Environmental Science and Policy 128 (2022) 81–93

Contents lists available at ScienceDirect

Environmental Science and Policy
journal homepage: www.elsevier.com/locate/envsci

Demonstrating the potential of Picture Pile as a citizen science tool for
SDG monitoring
D. Fraisl a, b, *, L. See a, T. Sturn a, S. MacFeely c, A. Bowser d, e, J. Campbell f, I. Moorthy a,
O. Danylo a, I. McCallum a, S. Fritz a
a

International Institute for Applied Systems Analysis, Austria
University of Natural Resources and Life Sciences Vienna, Austria
World Health Organization, Switzerland
d
Woodrow Wilson International Center for Scholars, USA
e
Nature Serve, USA
f
United Nations Environment Program Convention on Biological Diversity, Canada
b
c

A R T I C L E I N F O

A B S T R A C T

Keywords:
Citizen science
Crowdsourcing
SDGs
Citizen science tools
SDG monitoring
Earth Observation
Sustainable Development Goals

The SDGs are a universal agenda to address the world’s most pressing societal, environmental and economic
challenges. The supply of timely, relevant and reliable data is essential in guiding policies and decisions for
successful implementation of the SDGs. Yet official statistics cannot provide all of the data needed to populate the
SDG indicator framework. Citizen science offers a novel solution and an untapped opportunity to complement
traditional sources of data, such as household surveys, for monitoring progress towards the SDGs, while at the
same time mobilizing action and raising awareness for their achievement. This paper presents the potential
offered by one specific citizen science tool, Picture Pile, to complement and enhance official statistics to monitor
several SDGs and targets. Designed to be a generic and flexible tool, Picture Pile is a web-based and mobile
application for ingesting imagery from satellites, orthophotos, unmanned aerial vehicles or geotagged photo
graphs that can then be rapidly classified by volunteers. The results show that Picture Pile could contribute to the
monitoring of fifteen SDG indicators under goals 1, 2, 11, 13, 14 and 15 based on the Picture Pile campaigns
undertaken to date. Picture Pile could also be modified to support other SDGs and indicators in the areas of
ecosystem health, eutrophication and built-up areas, among others. In order to leverage this particular tool for
SDG monitoring, its potential must be showcased through the development of use cases in collaboration with
governments, NSOs and relevant custodian agencies. Additionally, mutual trust needs to be built among key
stakeholders to agree on common goals that would facilitate the use of Picture Pile or other citizen science tools
and data for SDG monitoring and impact.

1. Introduction
The United Nations (UN) Sustainable Development Goals (SDGs), a
framework of 17 goals, 169 targets and 231 indicators, was adopted by
UN member states in 2015 (UN, 2015). Designed as a global call for
progress on social, economic and environmental challenges, the SDGs
require robust monitoring mechanisms and timely, accurate and
comprehensive data to track progress towards their achievement. The
Inter-Agency Expert Group on SDG Indicators (IAEG-SDGs) is respon
sible for developing the protocols for indicator population, including
metadata standards, conceptual and methodological development, and

data availability. The IAEG-SDGs initially classified indicators into 3
tiers, where Tier 3 signified indicators with no established methodology
or standards to collect the data; Tier 2 referred to indicators that have a
clear internationally established methodology, but no regular data
production by countries; and Tier 1 were indicators with an interna
tionally established methodology and regular data production by at least
50% of countries, where relevant (UN, 2020a). The SDG indicator
framework has evolved over time and is updated regularly by the
IAEG-SDGs. In December 2017, 40% of the SDG indicators were Tier 1,
28% Tier 2 and 29% Tier 3. By April 2019, these figures had changed to,
respectively, 44%, 39% and 15%, as methodologies and data availability
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had improved (MacFeely, 2019). As of 28 December 2020, there were
130 Tier 1 indicators, 97 Tier 2 indicators and 4 indicators with multiple
tiers. There are no remaining Tier 3 indicators (UN, 2020b).
Despite these incremental improvements, many of the indicators are
still beyond the technical and financial capacities of many National
Statistical Systems (NSSs), which are comprised of statistical organiza
tions and units (e.g., National Statistical Offices – NSOs) in countries
that collect the data for global SDG reporting (IAEG-SDGs, 2018). For
example, by 2020 (or 5 years into the SDG process), it was found that
more than half of the SDG targets cannot be measured in the Asia-Pacific
region due to lack of data (UN ESCAP, 2020); data are available for only
33% of the 104 gender-related SDG indicators in OECD countries
(OECD, 2020); and 68% of the environmental SDG indicators lack data
(UN Environment, 2019). Research undertaken by Dang and Serrajuddin
(2020) also highlights the overwhelming challenge with missing data and
suggests that not all Tier 1 indicators are actually populated. They es
timate that only 19% of the required data are currently available. Even
before Covid-19, the funding required to measure all SDG indicators was
identified as a huge barrier for the timely and efficient monitoring of the
SDGs (Fritz et al., 2019; Fraisl et al., 2020).
Traditional sources of data, such as household surveys, constitute the
basis for SDG monitoring and reporting. Eighty out of 232 SDG in
dicators (the number of indicators at the time of the study – currently
there are 231 indicators) could be generated through household surveys
covering 13 of the 17 SDGs, particularly in the health, education, gender
equality, poverty, hunger, labor and justice domains (ISWGHS, 2019).
However, household surveys have limitations, such as high costs,
infrequent data collection, and lack of spatial coverage and openness,
among others (Fritz et al., 2019). The potential offered by new sources of
data, including Earth Observation (EO), mobile data, financial trans
actions, citizen science and others, is well acknowledged (UN Global
Pulse, GSMA, 2017; UN Global Pulse, 2018; Jensen and Campbell, 2018;
UNOOSA, 2018; Fritz et al., 2019; MacFeely, 2019; MacFeely and Nas
tav, 2019; ESA, 2020; Fraisl et al., 2020). UNEP has identified citizen
science as one important component of a global digital ecosystem for the
environment that calls for partnerships between governments, the pri
vate sector, academics, citizens and other stakeholders to work together
to match data gaps and needs, technological solutions and required
capacities (Jensen and Campbell, 2018).
Citizen science has been defined in different ways by different re
searchers (Eitzel et al., 2017; Haklay et al., 2020b) but here we define it
based on three main characteristics: “public participation”, “voluntary
contributions”, and “scientific research and knowledge production” (SDSN
TReNDS, 2019; Fraisl et al., 2020). Therefore, the following terms are
considered under the umbrella of citizen science in the context of this
paper: community science, participatory mapping, participatory sci
ence, volunteered geographic information (VGI), citizen observatory,
crowdsourcing, crisis mapping, community-based monitoring, and citi
zen generated data, among others (Haklay et al., 2020a).
There is a growing literature on the contributions of citizen science
data to SDG monitoring (Fritz et al., 2019; Campbell et al., 2020; Fraisl
et al., 2020; Head et al., 2020; König et al., 2020; Laso Bayas et al.,
2020b; Wuebben et al., 2020). Additionally, UNEP has included citizen
science as a source of data in their global methodology for SDG indicator
14.1.1b on floating plastic debris density - Beach litter, plastic in the sea
column and floating plastic and plastic on the sea floor - (GESAMP 2019;
UN, 2020c). UNEP also used citizen science data in global and regional
reporting for the first time in 2021 for the indicator 14.1.1b (UN,
2021a). The metadata for SDG indicator 6.3.2 on the proportion of bodies
of water with good ambient water quality also refers to citizen science as an
additional source of data to complement official sources of data, which
would otherwise require substantial investments (UN, 2020c).
In 2020, Fraisl et al. (2020) carried out a systematic review of all SDG
indicators and citizen science initiatives, demonstrating that citizen
science data are already contributing to the monitoring of 5 SDG in
dicators including: (i) 9.1.1 Proportion of the rural population who live

