research Stations, Antarc-  URL 6 https://www.kickstarter.

tica com/projects/1322320805/

portraits-of-place-in-antar
ctica-ii?ref=discovery&term=
antarctic

Arctic Reid et al. (2014)

World seas, Antarctica URL 7 happywhale.com/browse

that have their own platforms for citizen science. The first,
a research project from Stanford University, aims to find the
safest route using geo-referenced data with GNSS, enabling
reliable ship-to-ship aiding. The high-integrity sharing of
ice data offers a framework for performing path planning in
a reliable and automated-systematic way (Reid et al. 2014).
The second project is Happywhale, the only website dedi-
cated to understanding marine environments globally. The
platform collects and indexes whale photos, especially those
with unique IDs, to understand their global movements. In
reviewing these projects, citizen science projects in polar
regions primarily encompass two key areas: monitoring ani-
mal populations (including bears, penguins, and whales) and
studying climate change, specifically ice dynamics and ice
classification. These projects adopt diverse data types, and
their coverage of project areas is also diverse.

Peer production projects on polar regions

OpenStreetMap (OSM) is a widely recognized VGI plat-
form offering a range of digital tools to volunteers for gen-
erating geographical data (Mooney et al. 2010). Through
the platform, volunteers can contribute geographical data
using various methods, including uploading GNSS tracks,
manually editing maps based on their local knowledge, or
digitizing from satellite imagery (Grinberger et al. 2021).

This platform is used for geographical data production in
many regions around the world. However, especially in
areas where geographical data is not available due to vari-
ous reasons, data production, particularly in times of urgent
need after disasters, is carried out through digitization using
satellite images (Ahmouda et al. 2018; Poiani et al. 2016).
The OSM platform hosts and provides data, including polar
regions such as the Arctic, and even a small amount of data
from Antarctica (Schott et al. 2022). In these areas where
polar deserts are widespread, generally data production by
volunteers is carried out to be done through digitization
using satellite images. Therefore, there are limited stud-
ies carried out with OSM in polar regions. Xu et al. (2022)
adopt OSM, Sentinel-1, Sentinel-2, and ArcticDEM for
mapping man-made impervious areas in the circumpolar
Arctic to provide insights regarding environmental sustain-
ability. Similarly, Liu et al. (2023) used OSM as auxiliary
data to remove errors in the detection process of impervious
and non-impervious surface areas from satellite imagery in
the Arctic Circle.

Social media projects on polar regions
Social media (SM) is used as a crowd-sourcing platform

for various themes, i.e., disaster management (Wang and
Ye 2018; Xiao et al. 2015; Gulnerman et al. 2021), urban
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human mobility research (Kang et al. 2020; Huang and
Wong 2016; Gulnerman 2021), and urban design impacts
on human mental health (Garimella et al. 2016; Reichert
et al. 2020). Facebook, Instagram, Twitter, Pinterest, Flickr,
Reddit, and YouTube are the actual source of various data,
such as images, videos, texts, locations, and videos. Extract-
ing information from these platforms becomes more evident
when there is an abundance of data. On the other hand,
the places visited less, unpopular or low accessible are not
considered in studies, yet the available limited data still
have potential to draw some valuable inferences. There is
limited research on polar regions related with SM data. Two
different groups carried out studies on polar tourists with
the SM data. The first study by Runge et al. (2020) explore
the tourism activity change (with examining TripAdvisor
platform data) over Arctic and reveal the human footprint
increase in the region. The second study by He and Liu
(2023) discusses the influence of tourist over Antarctica by
adopting Chineese SM platforms (Zhihu and Mafengwo).
Another study which is not directly adopting and analysing
SM data but also related with polar regions is carried out by
LaRue et al. (2020). According to this study, polar projects
is proposed to disseminate on SM. In these three studies,
SM is seen as an axillary source for promoting and integrat-
ing their projects on polar studies. Therefore, social media
data has not been adopted and empirically evaluated for its
potential contribution to geographical data in polar regions.

Materials and methods

There are diverse data retrieval methods from VGI plat-
forms. As noted, this study investigates and compares the
data usability of crowdsourcing platforms over Antarctica,
considering data collection system design, data retrieval
techniques, and their spatial footprint. Data retrieval is the
first step for data evaluation. In sub-"Data retrieval pro-
grams and programming libraries", we reviewed the acces-
sibility of social media (SM) data with available toolsets

Table 3 Social media data retrieval applications

and alternative programming libraries. Following that, we
present our data retrieval methods over two freely acces-
sible VGI platforms: Flickr (SM based) and Happywhale
(citizen science-based) in sub-"Data retrieval methods".
Finally, we introduce VGI data evaluation techniques to
investigate the retrieved data in sub"Data exploration and
analysis".

