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Abstract
The development of remotely sensed products such as land cover requires large amounts of
high-quality reference data, needed to train remote sensing classification algorithms and for
validation. However, due to the lack of sharing and the high costs associated with data collection,
particularly ground-based information, the amount of reference data available has not kept up
with the vast increase in the availability of satellite imagery, e.g. from Landsat, Sentinel and Planet
satellites. To fill this gap, the Geo-Wiki platform for the crowdsourcing of reference data was
developed, involving visual interpretation of satellite and aerial imagery. Here we provide an
overview of the crowdsourcing campaigns that have been run using Geo-Wiki over the last decade,
including the amount of data collected, the research questions driving the campaigns and the
outputs produced such as new data layers (e.g. a global map of forest management), new global
estimates of areas or percentages of land cover/land use (e.g. the amount of extra land available for
biofuels) and reference data sets, all openly shared. We demonstrate that the amount of data
collected and the scientific advances in the field of land cover and land use would not have been
possible without the participation of citizens. A relatively conservative estimate reveals that citizens
have contributed more than 5.3 years of the data collection efforts of one person over short,
intensive campaigns run over the last decade. We also provide key observations and lessons learned
from these campaigns including the need for quality assurance mechanisms linked to incentives to
participate, good communication, training and feedback, and appreciating the ingenuity
of the participants.

1. Introduction

Data from satellite remote sensing can provide com-
prehensive spatial and temporal coverage of the Earth.
In the past, these data have been used to map many
different environmental variables of interest, includ-
ing land cover and various types of land use (Szantoi
et al 2020), vegetation extent as well as biomass, tree
species, crop types (Atzberger 2013, Grabska et al
2019, Santoro et al 2021), and human settlements
(Corbane et al 2017), among many others. Although
Landsat was first launched in 1972, it was the opening
up of the Landsat archive in 2008, along with increas-
ing computer power and storage, that has resulted in

the proliferation of many new applications (Zhu et al
2019). The data from Landsat are now complemen-
ted by the Sentinel satellites from the European Space
Agency, satellites from other national space agencies,
the new generation of nanosatellites as well as very
high-resolution imagery openly available for viewing
through Google Earth and Microsoft Bing Maps.

This exponential growth in big data from remote
sensing has, however, not seen similar increases in the
availability of reference data; these are needed to sup-
port the training of remote sensing algorithms and
the validation of remotely sensed products, which are
still largely lacking in many areas (Szantoi et al 2020).
This paucity of reference data also impacts the overall
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accuracy of remotely sensed products, where large
amounts of high-quality reference data have already
been shown to be more important than the choice of
the classification algorithm for improving the accur-
acy of the final product (Maxwell et al 2018). For
example, the number of global land cover products
now available has increased over the last two dec-
ades due to the growth in satellite imagery available,
yet there has been little improvement in the over-
all accuracy of these products (Herold et al 2016).
Moreover, both training and validation data have tra-
ditionally been collected on the ground, but this is
expensive and not always possible, particularly in the
case of validation data where the locations in the stat-
istical sample may not be physically accessible and
hence could lead to underrepresentation in the ref-
erence data set. One of the few openly available ref-
erence data sets available for use in remote sensing
is the Land Cover/Use Area Frame Survey (LUCAS),
which takes place every three years and involves data
collection in the field (Eurostat 2019). It consists of a
systematic sample containing around 300K locations
across countries in the European Union, but it is a
costly exercise (Laso Bayas et al 2020). The data are
also collected at single coordinates, so they do not
provide the area-based data needed for remote sens-
ing, although amodulewas recently added to the 2018
LUCAS to address this shortcoming (D’Andrimont
et al 2021). However, not all LUCAS data are sur-
veyed on the ground, but some locations are visu-
ally interpreted from satellite and aerial imagery. In
fact, there has been an increasing trend to build train-
ing and validation data sets from visual interpreta-
tion of satellite and aerial imagery, which can provide
data of a comparable quality to field-based ground
truth data (Copass et al 2018). However, much of
the reference data used in remote sensing is not
openly shared.