within 2 km of an all-season road, (ii) 14.1.1 Index of coastal eutrophication
and floating plastic debris density, (iii) 15.1.2 Proportion of important sites
for terrestrial and freshwater biodiversity that are covered by protected areas,
by ecosystem type, (iv) 15.4.1 Coverage by protected areas of important sites
for mountain biodiversity, and (v) 15.5.1 Red List Index. The study also
highlighted that citizen science approaches could contribute to the
monitoring of an additional 76 SDG indicators, such as (i) 11.1.1 Pro
portion of urban population living in slums, informal settlements or inade
quate housing and (ii) 15.3.1 Proportion of land that is degraded over total
land area. Furthermore, the study identified that the greatest contribu
tion from citizen science would be to environmental SDG indicators and
to the following goals: SDG 15 Life on Land; SDG 11 Sustainable Cities
and Communities; SDG 3 Good Health and Wellbeing; and SDG 6 Clean
Water and Sanitation.
As part of the review by Fraisl et al. (2020), many tools were iden
tified, such as collaborative websites, mobile apps and low-cost sensors,
which aid data collection by citizen scientists. One of the most successful
examples of online collaborative mapping, which has led to the creation
of a free and open global map of the world, is OpenStreetMap (OSM)
(Jokar Arsanjani et al., 2015). The road network in OSM is already being
used as an input to indicator 9.1.1 Proportion of the rural population who
live within 2 km of an all-season road, and it has the potential to help track
progress on the SDGs in other areas, such as disaster response, the
environment, water and sanitation, access to electricity, public health,
etc. For example, the Humanitarian OSM Team (HOT) uses the collab
orative mapping framework of OSM for humanitarian purposes, such as
disaster response management, community development and urban
planning (Soden and Palen, 2014; Bertolotto et al., 2020), which could
have relevance for SDG 1 (target 1.5, indicator 1.5.2) and 11 (target
11.5, indicator 11.5.2) (Fraisl et al., 2020). Other relevant applications
identified for these targets and indicators include the MicroMappers set
of tools developed by the Digital Humanitarian Network, such as
TweetClicker and ImageClicker for tagging text and images from Twitter
(Tan et al., 2017), and Picture Pile, an application for mobile and web
devices developed by the International Institute for Applied Systems
Analysis (IIASA) (Danylo et al., 2018). By combining citizen science
with EO, Picture Pile integrates innovative data streams while engaging
volunteers in the rapid classification of different types of remotely
sensed imagery. Data from previous campaigns will be openly shared
(under a CC-BY type of license) while future campaigns will be
encouraged to do the same or pay for the service if the data are to remain
confidential or are of a sensitive nature.
These are only some of the many initiatives identified that have the
potential to be used for SDG monitoring and reporting; for the complete
list, see Table S1 in Fraisl et al. (2020). The next step to unlock the value
of citizen science for collecting SDG data at scale is to demonstrate how
these individual tools could contribute, either directly or in a supple
mentary way, to the SDGs. To our knowledge, there are only a few
studies that specifically address this gap (Ajates et al., 2020). In addi
tion, many existing citizen science applications focus on photo- or
text-based data collection tasks, rather than data analysis tasks such
labeling, classification, annotating, and/or tagging. Hence, the aim of
this paper is to focus on one tool, i.e., Picture Pile, to demonstrate its use
as a generic citizen science tool that was designed to support EO but can
also support and/or complement official data and statistics for the
monitoring of some SDG indicators. The paper also provides concrete
recommendations on how to leverage this citizen science tool for SDG
monitoring to enhance official statistics.
2. Materials and methods
2.1. The Picture Pile application
Picture Pile is a web-based and mobile application that was designed
for rapid image classification, i.e., satellite images and orthophotos, geotagged photographs, drone imagery, etc. The images are assembled into
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Picture Pile has been used to collect nominal and ordinal categorical
variables, respectively, while Fig. 2c shows an example of collecting
data for a continuous variable related to wealth. Instead of swiping the
image to the left or right, the user moves the image in the direction of the
wheel to choose an answer. These simple mechanics of swiping images
to the left, right or down for questions with a yes/no/maybe answer, or
towards a category or continuous value in a wheel, have all been
designed with high usability; these features are also explained in a visual
way when the user starts the app. Regarding the classification task itself,
users are provided with two forms of guidance. The first involves a set of
training images used at the start of the app where examples of different
images are provided along with the answers so that users can learn how
to classify them. Then during the campaign, answers to expert images
are provided at regular intervals so that users can keep learning over
time. The second is a gallery of examples that are provided in the app,
which users can consult at any time to understand how the images
should be classified.
It is important to highlight that Fig. 2c belongs to an experimental
campaign that aimed to understand perceptions on wealth and poverty.
The objectives of the campaign were (i) to test if perception data could
provide additional information and aspects on poverty that objective
methods may not be able to capture, such as identifying slums through
EO, and (ii) to compare the results derived from perception data to the
results produced by EO data, such as slum maps. The analysis is still
ongoing.

a pile and provided to the Picture Pile application for classification by
volunteers. The initial idea behind the application was to provide large
amounts of reference data needed for the training and validation of
remote sensing-based products, e.g., land cover maps, cropland maps,
etc. as there is a lack of data available for these purposes (Szantoi et al.,
2020). Although other rapid image classification products exist, such as
ImageClicker (Tan et al., 2017) and MapSwipe (Herfort et al., 2017),
they are both focused on the humanitarian domain rather than a more
generic image classification tool suitable for EO purposes.
Picture Pile is the second generation of a prototype app called
Cropland Capture, where volunteers were asked a simple question: Can
you see cropland in the red box? An example of the Cropland Capture
interface is shown in Fig. 1a. On a mobile device, users swipe an image
to the right if answering yes, to the left if answering no and downwards if
the answer is maybe, e.g., due to clouds covering the satellite imagery or
other uncertainties that prevent a respondent from answering defini
tively. The Cropland Capture campaign ran for around six months,
collecting more than 5 million classifications through the involvement
of more than 3000 participants. An analysis of the results showed that
92% of the classifications were done in less than 2.5 s each (Sturn et al.,
2015).
Moving beyond classifying cropland, Picture Pile was first used to
identify evidence of human impact on the landscape, followed by a
campaign on deforestation (Fig. 1b), where the interface was changed to
accommodate pairs of images from different time periods to identify
change. The mechanic of the app was similar, i.e., a simple question with
a yes, no, or maybe answer.
Since then, Picture Pile has been used in multiple campaigns, leading
to the collection of more than 11 million classifications with the help of
more than 4500 volunteers. In addition to the identification of defor
estation, Picture Pile has been used in many different domains including
the identification of: (i) clouds to improve cloud detection algorithms;
(ii) building damage for post-disaster assessment; (iii) crop types to
improve crop type mapping; (iv) indicators related to poverty; and (v)
marine litter, many of which have relevance for the SDGs. The me
chanics of Picture Pile have, therefore, also evolved to accommodate the
data collection needs of different applications. For example, questions
that could be answered with categorical and continuous variables have
been added as shown in Fig. 2. Figs. 2a and 2b show examples of how