Data retrieval programs and programming libraries

Accessing SM data is possible through different programs.
These data retrieval programs present data in various forms
depending on the scope of the study related to SM data.
Additionally, while some of these programs retrieve data
from a single SM source, others can pull data from multi-
ple SM platforms. Table 3 provides information about the
programs that retrieve data from SM along with the plat-
forms from which they collect data. Various social media
data retrieval programs have different features and limita-
tions depending on their intended purposes. NodeXL (URL
8 https://download.geofabrik.de/) is designed for assessing
friendship networks and presents data in a graph format.
Crowdtangle (URL 9 https://www.smrfoundation.org/)
focuses on investigating critical topics, such as elections and
racial justice through influential accounts. Facepager (URL
10 https://www.crowdtangle.com/) is a program capable of
crawling data from multiple SM platforms within the limita-
tions of each platform. Twitter Advanced Search (URL 11
https://github.com/strohne/Facepager) is a tool provided by
Twitter that allows users to query data based on content,
language, accounts, reaction types, numbers (retweets, likes,
replies), and time interval. One Million Tweet Map (URL
12 https://twitter.com/search-advanced) offers an analytical
interface for Twitter analytics, providing spatial clusters and
sentiment views based on queries related to hashtags, time,
and spatial extent. Additionally, there are web apps for dif-
ferent SM platforms (URL 13 https://onemilliontweetmap.
com/,14 https://fdown.net/,15 https://www.storysaver.net/)

No Application Data Sources Reference

1 NodeXL Flickr, Twitter, Youtube, Wikipedia URL 8 https://download.geofabrik.de/

2 Crowdtangle Facebook, Instagram, Reddit URL 9 https://www.smrfoundation.org/

3 Facepager Twitter, YouTube, Websites URL 10 https://www.crowdtangle.com/

4 Twitter Advanced Search Twitter URL 11 https://github.com/strohne/Facepager
5 One Million Tweet Map Twitter URL 12 https://twitter.com/search-advanced
6 Facebook Video Downloader Facebook URL 13 https://onemilliontweetmap.com/

7 Story Saver Instagram URL 14 https://fdown.net/

8 Twitter Video Downloader Twitter URL 15 https://www.storysaver.net/

9 Flickr downloader Flickr URL 16 https://twittervideodownloader.com/
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that allow users to download videos or stories one by one
using the appropriate links and usernames.

There are various popular methods for programmati-
cally downloading SM data. Table 4 lists the libraries used
in R and Python programming languages. These libraries
have different approaches to data querying and managing
large amount of data requests. The TwitteR (Gentry et al.
(2016)), Tweepy (URL 17 https://flickrdownloadr.com/),
rtweet (Kearney 2019) libraries for Twitter data allow users
to download data with attributes such as username, content,
creation date, latitude, longitude, and more. However, these
libraries impose restrictions on users to prevent misuse. Ins-
tagram data is collected using instaR (URL 18 https://www.
tweepy.org/) and Instaloader (URL 19 https://github.com/
pablobarbera/instaR), and although these libraries do not
require additional API (Application Programming Interface)
credentials, users need to have an Instagram profile. Insta-
gram's strict bot detector may consider profiles with low or
no activity as bots, leading to automatic IP blocking after a
certain number of queries. Repeated IP blocks may eventu-
ally result in account removal. While Rfacebook, was useful
for downloading Facebook data, it has not been maintained
since 2020 (URL 20 https://instaloader.github.io/, URL 21
https://developers.facebook.com/docs/graph-api/). Addition-
ally, instead of separately accessing Facebook and Insta-
gram platforms, Meta allows access to all this data using
their Graph API (URL 20 https://instaloader.github.io/)
for academic purposes). FlickrAPI (URL 22 https://github.
com/pablobarbera/Rfacebook) has encountered some main-
tenance issues causing changes in data quantity based on the
specified time granularity, as we have tested and observed
during our data retrieval within this study.

Data retrieval methods

In this study, citizen science projects in polar regions, data
production within the scope of peer-production, and finally,
social media platforms have been discussed. Two platforms
have been selected from these VGI-based data platforms,
which have been ongoing for years and provide uninter-
rupted access to historical image data: Flickr (SM-based

VGI) and Happywhales (Citizen science-based VGI). Image
data from both platforms covering the Antarctic continent
was obtained using the Python programming language.
From the Flickr platform, images were obtained through the
freely accessible FlickrAPI. Images from the HappyWhale
platform were provided through HTTPS POST requests.
According to Flickr’s terms of service and API terms, we
ensured that our data use of Flickr data aligns with their poli-
cies. Our search does not include individual data explicitly;
however, implicit privacy issues that may be encountered
during the process of further assessments were considered.
To manage, organize, store, and analyze the large number of
obtained images, a PostgreSQL database was created, and
database tables with similar data structures were established
for both platforms. The retrieved data from the two platforms
have different standardized metadata structures due to their
platform-specific designs (Fig. 2). The standardization issue
caused by different metadata structures was addressed with
platform-specific automation steps and approaches.
Images shared on the Flickr platform are provided
through static URLs via the Flickr API, as long as they are
not deleted by their owners. Image retrieval through the
Flickr API was carried out by searching with keywords or
within a predefined bounding box for Antarctica (WGS84
bounds: -180.0 -90.0, 180.0 -60.0) (URL 23 https://www.
flickr.com/services/api/). The date range for data acquisition
was set from the launch date of Flickr in 2004 until the data
acquisition year 2023. However, it was observed that for any
given date range, the Flickr API provides a maximum of
4000 image results. Therefore, the algorithm used for data
retrieval was adjusted to split the date range into shorter
intervals, ensuring that the results obtained for each interval
do not exceed 4000 images. One of the input parameters,
deltaTime, determines the width of these time intervals.
However, the start date (startDate) and end date (endDate) of
the interval are automatically updated by the algorithm dur-
ing the search process. This process continues until a time
span is created whose start date is on or after the maxDate.
Another aspect considered in the algorithm design was
pagination. Flickr can display a maximum of 250 geotagged
(or 500 non-geotagged) images on one page. Therefore, the