For this reason, the Geo-Wiki platform was
developed, which involves citizens in the collection of
reference data through visual interpretation of very
high-resolution satellite and aerial imagery (Fritz et al
2012). This application has been used in numer-
ous crowdsourcing campaigns since 2011, where each
campaign has been framed around data collection
to answer a specific research question. Much of this
research has been published as individual papers, e.g.
Fritz et al (2013b) and Lesiv et al (2019), but there has
been no attempt at reflecting on the collective contri-
butions of these campaigns and the lessons learned
through a decade of experience in crowdsourced ref-
erence data collection. Hence, the aim of this paper
is to demonstrate how crowdsourcing using the Geo-
Wiki platform has contributed to improving land
cover and land use reference data sets and products,
which would not have been possible without the par-
ticipation of citizens. We also present the lessons that
have been learned throughout this process of run-
ning campaigns with Geo-Wiki and how these can

guide future crowdsourcing and participatory efforts
in land cover and land use science.

2. The Geo-Wiki platform

The Geo-Wiki platform was developed in 2009 as a
way of visualizing the three main global land cover
maps available at the time, i.e. GLC-2000 (Fritz et al
2003), MODIS v.4 (Friedl et al 2002) and Glob-
Cover 2005 (Defourny et al 2006), in a single place,
displayed on top of very high-resolution satellite
imagery from Google Earth. The interface allowed
users to zoom into any location, view the area covered
by individual pixels from these three products, and
then indicate if the land cover class matched what
the users could see from the imagery (see figure
S1 in the supplementary material available online
at stacks.iop.org/ERL/17/065003/mmedia). This was
also part of ongoing research highlighting the large
disagreements between the three global land cover
products (Fritz et al 2011), and layers of dis-
agreement were provided in Geo-Wiki to guide
the contributions.

However, there was little incentive for citizens to
provide us with this information, and hence, very
little reference data were collected. To increase par-
ticipation, it became clear that crowdsourcing cam-
paigns were needed, with clear scientific research
questions and appropriate incentives. Hence, new
capabilities were added to Geo-Wiki to collect data
in ‘campaign’ mode, where campaigns were run for
finite periods of time and prizes were offered to
incentivize participation. The first campaign, entitled
‘Human impact’, was focused on validating maps of
land availability for biofuels, produced by Cai et al
(2011). They used a top-down approach to combine
different coarse resolution layers to derive estimates
of the additional land available for bioenergy pro-
duction. To validate these maps and revise the estim-
ates, Geo-Wiki was used to collect data on land cover
and the degree of human impact using a sample of
pixels drawn from the land availabilitymap (see figure
S2 in the supplementary material). The results from
the campaign demonstrated that the original estim-
ates of land availability for biofuel production were
far higher than they should be, which led to a con-
siderable downward adjustment (Fritz et al 2013b).
We also included the top ten data collectors as co-
authors on the publication as an incentive, which is
also being advocated by others in the field of citizen
science (Ward-Fear et al 2020).

3. The Geo-Wiki crowdsourcing
campaigns

Since the ‘Human Impact’ campaign, we have run
an additional nine campaigns with Geo-Wiki, which
are summarized in table 1. Each campaign had a
clear research question, which was intended to act
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as an intrinsic motivation to participate, i.e. the
altruistic idea of helping to make advances in sci-
entific research. We maintained co-authorship as an
incentive as well as adding small prizes in the form
of Amazon vouchers. Table 1 also shows that the
amount of data collected per campaign has increased
over time while the duration of the campaigns has
decreased. Moreover, the number of unique obser-
vations relative to the total has also increased with
each campaign; this was a result of gaining a bet-
ter understanding of how much data could realist-
ically be collected and the desire to collect a min-
imum number of observations at each location from
the Cropland campaign (table 1) onwards for qual-
ity control. Finally, we modified some campaigns to
gather sub-pixel information, starting with the Crop-
land campaign. Instead of identifying whether crop-
land was present in a single pixel of 300m, we divided
it into a grid of 5 × 5 cells (of 60 m each) and asked
volunteers to shade those cells where cropland was
present (see figure S3 in the supplementary material).
This increased the complexity of the task but also the
information richness, allowing us to create percent-
age values for each grid cell rather than only domin-
ant presence of cropland.

Based on table 1, the total number of observa-
tions collected through these ten campaigns has been
around 1.68 million at around 533K unique loc-
ations. Although each campaign involved different
visual interpretation tasks, each of which took a dif-
ferent amount of time to complete, if we assume 10 s
on average as a very conservative estimate, with an
8 hour day and a 220 day working year, this equates
to more than 2.5 years of effort. If this is raised to 20 s
on average per observation (e.g. to account for shad-
ing of sub-pixels), this value increases to more than
5.3 years, which is still relatively conservative. Hence,
the collective contribution of the citizens from Geo-
Wiki during the past decade has been considerable.