2.2. Assessing the potential of Picture Pile for the SDGs
To understand the potential contribution of Picture Pile to the SDGs,
we first summarize the campaigns undertaken by domain that are
relevant to the SDGs and then link these to the findings in Table S1 of
Fraisl et al. (2020), who already made a first mapping between SDG
indicators and the Picture Pile application. Additional information, such
as the number of participants, the number of observations and the length
of the campaigns, provide further context for assessing this potential. We
then provide results from Picture Pile by individual indicator to
demonstrate how the data could be used in SDG monitoring and
reporting.
Building on the methodology adopted by Fraisl et al. (2020), we

Fig. 1. Screenshots from the (a) Cropland Capture and (b) Picture Pile, asking volunteers to identify deforestation from pairs of images from different time periods.
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Fig. 2. Screenshots from the Picture Pile application showing identification of crop type (a), and indicators related to poverty and wealth (b, c).

categorized the contributions from Picture Pile to the SDG indicator
framework as direct or supplementary contributions. Direct contribution
means that data from Picture Pile could contribute to the calculation of
the SDG indicators. For example, Picture Pile could directly contribute
to the monitoring of indicator 11.5.2 Direct economic loss in relation to
global GDP, damage to critical infrastructure and number of disruption, by
providing information on damaged buildings and infrastructure (Danylo
et al., 2018). Supplementary contribution refers to data that are useful to
contextualize an SDG indicator or target. For indicator 1.5.1 Number of
deaths, missing persons and directly affected persons attributed to disasters
per 100,000 population, Picture Pile could produce supplementary in
formation on the Number of dwellings/houses destroyed attributed to di
sasters to contextualize this SDG indicator (Fraisl et al., 2020).

(UN, 2021a). Many countries maintain a disaster loss database, which
should be built (or adjusted) using the recommendations of the
Open-ended Intergovernmental Working Group on Indicators and Ter
minology related to Disaster Risk Reduction (OEIWG). The disaster loss
database contains the number of physical assets damaged by event, e.g.,
damaged buildings (houses, industrial and commercial facilities, etc.),
critical infrastructure as well as agricultural loss. The direct economic
loss (disaggregated by event) is then calculated by multiplying the
number of facilities damaged, the size of the facilities, and the unit cost
of replacement (UN Office for Disaster Risk Reduction, 2016; UN,
2021b).
Picture Pile was used in 2017 to collect data on damaged buildings,
using pairs of very high-resolution satellite images from before and after
Hurricane Matthew (which occurred in October 2016) (Danylo et al.,
2018). Working with the HOT, the idea was to demonstrate that Picture
Pile could be used to collect information on damaged buildings in Haiti
in a short period of time. The modified interface is shown in Fig. 3a,
while Fig. 3b shows the damage map aggregated from the Picture Pile
results.
The Damaged category was assigned when a minimum of 4 volun
teers agreed on visible damage to buildings, whereas Likely Damaged
only required 3 volunteers to agree. Where no majority agreement was
reached, the area on the map was labelled as Unknown. The most com
mon reason for unusable images was cloud cover. Half of all classifica
tions were collected within the first five days of the campaign, usually
from a small number of volunteers. If the network of HOT had been
mobilized in real-time, such a map could have been created for all of
Haiti within a week.
The data generated by Picture Pile can directly contribute to the
calculation of SDG indicators 1.5.2 and 11.5.2. This contribution can
occur in two different ways. The aggregated damage map generated by
the Picture Pile results could be used to highlight key areas of damage,
which could then be used by damage assessors and insurance companies

3. Results
3.1. Picture Pile campaigns
Table 1 provides an overview of the Picture Pile campaigns that have
taken place since 2014. Based on this mapping, the next section presents
results from different Picture Pile campaigns organized by SDG
indicator.
3.2. Potential contributions of Picture Pile to the SDGs
3.2.1. SDG 1/11/13, Indicators 1.5.2/11.5.2 and 1.5.1/11.5.1/13.1.1
Indicator 1.5.2 is the Direct economic loss attributed to disasters in
relation to global gross domestic product (GDP), which is further extended
within indicator 11.5.2 to include damage to critical infrastructure and
number of disruptions to basic services, attributed to disasters. The metadata
for indicators 1.5.2 and 11.5.2 describe direct economic loss as the
monetary value of total or partial destruction of physical assets existing in the
affected area and highlights that it is nearly equivalent to physical damage”
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D. Fraisl et al.

Environmental Science and Policy 128 (2022) 81–93

Table 1
Summary of Picture Pile campaigns and potential direct and supplementary contributions to the SDGs.
SDG contribution by indicator
Campaign

Location

# of
participants

# of
validations

# of images

Campaign start
date

Campaign
available for

Direct

Supplementary

Wild landscapes
Deforestation

32
1360

11,937
5127,697

86,176
362,544

2014–12–15
2015–07–25

–
–

344

224,214

37,582

2017–04–28

6 months
Left open until
2018–09–04
6 days

–
15.2.1

Hurricane Matthew campaign 1

Global
Tanzania,
Indonesia
Haiti

1.5.2, 11.5.2

Hurricane Matthew campaign 2

Haiti

421

298,323

37,582

2017–05–03

12 days

1.5.2, 11.5.2

Cloud detection
Nighttime lights

Global
Global

149
217

276,068
160,338

27,021
13,966

2019–02–28
2019–03–04

2 months
6 months

–
11.3.1

Urundata land cover campaigns

Indonesia

395

1373,840

14,221

2019–04–01

4 months

Oil palm plantations

Global

78

56,212

1649

2019–07–31

1 month

Oil palm plantations Asia

Asia

78

99,618

13,653

2019–08–20

2 months

Poverty (degree of wealth)

176

60,382

11,300

2019–08–26

6 months

74

13,636

30,028

2019–08–27

6 months

11.1.1

Urundata Change Campaigns

Dhaka,
Bangladesh
Dhaka,
Bangladesh
Indonesia

15.1.1,
15.2.1,
15.4.2
15.1.1,
15.2.1,
15.4.2
15.1.1,
15.2.1,
15.4.2
11.1.1

1.5.1, 11.5.1,
13.1.1
1.5.1, 11.5.1,
13.1.1
–
1.1.1, 1.2.1,
1.2.2
–

195

3553,315

153,115

2019–08–27

3 months

Marine litter
Poverty (degree of wealth)