Data Sources Reference

Tab!e 4 Rand Pythor} l.ipraries No Library Programming
desi gn.ed for the acquisition and Language
analysis of SM data

TwitteR R

Tweepy Python

rtweet R

instaR R

Instaloader Python
Rfacebook R
flickrAPI ~ Python

P~ N SO SCI R

Twitter Gentry et al. (2016)
Twitter URL 17 https://flickrdownloadr.com/
Twitter Kearney (2019)

Instagram URL 18 https://www.tweepy.org/

Instagram URL 19 https://github.com/pablobarbera/instaR
Facebook URL 21 https://developers.facebook.com/docs/graph-api/
Flickr URL 22 https://github.com/pablobarbera/Rfacebook

@ Springer


https://flickrdownloadr.com/
https://www.tweepy.org/
https://www.tweepy.org/
https://github.com/pablobarbera/instaR
https://github.com/pablobarbera/instaR
https://instaloader.github.io/
https://developers.facebook.com/docs/graph-api/
https://instaloader.github.io/
https://github.com/pablobarbera/Rfacebook
https://github.com/pablobarbera/Rfacebook
https://www.flickr.com/services/api/
https://www.flickr.com/services/api/
https://flickrdownloadr.com/
https://www.tweepy.org/
https://github.com/pablobarbera/instaR
https://developers.facebook.com/docs/graph-api/
https://github.com/pablobarbera/Rfacebook

Earth Science Informatics

{} photos
¥ page:1
¥ pages:4
¥ perpage: 250
¥ total : 1000
dJ [ ] photo
a{Jo
¥ id: "00000000000"
# ow ner : "00000000@N00"
title : "XXXXXXX XXXXXXX"
description : "XXXXX XXXX XX XXXXX XXXXX XXX"
o_width : "3738"
o_height : "5608"
dateupload : "1683994074"
lastupdate : "1683994141"
datetaken : "2023-03-21 12:31:17"
datetakengranularity : 0

ow nername : "XXxX X XXxxx"
originalformat : “jpg"
latitude : "-82.968738"
longitude : "38.968738"
url_o : "https://ive.staticflickr.com/65535/x xxx X_Xx XXX xxX_0.jpg"
height_o : 5608
w idth_o : 3738
# [ exif
o stat: "ok"

]
]
]
Pl
]
]
]
a
¥ datetakenunknow n : "0"
]
]
]
]
]
]
]
4

(a)

Fig.2 Examples of metadata table of (a) Flickr, (b) Happywhale

algorithm takes into account the number of pages the results
consist of for the specified date range and adds the pho-
tos from each page to the content list. Not only the basic
information of the photos but also the Exif data available on
Flickr is added to the list. Another challenge encountered
with the Flickr API was that repeated searches for the same
date range could yield different results. To overcome this
issue, searches were conducted weekly, daily, and hourly
between 2004-2023, and the result table was created after
removing duplicate entries. The overall process of retrieving
Flickr data is outlined in the Algorithm 1 (Appendix A).
The algorithm designed to obtain images from Happy-
whale addresses various issues. Although consistent results
were obtained in repeated data retrieval searches on the Hap-
pywhale platform, this platform also has a query size limit
like the Flickr API, and this limit is 15,000 records. The
algorithm designed to retrieve data from Happywhale over-
comes this limit by using shorter date intervals. Unlike the
first algorithm, this algorithm adopts an approach to mini-
mize the number of requests sent to the server by using a
dynamic interval instead of a fixed time interval. The reason
for this choice is that as the data on the Happywhale plat-
form approaches the present day, it becomes more frequent.
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Using a dynamic time interval aims to minimize the number
of requests sent to the server. The algorithm takes the start
(minDate) and end dates (maxDate) as input from the user
and outputs the images in this date range to the user. The
overall process of retrieving data from the Happywhale plat-
form is provided in the Algorithm 2 (Appendix B).

Data exploration and analysis

The analysis of data obtained from Flickr and Happywhale
platforms aims to investigate variations in data quantity
based on the activities of tourists, researchers, or personnel
in Antarctica, a region characterized by a lack of human
habitation. Some research bases operate only during the
summer season, while others remain open throughout
the year. Additionally, tourism activities on the continent
mostly occur during the summer season. Consequently, it
is expected that data obtained during the winter months
will be less. Taking into account Antarctica's two seasons,
information on the year and season was extracted from the
date column in the data tables and added to new columns.
When determining the seasonal range, the summer season
covers the period from November to April, while the winter
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season covers the period from May to October. The exami-
nation of the spatial distribution of data and the investiga-
tion of its spatial consistency aim to understand whether
there are changes in the spatial distribution of data between
summer and winter months. Spatial distribution maps and
spatial correlation analyses are employed for this purpose.
In regions where positive spatial autocorrelation is identi-
fied, the evaluation of the data will depend on the presence
of a research base facility or whether it is a popular tourist
visitation center. With these fundamental insights, the goal
is to make inferences about the consistency of data obtained
from VGI platforms.