Table 2 is a summary of the outputs from the cam-
paigns, written up as scientific papers, as well as the
open-source publication of the reference data in vari-
ous data repositories. Not only have the Geo-Wiki
volunteers helped us to increase the amount of refer-
ence data available for remote sensingmore generally,
they have also indirectly contributed to the develop-
ment of new layers (e.g. the forest managementmap),
hybridmaps (e.g. global land cover and forest extent),
and new global estimates (e.g. agricultural field sizes).
This collective body of research in land cover and
land use, driven by crowdsourcing, would not have
been possible without the participation of citizens.
As the data and products have been openly shared,
there are also examples of usage in further studies,
e.g. the field size layer from Fritz et al (2015) was
used as an input to a study on nutrients from farming
(Herrero et al 2017), the hybrid cropland layer derived
from crowdsourcing (Fritz et al 2015) has been used

to allocate crop types globally in the SPAM database
(Anderson et al 2014) while the drivers of tropical
forest loss data set was used to examine the drivers
within protected areas (Fritz et al 2022). We expect
to see other uses of the data for scientific research
in the future, whether as data to train classification
algorithms or as new input layers to models.

4. Key observations and lessons learned

As we gained experience through subsequent cam-
paigns, we modified the campaign workflow based
on key observations and lessons learned. These are
summarized below:

4.1. Campaigns should be short and intense, and
provide incentives and recognition for
participation
One of the early lessons we learned is that some
type of incentive linked to a finite campaign dura-
tion can result in a critical mass of contributors will-
ing to participate. From the very beginning, we used
co-authorship and small prizes as incentives, which
have remained throughout all ten campaigns. How-
ever, we have increased the number of contributors
that could receive co-authorship and/or small prizes
from10 to around 30.We observed that contributions
declined once the ranking of contributors was estab-
lished, which discouraged participation from those
no longer in contention for a prize. Hence, we wanted
to encourage as much participation as possible, even
if the incentives were quite small near the bottom of
the ranking. Without these incentives in place, we are
convinced that participation would not have been as
high. This is quite different from citizen science pro-
jects that are continuously collecting data, e.g. eBird,
because they simultaneously fulfil the ongoing needs
of an existing birdwatching community (Sullivan et al
2014).We alsomoved from campaigns that took place
over a three-month period (e.g. Human impact) and
condensed these to periods of less than one month
(table 1), which was based on feedback from the par-
ticipants. However, it is also a function of the cam-
paign incentives, which drive participants to compete
against one another for co-authorship andprizes.Our
approach also has similarities to a mapathon (Quill
2018) or a BioBlitz (Lundmark 2003), both of which
concentrate efforts over short periods of time. Finally,
we need to find better ways to recognize our con-
tributors, especially those who have participated in
multiple campaigns. Ideas include certificates that
acknowledge participation across all campaigns and
the use of titles, e.g. expert in visual interpretation of
cropland or trainer when used in classroom settings,
using techniques from other citizen science projects
as surveyed by Reeveset al (2017).
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4.2. Goodmethods are needed to ensure data
quality
The quality assurance methods used during the cam-
paigns have evolved over time. However, they have
all used expert control points, i.e. locations where
experts visually interpret the imagery and agree on
the answer as a way of comparing answers from par-
ticipants with a gold standard. Moreover, we have
always combined the amount of contribution with
the quality to ensure that participants take the need
to provide high quality data seriously. Here is a sum-
mary of this evolution:

• During the first five campaigns, we used a small
number of expert control points (i.e. between 60
and 300). Each participant had to visually inter-
pret these control points at the start of the com-
petition. We then weighted the number of contri-
butions by the quality based on the agreement with
the expert control points, adjusting the leaderboard
at the end.

• In these early campaigns we did not systematically
gather more than one observation at each location
but relied on the expert control points for determ-
ining quality so there was no option to do some
type of data aggregation post-campaign, e.g. using
majority voting (Kestler et al 2011).

• In the latter campaigns, we adopted a more
dynamic approach. First, we gathered a much lar-
ger number of control points so that these could
be provided to participants during the entire cam-
paign and could be linked to the scores. We adjus-
ted the formulas for scoring across these different
campaigns based upon experience and user beha-
vior. For example, the formulae for the scoring of
the field size campaign is provided in Lesiv et al
(2019), but we soon realized two major issues: (i)
the participants could see a pattern to the allocation
of control points, which was not random enough;
and (ii) the participants were not penalized enough
for certain behaviors such as choosing to say there
is 0% cropland when one of the sub-pixels con-
tained cropland in order to classify the imagesmore
quickly. We then tweaked these formulae and the
scoring with each subsequent campaign; these dif-
ferent approaches to the randomdelivery of control
points and the scoring are documented in differ-
ent research papers describing the various cam-
paigns (table 2) but see the supplementary inform-
ation in See et al (2022) for an example of the latest
approach taken.