One beach
Africa

105
63

14,374
7888

1215
1398

2019–12–13
2019–12–18

3 months
6 months

15.1.1,
15.2.1,
15.4.2
11.1.1

Poverty (building height)

Dhaka,
Bangladesh
France, Latvia

181

36,430

12,300

2020–02–06

6 months

11.1.1

386

123,187

28,706 out
of 68,542

2020–07–28

Ongoing

2.4.1

Slums

Earth Challenge Food
Insecurity (crop types) from
31 Mar 2021

–

–

1.1.1, 1.2.1,
1.2.2
–
–

14.1.1b
1.1.1, 1.2.1,
1.2.2
1.1.1, 1.2.1,
1.2.2
–

Fig. 3. (a) Screenshot from the Hurricane Matthew Picture Pile campaign and (b) a map showing data on damaged buildings for the western part of Haiti.
Source: Danylo et al. (2018).

on the ground in undertaking a more focused spatial inventory of
damaged assets. Alternatively, for countries where a comprehensive
damage assessment is not possible, the results could be used to identify
damage from satellite images to determine the number of destroyed or
partly destroyed assets, including a rough area calculation.

Picture Pile could also provide supplementary contributions to the
repeating indicators 1.5.1, 11.5.1 and 13.1.1 Number of deaths, missing
persons and directly affected persons attributed to disasters per 100,000
population. The metadata for these indicators refer to the Technical
Guidance for Monitoring and Reporting on Progress in Achieving the Global
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indicator 2.4.1, this example also demonstrates how partnerships
around SDG-oriented campaigns can help bring in a wider, more
geographically diverse range of citizen science volunteers working
together towards a common, global goal than would be possible with
one mobile app or project alone.
The 11 sub-indicators of the numerator could be collected using
other crowdsourcing tools, such as AgroTutor (Laso Bayas et al., 2020a),
which was also developed by IIASA, to collect data on farming practices
including fertilizer use and management of pesticides, which are two of
the sub-indicators. As data are currently not available for this indicator
(Tier II), new digital approaches may help to facilitate farm surveys in
the future.

Targets of the Sendai Framework for Disaster Risk Reduction for the detailed
methodology. This methodology includes an indicator (B-4) on the
number of people whose destroyed dwellings were attributed to disasters.
Even though it is suggested that this indicator is measured in-situ, its
sub-indicator B-4a Number of dwellings/houses destroyed attributed to di
sasters could benefit from the supplementary input that Picture Pile
could offer (UNISDR, 2017).
3.2.2. SDG 2, Indicator 2.4.1
This indicator is defined as the Proportion of agricultural area under
productive and sustainable agriculture, which is calculated as the aggre
gation of 11 sub-indicators that jointly indicate productive and sus
tainable practices divided by the agricultural land area. The
methodology for this indicator focuses on the use of a farm survey for the
collection of data on productive and sustainable agricultural practices.
Agricultural area is reported at national level to FAO (UN, 2021c).
Picture Pile can collect data on agricultural land (cropland as well as
grazing areas for livestock), which can directly contribute to the moni
toring of this indicator and can be fed into remote sensing of agricultural
areas, particularly for those countries where capacity for agricultural
inventories and surveys are limited. Fig. 2a shows an example of Picture
Pile being used to collect crop type from street level photographs while
Cropland Capture (Fig. 1a) and Geo-Wiki, an IIASA platform for
engaging citizens in environmental monitoring, have been used to
collect reference data on cropland in the past (Fritz et al., 2015; Sturn
et al., 2015; Laso Bayas et al., 2017; Lesiv et al., 2019). This type of
information, which has a considerable global distribution (Fig. 4), can
be used to improve the denominator of this indicator at a national level.
Data were also collected through a partnership between Picture Pile
and the Global Earth Challenge campaign. Led by EARTHDAY.ORG, the
Wilson Center, and the U.S. Department of State, Earth Challenge 2020
looks across six research areas—including food security— to increase
the amount of open and interoperable citizen science data in each, while
concretely driving individual and policy change. The Picture Pile/Global
Earth Challenge partnership focused on embedding a link to the Picture
Pile application within the Global Earth Challenge mobile application
(Fig. 4a). Once users open the link, they are prompted to download the
Picture Pile app, where they can drag or swipe the image to classify
crops as wheat, maize, sunflower, vineyard, sorghum, other, or “I don’t
know” (Fig. 2a). Through this campaign, 386 citizen scientists made
123,187 classifications (Table 1), where almost 50% of users were
located in the USA, 4% in Australia and the remaining in Europe. In
addition to contributing data that could directly contribute to SDG

3.2.3. SDG 11/SDG 1, Indicators 11.1.1/11.3.1 and 1.1.1/1.2.1/1.2.2
Indicator 11.1.1 is the Proportion of urban population living in slums,
informal settlements or inadequate housing. Slums are defined as house
holds that have one or more of the following characteristics: lack of
access to (i) improved water sources (or those protected from contam
ination); and/or (ii) improved sanitation facilities; (iii) lack of sufficient
living area, defined as no more than 3 people sharing the same area with
a minimum of 9 m2; (iv) lack of housing durability, defined as a per
manent structure built on non-hazardous locations; and (v) lack of
tenure security, i.e., protection from forceful eviction. Informal settle
ments have the same criteria as slums while inadequate housing addi
tionally has housing affordability as a criterion (UN, 2021d).
The sources of data for this indicator are censuses and household
surveys but the lack of tools to measure these components at the city and
national levels is acknowledged within the metadata for this indicator,
which may result in underestimation of slums, informal settlements and
inadequate housing (UN, 2021d). Moreover, these traditional sources of
data collection are expensive and only take place every three to five
years, while alternative data sources may provide cheaper and more
up-to-date information for this indicator.
Picture Pile has been used in two campaigns to collect data related to
the mapping of slum areas. Fig. 5a shows the results for locations
identified as slums in Dhaka, Bangladesh. Volunteers were asked if
slums were present based on very-high resolution satellite imagery and
street level photographs, where the question was largely focused on the
identification of housing durability. Comparing this to slum data map
ped by Gruebner et al. (2014), based on delineation of slum areas in a
GIS using visual interpretation of very high resolution satellite imagery,
similarities in the patterns are evident. In a second campaign, volunteers
were asked to rate the degree of poverty/wealth on a sliding scale using

Fig. 4. Classifying cropland using (a) the Earth Challenge Picture Pile app (see also Fig. 2a) and (b) the global distribution of reference data on cropland collected
from one Geo-Wiki campaign (Laso Bayas et al., 2017).
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Fig. 5. Data collected using Picture Pile for Dhaka, Bangladesh on (a) presence of slums and (b) a continuous indicator of wealth (see Fig. 2c) compared to (c) slum
locations from Gruebner et al. (2014).