Data representation Various methods and techniques are
available for the visual representation and analysis of geo-
graphic data. In addition to geographic data, Volunteered
Geographic Information (VGI) platforms provide various
information such as place names, dates, and IP addresses
(Owuor & Hochmair 2020). For example, geotagged data
obtained can be extracted, visualized, and analyzed using
the R programming language. In this study, line graphs were
used to depict the distribution of images over the years.
Additionally, spatial distribution maps were employed to vis-
ualize the spatial representation of the images. Data obtained
from VGI platforms often offer extensive geographic cover-
age. The spatial representation of data from VGI platforms
can provide valuable insights into the accuracy of the data
generated (Zanten et al. 2016). Within the study, the spatial
representation of data contributes to interpreting the accu-
racy of the data, taking into account the accessibility condi-
tions of the Antarctica continent.

Spatial autocorrelation analysis R programming language
provides several libraries performing spatial analysis tools.
The “spdep” (Bivand & Wong 2018; Bivand 2022; Pebesma
& Bivand 2023) library serve functions that measures spatial
autocorrelation based on feature locations. The spatial auto-
correlation computation in the package is based on Global
Moran’s I and Local Moran’s I methodologies (Anselin
1995). While the former computation gives overall positive
or negative autocorrelation test results, the latter return the
local autocorrelation result over predetermined fishnet for
the specific area. By this way Local Moran’s I computa-
tion results can be visualized for further spatial exploration.
Spatial autocorrelation is a valuable tool for illustrating the
spatial variation present in a map. Positive spatial autocor-
relation refers that locations close together having similar
values. Negative spatial autocorrelation refers that locations
close together having more dissimilar values than those loca-
tions further away (Dormann et al. 2007). Local Moran's [
is useful to identify spatial clusters and spatial outliers and
show them on the map. The following steps were applied in
order to utilize these geoprocessing functions.

1- CSV files (image coordinates) are imported into R Stu-
dio, and latitude and longitude columns are designated
as coordinates to convert the data frame into a spatial
point data frame (sf). This data uses the World Geodetic
System 1984 (EPSG:4326) as the coordinate reference
system (CRS) since both VGI platforms (Flickr, Hap-
pywhale) uses GPS systems for geotagging.

2- Image spatial point data coordinates is transformed from
World Geodetic System 1984 (EPSG:4326) to Antarc-
tica Stereographic Projection (3031) to make the CRS
same as the base map of Antarctica.

3- Simple base map of Antarctica polygon shapefile is
obtained from Quantarctica which is predefined Ant-
arctica Stereographic Projection (EPSG:3031) and
imported in R Studio.

4- A 50x50 fishnet grid is created based on the base map
of Antarctica. Other sizes of fishnet were tested but the
results indicate similarity and this size demonstrates bet-
ter visual readability.

5- Antarctica Stereographic Projection (3031) is defined in
the generated grid to make the coordinate system same
as the image point dataset.

6- Grid and image point data are spatially joined. A column
named "count" is automatically created in the spatial
joined grid layer.

7- Then the Global Moran's I process is performed with
moran.test function over the “count” feature. The result-
ing report contains values for spatial autocorrelation.
(Global Moran’s I computation steps below are fol-
lowed)

a. fishnet polygons are defined as neighboring poly-
gons
fishnet polygons are initialized equally weighted

c. weighted polygons are calculated based on number
of images intersecting each polygon

d. Moran’s I test was applied

8- After that, Local Moran's I process is applied with local-
moran function, and spatial clusters and spatial outliers
are displayed as LISA (Local Indicators of Spatial Asso-
ciation) cluster maps on the grid adopting tmap library
functions.

Implementation and results

General data overview

The number of Antarctic images obtained by the text
method from the Flickr platform was nearly 88 K, and
the number of images obtained by the bbox method was

approximately 46 K. 55% of the images obtained by the
text method and 13% of the images obtained using the
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bbox method lacked image coordinates. In contrast, all
Happywhale images had embedded coordinates (Table 5).

Figures 3 and 4 illustrated the number of photos from
the Flickr and Happywhale platforms, respectively, based
on data retrieval methodology. The line graphs in both fig-
ures depicted data sharing trends over the years. Figure 5
demonstrated the number of actual visitors to Antarctica
(URL 25 https://www.npolar.no/quantarctica/). The infor-
mation covered the summer season visit activities, and
although we could not directly compare years, we observed

Table 5 Summary of retrieved

the seasonality. Additionally, this line graph showed that the
majority of visitors solely visited the Antarctic Peninsula,
but in the Covid year (2020-2021 season), there were no
visitors both on the continent and the peninsula. During the
Covid-19 period, when travel to Antarctica was restricted,
both platforms showed a decreasing trend in post amounts.
However, outside of this period, Flickr data exhibited
gradual fluctuations from 2005 to 2020, while Happywhale
data demonstrated a slight increase. It appeared that the
total number of posts on both platforms decreased during

Id Platform Image Retrieving Filtering Method Number of Images Number of Posts
data (geotagged) Technique
1 Flickr Flickr API text 87,894 79,118
2 Flickr Flickr API bbox 46,268 37,575
3 Happywhale Python complete data 251,279 251,279
4 Happywhale Python bbox 11,408 11,408

Number of Flickr Posts (filtered_by_bbox)

——e— Number of Flickr Images (filtered_by_bbox)

Number of Flickr Posts (filtered_by_text)

- —= - Number of Flickr Images (filtered_by_text)

Fig.3 Number of Flickr posts and images by year based on filtering methods (bbox or text)
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Fig.4 Number of Happywhale posts by year based on bbox filtering method and unfiltered posts

@ Springer


https://www.npolar.no/quantarctica/

Earth Science Informatics

= ==« Number of Antarctic Peninsula Visitors

1,200 K

1,000 K

800 K

600 K

400K

200K 7

Total Number of Antarctic Visitiors

Fig. 5 Number of visitors during summer season based on Antarctic Peninsula and Continental (URL 25 https://www.npolar.no/quantarctica/)

the pandemic period. On the other hand, the count of Hap-
pywhale images increased, while Flickr images decreased
(Figs. 3-4).

Spatial data manipulation

To compare Flickr and Happywhale data, we considered the
Antarctic bounding box (bbox) in different seasons. Table 6
presented the seasonal counts of retrieved data from each
platform. The Flickr data retrieved using text filtering was
contained within the Flickr bbox data, resulting in a slightly
lower number. Therefore, for the spatial comparison, we
focused on the Flickr bbox and Happywhale bbox data. All
analyses in this study had a common output: the number of
images in Antarctica was much higher in the summer season
than in the winter season on both platforms. Additionally,
we investigated participation bias by considering the users'
contribution amounts. Table 6 presents the number of users
and their contribution percentage to the retrieved dataset
based on each activity quartile group by season. According
to the table, the first quartile (Q1) represents the most active
data-sharing group, while the fourth represents the least
active (Q4). Based on this information, Flickr (text) has the
most biased dataset, with over 93% of data produced by the
most active 144 users in the summer season. Unsurprisingly,

Flickr (bbox) ranks second in this bias comparison, with
over 93% of data produced by 144 users. On the other hand,
the Happywhale platform has the least biased dataset, with
nearly 65% of data produced by 1182 users in the summer
season. When we look at the winter seasons, we observe
slightly less contribution bias for Flickr datasets but much
less bias for the Happywhale dataset. Although the contribu-
tion amounts of users are highly skewed in both platforms
based on activity quartiles, none of the users in the activity
quartiles can be accounted for as bot users, since a human
can post this number of posts.

The footprints of retrieved image data from both plat-
forms were further examined within the Antarctic bbox
(Fig. 6). To understand the overall spatial distribution within
Antarctic bbox by season, we used the image date taken
and followed the methodology to produce spatial plots in
Fig. 6(a-1) and (b-1). The first observation from the plots
is that Flickr images covered a wider area, including the
inner part of the Antarctic mainland, whereas Happywhale
images only surrounded the Antarctic mainland. This obser-
vation highlighted two key points: the spatial focus of Hap-
pywhale data, and the wide coverage of the Flickr platform.
Given that the Happywhale platform contains data related
exclusively to whales and marine life, the spatial distribution
map aligned with the content's intended purpose. In contrast,

Table 6 Number of images

thin th 8 Id Platform Number of Number of Users % data amount generated by Users based on
within the Antarctic bbox by (Filtering Method)  Images Activity Quartiles (Q1/Q2/Q3/Q4)
season
SS WS Total SS WS SS WS
1 Flickr (text) 38,020 1673 820 616 260 93.9/5.0/0.6/0.4 83.6/ 6.7/ 4.9/ 4.8
2 Flickr (bbox) 44,560 1708 749 578 224 93.6/5.3/0.8/0.3 84.4/7.5/4.8/3.3
3 Happywhale (bbox) 10,792 256 4893 4730 221 64.9/13.1/11.0/11.0 35.2/21.5/21.5/21.9

*Summer season (SS), **Winter Season (WS)
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the comprehensive nature of Flickr data resulted in images
being distributed within the inner mainland of Antarctica,
raising questions about their accountability due to the dif-
ficulties in reaching these remote areas. The second obser-
vation reinforced the first observation with respect to the
seasons. During the winter season, very few people can stay
in the Antarctic regions, and we did not expect to find data
in the inner mainland of Antarctica (Fig. 1). Surprisingly,
Flickr contained image data located in the inner mainland
of Antarctica, which further emphasized the issue of unac-
countability. As anticipated, Happywhale has only a small
amount of image data located in the Antarctic Peninsula
region, which served as the main gateway to enter the Ant-
arctic regions. This region also housed permanent research
base stations (Fig. 1) belonging to several countries, such
as Chile, Argentina, Russia, China, and others (COMNAP
2017).

To further assess the spatial distribution of retrieved data,
Global Moran's I and Local Moran's I computations were
applied to seasonal datasets from both platforms. For Global
Moran’s I computation the steps were followed as mentioned
in the 2.3 section for each dataset.