street level images (see Fig. 2c for an example of the interface). The
results are plotted in Fig. 5b, which may provide a proxy for housing
affordability and inadequate housing. However, the main reason for
capturing this information was to use both slum presence and degree of
poverty/wealth as inputs to a machine learning (ML) model that addi
tionally used variables derived from remote sensing in combination with
a building data set to develop a wall-to-wall map of slum households.
Hence, Picture Pile provided the reference data needed to produce a
comprehensive slum map for Dhaka. Such an approach could be used in
situations where traditional data collection tools cannot be implemented
or to complement these more traditional data. Therefore, data produced
by Picture Pile have the potential to directly contribute to the moni
toring of this indicator. However, we do acknowledge the fact that
socio-economic backgrounds and location may play a role in how vol
unteers perceive poverty and wealth. We provided some examples in this
experimental study, but a wider scale implementation of such an
approach would require training materials that are both culturally
neutral and sensitive to differing concepts of poverty and wealth around
the world.
The two aforementioned campaigns on slum mapping in Dhaka and
on poverty/wealth could also provide supplementary information for
the monitoring of indicators 1.1.1 Proportion of the population living below
the international poverty line by sex, age, employment status and geographic
location (urban/rural), 1.2.1 Proportion of population living below the na
tional poverty line, by sex and age and 1.2.2 Proportion of men, women and
children of all ages living in poverty in all its dimensions according to national
definitions. For example, indicator 1.1.1 has a rigorous methodology that
focuses on income using household survey data. The metadata of this
indicator refers to issues around measuring poverty using the current
methodology, such as timeliness, frequency, quality, and comparability
of household surveys, particularly in the poorest countries (UN, 2021b).
However, the combination of different sources of data could help to
address these challenges. Picture Pile could support this indicator in a
supplementary way by providing data on areas that could help under
stand and contextualize poverty, such as information on nighttime lights
and proximity to basic services and infrastructure density, among
others. These data could complement the survey data in a way that could
be mapped out to identify the spatial distribution of poverty.
Indicator 11.3.1 is the Ratio of land consumption rate to population
growth rate. The recommended methodology for calculating the land
consumption rate is that individual countries use remote sensing to
create a classification of built-up areas on an annual basis or for a time
interval to be determined locally. From these national maps of built-up
areas over time, the total area of built-up is derived (UN, 2021e).

Although a number of global built-up products are available (Corbane
et al., 2017; Marconcini et al., 2020), the metadata for indicator 11.3.1
does not recommend using these products because of inconsistency be
tween globally and nationally produced numbers as well as the inability
to adequately capture the uniqueness of local contexts (UN, 2021e). To
support national efforts in remote sensing of built-up areas, Picture Pile
could be used to support the rapid collection of training and/or vali
dation data on built-up areas for these efforts. In 2019, a Picture Pile
campaign was run to gather data on built-up areas based on a global
random sample generated from the 2015 VIIRS (Visible Infrared Imag
ing Radiometer Suite) annual nighttime lights product (Elvidge et al.,
2017), selecting only locations with some level of radiance as this cor
relates with the presence of built-up areas (Fig. 6).
For the monitoring of this indicator, individual countries could
generate a sample for which very high-resolution satellite imagery are
extracted to provide training and/or validation data to support national
remote sensing efforts in producing the required built-up area products.
Therefore, Picture Pile could provide a direct contribution to the
monitoring of this indicator.
3.2.4. SDG 14, Indicator 14.1.1b
Indicator 14.1.1b is the plastic debris density, which is supported by
remote sensing undertaken globally for identification of plastic patches
greater than 10 m2, a numerical model run by UN Environment to es
timate the likely presence and origin of beach litter found on coastlines,
and data collected nationally on beach litter, plastic in the sea column,
floating plastic and plastic on the sea floor (reported as an average count
of plastic items per km2), with guidelines provided by GESAMP (2019).
The latter is increasingly being supported by volunteers as part of beach
cleanups, e.g., organized by the Ocean Conservancy’s International
Coastal Cleanup initiative, and numerous citizen science projects around
the world (Campbell et al., 2019; UNEP, 2021).
A Picture Pile campaign was run where volunteers were asked to
classify images taken from an Unmanned Aircraft System (UAS), which
surveyed the Stomio coastline in western Crete, using an interface like
that shown in Fig. 7a. The UAS imagery was divided into a set of tiles
(shown in Fig. 8a as yellow squares). From 1215 images, the majority of
volunteers identified marine litter in 101 images (shown in Fig. 8a as red
dots). This information was then used in a geospatial model to create a
density map (Fig. 8b). However, the ultimate aim of the Picture Pile data
collection would be to provide citizen science inputs to a machine
learning model for identifying marine litter from both near-earth UAS
and satellite-based remote sensing, see e.g., Papakonstantinou et al.
(2021). It is also possible to modify Picture Pile to capture the
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Fig. 6. (a) Screenshot from the nighttime lights imagery campaign in Picture Pile and (b) a map showing data on built-up settlement areas collected globally.

Fig. 7. Screenshots from the marine litter campaign showing (a) a three category ‘yes’, ‘no’ or ‘maybe’ data collection and (b) a continuous percentage data
collection interface.

percentage of marine litter in an area of known size using an interface
like that shown in Fig. 7b, which may provide additional information for
the machine learning algorithm.
The imagery from the UAS could also be used by volunteers to count
plastic items found in each image (of known size), which could provide
supplementary data to beach cleanups and in-situ citizen science pro
jects or could supplement and validate other methodologies used during
beach cleanup campaigns, such as paper and pencil checklists.

3.2.5. SDG 15, Indicators 15.1.1, 15.2.1, 15.4.2
Indicator 15.1.1 is forest area as a proportion of total land area, where
the methodology for this indicator is based on national reporting to the
UN Food and Agriculture Organization’s Forest Resource Assessment
(FAO-FRA) every five to ten years. Indicator 15.2.1 is progress towards
sustainable forest management, which is composed of five sub-indicators:
(i) Forest area annual net change rate; (ii) Above-ground biomass stock in
forest; (iii) Proportion of forest area located within legally established protect
areas; (iv) Proportion of forest area under a long-term forest management
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Fig. 8. (a) Map of the location of the tiles provided to Picture Pile including the ones where marine litter was identified, which was used to produce (b) a litter
density map.

plan; and (v) Forest area under an independently verified forest management
certification scheme. Sub-indicator (i) is calculated by FAO from forest
area reports over time while the other sub-indicators are reported to
FAO as part of the FAO-FRA exercise. Where there are missing data for a
country, FAO makes an estimate based on previous assessments, remote
sensing and/or information from the literature. Indicator 15.4.2, which
is the Mountain Green Cover Index, is also managed by FAO. It is calcu
lated as green areas (defined as forest, grassland, cropland and wetland),
taken from the annually produced land cover product from the Climate
Change Initiative of the European Space Agency (ESA-CCI), divided by
mountainous area (defined above 300 m elevation), calculated from a
global mountain layer developed by Kapos et al. (2000).
For each of these indicators, Picture Pile could provide reference data
on forests to complement the estimates of forest area, particularly if
remote sensing is used, or to improve the data set on green areas, which
is currently based on the ESA-CCI yet has been shown to both over and
underestimate cropland when compared to FAO statistics (Liu et al.,
2018). Hence, reference data on cropland could be useful to improve
estimates of this land cover type in mountainous area (see Section 3.2.2).
The Urandata land cover campaigns, run in Indonesia as part of the
RESTORE+ project (RESTORE+ Consortium, 2020) on land restoration,
are also examples of data collection campaigns that could contribute
land cover reference data to improving the underlying land cover data
sets at the national level.
The calculation of sub-indicator (i) of 15.2.1 could also be supported
by Picture Pile, e.g., through a campaign that is used to collect data on
deforestation (Fig. 1a), where the results for Tanzania are shown in
Fig. 9. The amount of deforestation can be used to support the estimate
of the forest area annual net change rate, which is calculated by FAO.
Countries can verify these estimates if they have better information on
deforestation. Therefore, Picture Pile could provide a direct contribution
to the monitoring of these indicators.

Fig. 9. A map of the data collected for Tanzania in the Picture Pile deforesta
tion campaign showing areas where the majority found evidence of deforesta
tion and locations where deforestation may have occurred.

4. Discussion
Monitoring the SDGs is key to their achievement. However, official
statistics alone will not be capable of producing information on the scale
needed to measure progress on the SDGs and populate the SDG indicator
framework. As noted above, more than 40% of the SDG indicators are
still Tier 2, and many of the Tier 1 indicators still suffer from significant
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data gaps. To fill this gap, new approaches to data collection and pro
duction will be needed (MacFeely and Nastav, 2019). Citizen science is
one of the new data sources that could complement and enhance official
statistics. In what has been characterized the ‘Data Revolution’, the data
ecosystems in which NSSs operate now include not just administrative
data, but big data in all of its myriad forms and crowdsourced or citizen
generated data. Consequently, this is a timely research topic for the
direction and future of SDG monitoring and implementation, as ways to
improve official statistics using citizen science tools, and approaches are
being widely debated within the citizen science and statistics commu
nities – see, for example, the Bogota Declaration (UN, 2017); the Dubai
Declaration (UN, 2018a); or the UN Statistical Commission Seminar on
Emerging Issues (UN, 2019). However, there are only a few studies that
discuss the potential of such tools in a way that directly addresses the
needs and concerns of official statistics compilers and users (Fritz et al.,
2019; Ajates et al., 2020; Fraisl et al., 2020).
Here we have shown that Picture Pile, a citizen science tool that
combines EO and crowdsourcing approaches, could contribute to the
monitoring of fifteen SDG indicators under goals 1, 2, 11, 13, 14 and 15.
In terms of the type of contributions, Picture Pile could support the
monitoring of eight indicators directly and seven indicators in a sup
plementary way, which aligns with the findings of Fraisl et al. (2020).
The analysis presented in this paper is based on the Picture Pile cam
paigns undertaken to date, which are summarized in Table 1.
In terms of tier classification, some of the indicators that could
benefit from Picture Pile are currently Tier I with an internationally
established methodology and regular data production (e.g., 11.1.1,
15.1.1, etc.), whereas the others are Tier II with existing methodologies
but no regular data production (e.g., 2.4.1, 11.5.2, etc.). Even though
Picture Pile has greater potential for input to Tier II indicators, as a data
gap exists, it also offers potential for Tier I indicators, which requires
that data are produced regularly by at least 50% of the countries. Even
for countries that have data available for Tier I indicators, they may not
have these data consistently over time, with sufficient timeliness or with
adequate coverage to facilitate any meaningful disaggregation.
Picture Pile also offers a great potential for monitoring of the in
dicators concerning ecosystem health. There are a number of SDG in
dicators that capture ecosystem extent, ecosystem health or other
environmental quality issues in the SDG framework (e.g., 6.3.2 on water
quality, 6.6.1 on water-related ecosystems, 15.1.1. on forest ecosystems,
15.3.1 on land degradation, etc.). These indicators are based largely on
remote sensing data. Although the current data products provide data
layers related to the overall extent of ecosystems, there is a lack of
available information related to the health of different ecosystems –
ecosystems are designated in a binary fashion as present or absent.
Picture Pile has the potential to add an additional layer of analysis that
could be used to create a gradient of ecosystem health. The use of Picture
Pile for the SDGs would thus allow policy makers to identify when
ecosystem health is declining and develop targeted interventions before
it is too late, and the ecosystem has been damaged irreparably or dis
appeared completely. Additionally, Picture Pile could be used to bring
additional remote sensing data into the analysis through the creation of
training data and can be used to improve the resolution of the current
analytical products, helping realize the value of triangulating citizen
science, EO, and ML.
Even though not yet experimented with via a campaign, other SDG
indicators could also benefit from Picture Pile, such as 6.4.2 Level of
water stress: freshwater withdrawal as a proportion of available freshwater
and 11.7.1 Average share of the built-up area of cities that is open space for
public use for all, by sex, age and persons with disabilities by providing maps
of open and green spaces in cities, among others.
Picture Pile also has the potential to support SDG monitoring efforts
by providing an open, free and easy-to-use platform that allows users to
set up and run their own crowdsourced image classification campaigns
that could be used to train ML algorithms as part of a European Research
Council (ERC) funded project. By providing mechanisms to ensure data