Test results given in Table 7 show that all Moran’s I val-
ues are positive indicating that there was positive spatial
autocorrelation in the data and p-values (less than 0.001)
supported that test results were statistically significant.
The standard deviate value is also another strong indicator
of spatial autocorrelation. Expectation values were close
to zero which meant there was little or no expectation for
no spatial autocorrelation. On the other hand, variance
values were all positive but varied between datasets, show-
ing that the strength of the spatial pattern between seasons
differed. As a result, all values supported that there was
statistically significant positive spatial autocorrelation in
the data while the strength of this spatial pattern varied
across seasonal datasets.

Following the spatial autocorrelation test with Global
Moran's I, Local Moran's I analysis was applied to the
datasets to measure and visualize local spatial autocorre-
lation. The computation of Local Moran's I returned val-
ues (Ii) and p-values, which assessed whether a specific
feature had similar or dissimilar values compared to its
neighboring features and indicated statistical significance,
respectively. Similarly, LISA cluster visually represents the

spatial patterns of similarity or dissimilarity among neigh-
boring features, along with their statistical significance.
The analysis results were displayed as LISA cluster maps
with "high-high" (HH) or "low-low" (LL) classes for spa-
tial association, and "high-low" (HL) or "low-high" (LH)
for spatial outliers. LISA cluster maps are represented for
Flickr in Fig. 6(a-2) and (a-3), and for the Happywhale
dataset in Fig. 6(b-2) and (b-3). When assessing LISA
cluster maps, it was evident that in the summer dataset,
Flickr images were concentrated in the Antarctic Peninsula
region with "HH" spatial association. Spatial association
was also observed in various regions as "LL" which means
low number of images seen the neighboring areas. In the
winter dataset, Flickr images exhibited "HH" spatial spatial
association in the inner mainland of Antarctica and sev-
eral isolated areas. The inner mainland association could
be caused by manual geotagging through the Flickr places
library during data upload or the presence of researchers at
the Amundsen-Scott South Pole Station (US) during harsh
winter conditions.

Happywhale images in both the summer and winter
datasets displayed "HH" clusters in the Antarctic Peninsula,
corresponding to the high visitor rate in this area. Notably,
the spatial association areas decreased in the Happywhale
winter dataset. On the distribution map, it was evident that
Happywhale data primarily surrounded the coastal area of
the Antarctic Continent; however, only spatial association
seen as "LL" clusters was observed from other sides of the
continent within the limited area.

Considering the locations of the stations operating in
Antarctica, the seasons of operation, the limitations of visi-
tor numbers to Antarctica, and the places visited, it can be
argued that the spatial manipulation of the Flickr data was
evident in the study results. On the other hand, it can be con-
cluded that the spatial coverage of Happywhale data was less
than that of Flickr data. Evaluating the results, the inference
was made, particularly about the low spatial accountability
of the Flickr data. Therefore, in image processing studies,
it should be considered that the content of images may not
be directly related to the geotagged location. However, this
situation was not encountered in the Happywhale platform
because the Happywhale platform provided location data
directly with the image itself and largely avoided encourag-
ing manual tagging that could lead to spatial manipulation.

Table 7 Moran’s I computation
results over Flickr and

Happywhale datasets by season

Platform (season) Moran’sI  p_value*  Standard deviate = Expectation  Variance

Flickr bbox (summer) 0,108 <0.001 17.172 -4.002¢-04 4.003e-05
Flickr bbox (winter) 0,099 <0.001 10.513 -4.002¢-04 8.872e-05
Happywhale bbox (summer)  0.129 <0.001 19.238 -4.002e-04 4.551e-05
Happywhale bbox (winter) 0,086 <0.001 17.260 -4.002e-04 2.480e-05

*Based on common practice p-value is reported “<0.001” when it is smaller
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(a)
(a-1) Spatial distribution of Flickr images

(b)
(b) Spatial distribution of Happywhale images
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Fig. 6 Spatial distribution of (a) Flickr images filtered by Antarctic bbox, (b) Happywhale images filtered by Antarctic bbox
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Fig.6 (continued)

Discussion and conclusion

VGI, seen as an opportunity to access affordable information
from recent sensor and web technologies, is considered to have
potential to contribute to various studies as a data source (Tsou
2015). However, there are significant challenges to overcome
for this data to be usable. One of the main challenges is the
lack of awareness and consciousness among volunteers about
data quality, leading to potential issues related to the quality
of the data. Volunteers contribute to VGI platforms, whether
consciously or unconsciously, use provided platform tools to
produce data. These tools, depending on whether platforms
allow data manipulation by volunteers who provide data
unconsciously, cause uncertainties in data quality. While VGI
platforms can offer pre-standardized data production tools cov-
ering a specific thematic area or spatial region, providing flex-
ibility. However, in many social media platforms, challenges
arise due to unstructured text content, the absence of topic and
location restrictions, and the option for users to manually select
location information from the places library. This flexibility
raises questions about the usability of data obtained from VGI
platforms. The situation poses significant challenges in manag-
ing large datasets collected by researchers, particularly in areas
where data scarcity exists (Hecht & Stephens 2014). Obtaining
data from VGI platforms and understanding the usability of the
obtained data require expertise.

This study presents VGI-based projects, data platforms,
and research as a valuable collection, especially for polar
regions where data scarcity may occur. It evaluates various
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data retrieval techniques from VGI-based platforms, consid-
ering the type of data they offer, thematic areas of study, and
data presentation capacities. Despite the claim that most data
retrieval techniques from VGI platforms are designed to be
free and user-friendly, the study reveals that accessing a vast
amount of data without specialized expertise is challenging
(Tsou 2015). In this study, several social media platforms such
as Facebook, Instagram, and Twitter were considered for use;
however, we encountered data accessibility challenges and
restrictions. For example, due to Instagram's restrictions on
data accessibility, we were only able to retrieve less than 1000
photographs from Instagram using the Instaloader app. We
attempted to obtain more data from different times using our
project accounts on Instagram, but our account and also our IP
address was ultimately banned by Instagram. Also, we cannot
access Twitter and Facebook data. Twitter reduced free API
access for academic use last year, and collecting such data
with a paid API is expensive. We also applied for the Meta
API to access Facebook data. However, the Meta API was
limited to trending topics and some other information, and did
not provide location or photograph data posted by individual
accounts. On the other hand, we needed to have all data pro-
duced from the platforms to compare, which we obtained from
Flickr and Happywhale. In addition, Flickr and Happywhale
are directly photograph-oriented platforms, while Twitter
and Facebook platforms primarily encourage text-based data
production. We aimed to retrieve and assess image datasets
to consider the potential coverage, positional accuracy, and
spatial repeatability of data when using images in the possible
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contribution of mapping activities in Antarctica. Therefore,
choosing photograph-oriented Flickr and Happywhale plat-
forms for comparison aligns well with the aim of this study.

VGI platforms are experiencing rapid growth thanks to
the prevalence of sensor technology in our daily lives, lead-
ing to an abundance of data. It's important to note that the
significance lies not only in the quantity of the contributing
volunteers or the data they provide but also in the design of the
crowdsourcing platforms. The design of these platforms can
cause or help preventing data quality issues as it is evidently
seen in this study results. In the context of mapping with VGI
data, researchers often encounter issues related to locational
accuracy. This problem arises from the fact that volunteers are
sometimes allowed to manipulate their location data through
certain VGI platforms (Middleton et al. 2018). For example,
this manipulation can lead to the misrepresentation, as seen
in the distribution map of Flickr (Fig. 6(a-1)), which had tags
with several places in Antarctica from far away. Since, it is evi-
dent that there could be no human in the inner mainland part of
Antarctica in the winter season. Consequently, this manipula-
tion can also distort the perception of the extracted information
time. In other words, these platforms often result in volunteers
providing data with spatiotemporal uncertainty. Unfortunately,
uncertainty is not adequately addressed by researchers most of
the time, and it largely depends on the data intensity. However,
especially in the case of popular locations and direct tags, spa-
tial bias tends to be pervasive (Gulnerman et al. 2020). While
there are numerous data quality studies and a few studies that
address this issue methodologically (Senaratne et al. 2017),
the problem can be initially resolved through platform design
(Ogie & Forehead 2017; Hochmair et al. 2018).

In this study, we observe that the design of the Happywhale
platform allows volunteers to share data with specific, accu-
rate locations, unlike the data from Flickr. The Happywhale
platform does not provide a places library for volunteers to
associate their posts with distant locations. Instead, the plat-
form provides "Image Submission Guidelines" that instruct
volunteers on the content, metadata requirements, and stand-
ards for photos, including guidance on how to handle GPS fea-
tures. Additionally, platform design might also play important
roles in contribution bias in the dataset. While the Happywhale
dataset has similar content (such as sea life), the Flickr dataset
contains diverse content such as research vessels, base stations,
country flags, and researchers' photos. When summarizing the
data and data producers, we observe that the Happywhale plat-
form dataset is produced by a larger group of users than the
Flickr dataset. Moreover, contribution bias observed in Flickr
datasets is much more pronounced than in the Happywhale
dataset. This is highly likely caused by the platform design
on data upload, depending directly on GPS locations and the
content restrictions in Happywhale, unlike the Flickr platform.

This study does not compare the content of the images but
rather their potential to cover the Antarctic continent, their

spatial consistency, and spatial associations. While conducting
this comparison, we aim to compare a citizen science-based
platform and a social media platform in terms of their differen-
tiating potential for area coverage, data amount, user contribu-
tion, spatial data consistency, and platform design restrictions
on data production and providing. The comparison presented
in this study involves the evaluation of data platforms and the
data obtained within them, with the results being presented
comparatively. It is emphasized that the features of platforms
for studies conducted in citizen science are strictly determined,
thereby preventing data manipulation. However, it is discussed
that the Flickr platform allows data manipulation, leading to
distortions in spatial and content terms. The examination con-
ducted within Flickr and Happywhale platforms contributes
significantly to demonstrating the differences in social media
and citizen science platforms due to their specific features.