quality, such as collecting multiple classifications per image by different
users, which can provide confidence in the results or providing training
images with instructions, the newly established Picture Pile Platform will
improve the accuracy of the data collected by any user, which is of
utmost importance for measuring progress towards the SDGs more
rigorously.
Some limitations in the use of Picture Pile for SDG monitoring, which
are also applicable to other citizen science tools and other new sources of
data, such as lack of human capacity and financial resources may retard
implementation. Other issues, for example, data protection and privacy
related issues may also need to be teased out. However, as the Picture Pile
Platform will adhere to the FAIR (Findable, Accessible, Interoperable
and Usable) principles and will operate in compliance with the EU
General Data Protection Regulation (GDPR), most governance and pri
vacy issues should already be addressed. Users will be required to agree
to a set of Terms and Conditions that will clearly set out what data are
being collected, how the data are being used, and the option to delete
any data upon request. Another important consideration is the type of
task asked of the volunteers and whether the answers may be influenced
by socio-economic background, world view or geographical location, e.
g., in the campaign on slum mapping. Thus, careful consideration of the
types of questions asked and the guidance provided to the users, which
should be as culturally neutral as possible, is needed.
It is important to highlight that this paper is not an attempt to present
Picture Pile or any other citizen science tool and new source of data as a
way to replace traditional sources of data, but instead, as a way to
complement and enhance them. It is essential to be aware of the limi
tations and advantages of such tools and data they produce and try to
minimize them while designing a data collection activity, analyzing the
data produced and deriving results from them.
5. Conclusions, recommendations and future work
This paper outlined the potential of Picture Pile as a citizen science
tool for SDG monitoring, particularly for countries and indicators where
data are currently lacking. The analysis reveals that Picture Pile could
directly contribute to the monitoring of eight indicators, and support
seven indicators by providing supplementary information. In total,
Picture Pile could contribute to the monitoring of fifteen indicators.
Picture Pile, as with many other citizen science tools and initiatives,
could also help make the SDGs and other national goals local, encour
aging citizens to get involved in SDG monitoring and reporting efforts
while remaining scientifically independent of any political or SDG
organizational processes. It could also help mobilize action by raising
awareness of relevant environmental and societal challenges. However,
providing a precise assessment on the impact of Picture Pile on SDG
achievement requires a well-designed and targeted impact monitoring
and evaluation approach. Additionally, understanding volunteer moti
vation is essential for recruiting and retaining volunteers in citizen sci
ence initiatives to produce high-quality results. Therefore, research is
needed to understand participant motivations and relevant design im
provements in Picture Pile.
Further, if Picture Pile is to be used for SDG monitoring, the potential
of this tool must be showcased to governments, NSOs and relevant
custodian agencies. Forums, such as the WeObserve SDGs and Citizen
Science Community of Practice (SDGs CoP), the UN World Data Forum,
the International Conference on Big Data for Official Statistics, the UNEP
Science Policy Business Forum and other relevant conferences and
platforms could be used. Peer-reviewed publications and reports, as well
as discussions and partnerships with the relevant custodian agencies,
such as the FAO and UNEP could also be explored. Additionally, NSOs
need to be guided and supported in how to use Picture Pile to address
their data gaps and needs. Picture Pile is currently being operationalized
into the Picture Pile Platform, which will provide a service where users
can run their own campaigns with no associated costs. This will make it
easier for countries to use Picture Pile for SDG monitoring. At the same
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time, step-by-step guidelines and how-to manuals will be required to
support countries in using Picture Pile. In addition, we plan to incor
porate a visualization tool on the platform so that any data collected can
be mapped in near-real-time, which can then be linked to information
about how the data will be or are being used. In this way, the platform
will engage users beyond simple data collection.
Another important step could be the development of best practice
‘use cases’ in cooperation with pioneering NSOs, line ministries and
other relevant governmental agencies, to illustrate how Picture Pile can
be used for SDG monitoring. In this regard, the treatment of confidential
data will be of paramount importance to NSOs, where adherence not
only to the UN Fundamental Principles for Official Statistics (UN, 2014),
but also their own national statistical legislation will never be far from
the minds of national statisticians. Additionally, in cases where gov
ernments are not willing to use Picture Pile or citizen science data more
broadly, mainly for political reasons or lack of priorities and resources,
this approach becomes even more relevant as an effort to democratize
science and policy and to keep governments accountable, particularly in
situations where the government cannot control the collection of data.
Capacity building to enable citizen engagement and the use of mobile
technology for data collection are two of the recommendations by Saner
et al. (2018) in the example of human trafficking and the SDGs, where it
is recognized that more needs to be done to fill the data gaps in this
highly sensitive area.
From a broader perspective, the successful uptake of the Picture Pile
tool and results, as well as other citizen science tools, for SDG moni
toring and reporting will require that some mechanism(s) to reassure
NSOs that the data coming from Picture Pile meet the standards of their
national statistical quality assurance frameworks or codes of practice is
established. One step that Picture Pile could consider, in addition to
adopting the FAIR principles, would be to incorporate the UN Funda
mental Principles of Official Statistics and UN Statistical Quality
Assurance Framework (UN, 2018b), into its governance framework.
There are also a number of strategic developments that may assist in
the use of Picture Pile and other citizen science data to official statistics.
In 2020, the Chief Statisticians launched their System-wide Road Map for
Innovating United Nations Data and Statistics (UN, 2020d). This roadmap
is comprised of 3 goals, the first of which is ‘Create new and timely data
solutions’. More explicitly, the ambition of goal 1 is that the UN system
creates new data solutions using multiple data sources that address
emerging policy issues and describe ‘what matters, when it matters’.
Additionally, the ongoing work to put in place a global governance
structure for citizen science through the Global Citizen Science Part
nership (GCSP) will help enormously in this regard, as it will make it
easier for the international statistical system and the citizen science
communities to agree and promulgate standards and accords. A more
long term strategic initiative, that could greatly facilitate a wide range of
secondary data, not just citizen science data, would be the establishment
of formal accreditation or certification mechanisms (as part of NSSs)
that would create pathways for unofficial statistics to be recognized as
official for the purposes of SDG monitoring and reporting (MacFeely and
Nastav, 2019).
Picture Pile, as one of many citizen science tools and initiatives, of
fers great potential for complementing official statistics for SDG moni
toring and reporting in a time- and resource-efficient way. However, its
uptake for SDG purposes is a process that requires time, capacities and
most importantly a change in business-as-usual mindsets and ap
proaches. Building partnerships that include NSOs, governments,
custodian agencies, academia, volunteer groups, Civil Society Organi
zations and other stakeholders will almost certainly be at the heart of
developing future NSSs. It will also be key to building the trust required
to agree on commons goals, that in turn will facilitate the use of Picture
Pile and other citizen science tools and initiatives for SDG monitoring
and impact.
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Malek, Ž., Bungnamei, K., Saikia, A., Sahariah, D., Narzary, W., Danylo, O., Sturn, T.,
Karner, M., McCallum, I., Schepaschenko, D., Moltchanova, E., Fraisl, D.,
Moorthy, I., Fritz, S., 2019. Estimating the global distribution of field size using
crowdsourcing. Glob. Change Biol. 25, 174–186. https://doi.org/10.1111/
gcb.14492.
Liu, X., Yu, L., Li, W., Peng, D., Zhong, L., Li, L., Xin, Q., Lu, H., Yu, C., Gong, P., 2018.
Comparison of country-level cropland areas between ESA-CCI land cover maps and
FAOSTAT data. Int. J. Remote Sens. 39, 6631–6645. https://doi.org/10.1080/
01431161.2018.1465613.
MacFeely, S., 2019. The big (data) bang: opportunities and challenges for compiling SDG
indicators. Glob. Policy 10, 121–133. https://doi.org/10.1111/1758-5899.12595.
MacFeely, S., Nastav, B., 2019. You say you want a [data] revolution: a proposal to use
unofficial statistics for the SDG Global Indicator Framework. SJI 35, 309–327.
https://doi.org/10.3233/SJI-180486.
Marconcini, M., Metz-Marconcini, A., Üreyen, S., Palacios-Lopez, D., Hanke, W.,
Bachofer, F., Zeidler, J., Esch, T., Gorelick, N., Kakarla, A., Paganini, M., Strano, E.,
2020. Outlining where humans live, the World Settlement Footprint 2015. Sci. Data
7, 242. https://doi.org/10.1038/s41597-020-00580-5.
OECD, 2020. Applying a gender lens on the SDGs. How are women & girls doing?
Available at: https://www.oecd.org/sdd/applying-a-gender-lens-on-SDGs-OECD.
pdf.
Papakonstantinou, A., Batsaris, M., Spondylidis, S., Topouzelis, K., 2021. A citizen
science Unmanned Aerial System data acquisition protocol and deep learning
techniques for the automatic detection and mapping of marine litter concentrations
in the coastal zone. Drones 5, 6. https://doi.org/10.3390/drones5010006.
RESTORE+ Consortium , 2020. Mid-Term Report. Addressing Landscape Restoration for
Degraded Land in Indonesia and Brazil. Available at: http://www.restoreplus.org/
uploads/1/0/4/5/104525257/restoreplus_midterm_report_sept2020__final.pdf.
S.D.S.N. TReNDS, 2019. Counting on The World to Act. A Roadmap for Governments to
Achieve Modern Data Systems for Sustainable Development.
Saner, R., Yiu, L., Rush, L., 2018. The measuring and monitoring of human trafficking.
PAP 21, 94–106. https://doi.org/10.1108/PAP-10-2018-011.
Soden, R., Palen, L., 2014. From crowdsourced mapping to community mapping: the
post-earthquake work of OpenStreetMap Haiti. In: Rossitto, C., Ciolfi, L., Martin, D.,
Conein, B. (Eds.), COOP 2014 - Proceedings of the 11th International Conference on
the Design of Cooperative Systems. Springer International Publishing, Switzerland,
pp. 311–326. https://doi.org/10.1007/978-3-319-06498-7_19.
Sturn, T., Wimmer, M., Salk, C., Perger, C., See, L., Fritz, S., 2015. Cropland Capture – A
game for improving global cropland maps. Presented at the Foundation of Digital
Games Conference (FDG 2015), Pacific Grove CA.
Szantoi, Z., Geller, G.N., Tsendbazar, N.-E., See, L., Griffiths, P., Fritz, S., Gong, P.,
Herold, M., Mora, B., Obregón, A., 2020. Addressing the need for improved land
cover map products for policy support. Environ. Sci. Policy 112, 28–35. https://doi.
org/10.1016/j.envsci.2020.04.005.
Tan, M.L., Prasanna, R., Stock, K., Hudson-Doyle, E., Leonard, G., Johnston, D., 2017.
Mobile applications in crisis informatics literature: a systematic review. Int. J.
Disaster Risk Reduct. 24, 297–311. https://doi.org/10.1016/j.ijdrr.2017.06.009.
UN, 2015. Sustainable Development Goals. https://unstats.un.org/sdgs/.
UN, 2020a. Tier Classification for Global SDG Indicators. https://unstats.un.org/sdgs/i
aeg-sdgs/tier-classification/.
UN, 2021a. SDG indicators. United Nations Global SDG Database. https://unstats.un.
org/sdgs/indicators/database/.
UN, 2021b. Metadata for indicator 11.5.2. https://unstats.un.org/sdgs/metadata/files
/Metadata-11-05-02.pdf.
UN, 2021c. Metadata for indicator 1.1.1. https://unstats.un.org/sdgs/metadata/files
/Metadata-01-01-01.pdf.
UN, 2021d. Metadata for indicator 11.1.1. https://unstats.un.org/sdgs/metadata/files
/Metadata-11-01-01.pdf.
UN, 2021e. Metadata for indicator 11.3.1. https://unstats.un.org/sdgs/metadata/files
/Metadata-11-03-01.pdf.
UN Environment, 2019. Measuring Progress: Towards Achieving the Environmental
Dimension of the SDGs. https://wedocs.unep.org/handle/20.500.11822/27627.
UN Global Pulse, 2018. Experimenting with Big Data and Artificial Intelligence to
Support Peace and Security. https://www.unglobalpulse.org/wp-content/uploa
ds/2018/12/experimentingwithbigdataandaitosupportpeaceandsecurity-print-fina
l-181224205158.pdf.
UN Global Pulse, GSMA, 2017. The State of Mobile Data for Social Good Report. https
://www.gsma.com/mobilefordevelopment/wp-content/uploads/2017/06/MobileData-for-Social-Good-Report_29June.pdf.
UN Office for Disaster Risk Reduction , 2016. Technical Collection of Concept Notes on
Indicators for the Seven Global Targets of the Sendai Framework for Disaster Risk
Reduction. https://www.preventionweb.net/documents/oiewg/Technical%20Co
llection%20of%20Concept%20Notes%20on%20Indicators.pdf.
UN, 2014. Fundamental Principles of Official Statistics. Resolution 68/261 adopted by
the General Assembly on 29 January 2014. https://unstats.un.org/unsd
/dnss/gp/FP-New-E.pdf.
UN, 2017. Bogota Declaration. https://unstats.un.org/unsd/bigdata/confer ences/2017/
Bogota%20declaration%20-%20Final%20version.pdf. Presented at the 4th Global
Conference on Big Data for Official Statistics, Bogota, Colombia.
UN, 2018a. Dubai Declaration: Supporting the Implementation of the Cape Town Global
Action Plan for Sustainable Development Data. October 24, 2018. https://