The availability of multimodal data contributes to improving
data consistency, whereas single-modal data lacks substantial
validation for VGI (Hao & Wang 2020). Nonetheless, basic tests
can be conducted using single-modal data to infer spatial pat-
terns within the overall dataset. Furthermore, the spatial move-
ment of a volunteer can provide an intrinsic quality measure
depending on trajectory velocity (Gengec 2023). Several con-
clusions can be drawn from the spatial trajectory of volunteers:
Volunteers who remain stationary for extended periods and fre-
quently post may be bots or a group account sharing data from
the exact same location. Moving volunteers can be classified as
either consistent or inconsistent based on the velocity of their
movements. Inconsistently moving volunteers, as determined by
velocity, may be either bots or individuals associating random
locations by using features like the places library. It is evident
that there are numerous uncertainties associated with these
individual inferences when considering only single-modal data.
However, the use of multimodal data can enhance the investiga-
tion of data consistency through crosschecking. For instance,
the content of a photograph can be compared with the location
information of its surroundings, and any mismatches can be eas-
ily excluded from the dataset (Can et al. 2019).

Initially, volunteered geographic information and plat-
forms emerged to enrich urban area data content. Recent
studies show that their potential goes beyond urban areas and
should not be limited to them (Yan et al. 2020). Even regions
located far from urban centers but visited by people can ben-
efit from VGI, and this is of great significance for such areas,
considering limited alternative data sources. To explore and
develop such approaches, this study focuses on the Antarc-
tic continent, one of the world's largest regions with limited
monitoring. This study evaluates the current projects and
data sources related to VGI types in Polar Regions. Addition-
ally, it tests and implements data retrieval techniques in the
Antarctic region. Subsequently, datasets retrieved from two
distinct platforms are evaluated and compared. As this study
contributes to the assessment of VGI in the Antarctic region,

@ Springer



Earth Science Informatics

it will be further enhanced in the subsequent phases of the
project through image processing. The geographic features
extracted from the image data are expected to contribute to
the creation of an Antarctic Geographic Map. While testing
and comparing the results of this study, it is important to note
the limitations in data retrieval due to the use of unpaid data
retrieval methods and restrictions imposed by platforms on
data sharing. However, despite these limitations, it is shown
that valuable insights can still be derived from multiple spots
in Antarctica using the techniques and datasets obtained.
Researchers can adopt both social media and citizen-science
based datasets to investigate and understand some parts of
the Antarctic regions. This potential can also be enhanced by
researchers disseminating their work and informing Antarctic
visitors (volunteers who can contribute to citizen science or
social media platforms) about data collection and sharing. In
this way, both data capacity and data quality can be improved
by the united effort of researchers and volunteers.
Researchers in the fields of geography, tourism, and envi-
ronmental studies often encounter challenges with data avail-
ability, particularly for remote and uninhabited regions of the
world. Recently, researchers have begun exploring social
media platforms as potential data sources for natural areas
(Mota & Pickering 2018). Oteros-Rozas et al. (2018) found

Appendix 1: Data Retrieval Algorithm
from Flickr Platform

that Flickr contains more images of nature than other plat-
forms. Pickering et al. (2020) conducted research using social
media images to understand temporal patterns in visitor views
of the highest mountain (alpine area) in Australia, which
receives nearly 100,000 visitors annually. Another study
retrieved and compared Flickr and public participation GIS
data on social values for remote coastal regions. This study
revealed that the Flickr and PPGIS datasets depict different
aspects of social values, with Flickr being more biased and
restricted by accessibility. Although there have been several
studies conducted in remote areas using social media data, the
availability of such data remains limited. Despite biases and
spatial coverage issues in these studies, the areas under inves-
tigation are smaller than Antarctica and receive more visitors.
Consequently, more data is available in these other remote
regions. However, our goal is to contribute, even regionally,
to geographical data in Antarctica. The data obtained in this
study has demonstrated the availability of data from Flickr and
Happywhale sources for only certain regions of Antarctica.
Therefore, we plan to increase awareness to enhance voluntary
contributions of social media data in the Antarctic continent.
In our future studies, we aim to provide a social media hashtag
and an information guide to encourage visitors to create social
media content for Antarctica.

Algorithm 1: Extract flicker data

Input: text, bbox, minDate, maxDate, deltaTime
Output: Paired set of image and exif data

startDate < minDate
endDate <
content < set

page < 1

while startDate < maxDate do
photos <

foreach photo in photos do

put (photo, exif) in content
end
pages < photos.pages
if pages > 1 then
for page <
photos <

end
startDate <
endDate <
page <+ 1

endDate

end
return content

min(startDate + deltaTime

exif < flickr.get Exif(photo.id)

2 to pages by 1 do

[flickr.search(text, bbox, page, startDate, endDate)
foreach photo in photos do
flickr.get Exi f(photo.id)

min(start Date + deltaTime

1 second, maxDate)

[flickr.search(text, bbox, page, start Date, endDate)

exif <
put (photo, exif) in content
end
end

1 second, maxDate)
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Appendix 2: Data Retrieval Algorithm
from Happywhale Platform

Algorithm 2: Extract happywhale data

Input: minDate, maxDate

Output: Geotagged images retrieved from HappyWhale

startDate < minDate
endDate < maxDate
content < set

while startDate < maxDate do

requests.post(start Date, endDate)

case QuerySizeLimitEzceeded do

| endDate < min(avg(startDate,endDate), mazDate)

response <

end

otherwise do
put response in content
startDate < endDate
endDate <

end

end
return content

min(startDate + 1 year, mazDate)
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