92

D. Fraisl et al.

Environmental Science and Policy 128 (2022) 81–93

undataforum.org/WorldDataForum/wp-content/uploads/2018/10/DubaiDeclaration-on-2030-Agenda_Draft-22-October-2018.pdf.
UN, 2019. Summary on the Update of the System of Economic Statistics. Friday Seminar
on Emerging Issues – The Future of Economic Statistics. 1 March 2019, United
Nations Headquarters, New York. https://unstats.un.org/unsd/statcom/50thsession/sideevents/ documents/20190301–1M-Summary_Friday-Seminar-TheFuture-of-Economic-Statistics.pdf.
UN, 2020b. Tier Classification for Global SDG Indicators as of 28 December 2020.
Available at: https://unstats.un.org/sdgs/files/Tier%20Classification%20of%20SDG
%20Indicators_28%20Dec%202020_web.pdf.
UN, 2020c. SDG Indicators. Metadata repository. https://unstats.un.org/sdgs/metadata/
.
UN, 2020d. System-wide Road Map for Innovating United Nations Data and Statistics.
United Nations System - Chief Executives Board for Coordination. CEB/2020/1/
Add.1. https://unstats.un.org/unsd/unsystem/documents/Roadmap-Innovating%20
UN%20Dat%20and%20Statistic.pdf.

UN, 2018b. UN Statistics Quality Assurance Framework. https://unstats.un.org/unsd/
unsystem/documents/UNSQAF-2018.pdf.
UNEP, 2021. Understanding the State of the Ocean: A Global Manual on Measuring SDG
14.1.1, SDG 14.2.1 and SDG 14.5.1. UNEP, Nairobi, Kenya.
UNISDR, 2017. Technical Guidance for Monitoring and Reporting on Progress in
Achieving the Global Targets of the Sendai Framework for Disaster Risk Reduction.
Collection of Technical Notes on Data and Methodology. https://www.unisdr.org/fi
les/54970_techguidancefdigitalhr.pdf.
UNOOSA, 2018. European Global Navigation Satellite System and Copernicus:
Supporting the Sustainable Development Goals. Building Blocks Towards the 2030
Agenda. http://www.unoosa.org/res/oosadoc/data/documents/2018/stspac
e/stspace71_0_html/st_space_71E.pdf.
UN ESCAP, 2020. Asia and the Pacific SDG Progress Report 2020. United Nations,
Bangkok, Thailand.
Wuebben, D., Romero-Luis, J., Gertrudix, M., 2020. Citizen science and citizen energy
communities: a systematic review and potential alliances for SDGs. Sustainability 12,
10096. https://doi.org/10.3390/su122310096.

93