• Finally, in these latter campaigns, we required each
location in the sample to be visually interpreted a
minimum number of times (from 3 to 5) so that
we could apply different approaches to aggregat-
ing the crowdsourced data into a consolidated ref-
erence data set. See, e.g. Laso Bayas et al (2022)
in which they used the agreement between parti-
cipants and the overall quality to filter the data.

From these experiences, we have learned that con-
trol points, a dynamic process of quality control dur-
ing the campaign and post-processing of the data
using multiple observations from each location are
three essential elements for producing a high-quality
reference data set. How these have been implemen-
ted has varied across the campaigns but we will con-
tinue to refine this combination of approaches for
future campaigns.

4.3. Communication, training and feedback are key
components to any successful campaign
This observation may seem like commonsense, but
communication, training and feedback all require
considerable resources that must be planned for. We
learned that participants need sufficient notice of the
start of a campaign (communicated through email,
our website, our newsletter, Facebook and Twitter)
but that good and constant communication during
the campaign has been absolutely critical. For the first
time in the last campaign on ‘Drivers of tropical forest
loss’, we used theDiscordmessaging tool so that parti-
cipants could have a dedicated chat channel for inter-
action within the group and with the experts, which
was well received (Laso Bayas et al 2022). In addi-
tion to a training video and a gallery with examples as
guidance on visual interpretation, we added an ‘Ask
the Expert’ button to the Geo-Wiki interface. When
pressed by a user, it would send an email to the Geo-
Wiki team with a link to the image for interpretation.
The email was then answered by someone from the
team as soon as possible; some answers were also pos-
ted on Facebook so that other participants could learn
from these queries. In the case of the Field size cam-
paign, the task was quite complex, so the Geo-Wiki
teammade short videos during the campaign to illus-
trate answers to incoming queries (Lesiv et al 2019).
For future campaigns, wewill continue to invest heav-
ily in supporting the participants using all of these dif-
ferent communication channels and resources.

4.4. The experts are not always right
In later campaigns, we substantially increased the
number of control points used in the competition
because of the link to the quality control mechan-
ism and the scoring of points (see section 4.2 above).
Building up a control data set took a considerable
amount of time, and it was not always possible to
collect data from multiple experts at more than one
location. Visual interpretation is also subjective, and
studies have shown that experts do not always agree
(Van Coillie et al 2014). Hence, we asked the volun-
teers to use the ‘Ask the Expert’ button for feed-
back but also to challenge the expert in their inter-
pretation. If the user was found to be correct, then
they either received bonus points, or as a minimum,
they had their scores revised (e.g. Laso Bayas et al
2022, See et al 2022). This also helped us to improve
the expert control data set as the competition ran.
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But in the majority of cases, the users were incor-
rect, and this allowed us to have a dialogue with
users and help them to learn from their mistakes. The
main lesson here is that much more time should be
invested in building a very good control data set for
each campaign.

4.5. Do not waste the time of your contributors
In latter campaigns, we chose the size of the sample
and the number of times each location could be inter-
preted based on what could be collected over a short
period of time while still obtaining multiple obser-
vations at each location for quality control purposes.
We did, however, increase the amount of data collec-
ted in latter campaigns considerably once we gained
experience with what was achievable (e.g. Lesiv et al
2019). In the future we would like to move towards
an automated system whereby the number of times
a location is provided to the crowd is based on the
statistical probability that it is correct with a certain
confidence, thereby removing locations that are easy
to interpret and targeting the efforts towards loca-
tions that aremore difficult to visually interpret based
on, e.g. Bayesian approaches (Salk et al 2022). In this
way we could maximize the time and effort of the
contributors and not use the simple approach of a
minimum number of observations at each location.
Ultimately, we would like to use the data in machine
learning approaches, which require large amounts
of input data. Hence, using more intelligent meth-
ods for optimizing contributor time is a priority for
the future.

4.6. Do not underestimate human ingenuity and
the desire to win
In each campaign, we discovered loopholes that were
exploited by some participants or behaviors thatmax-
imized their ranking on the leaderboard (and hence
their contention for a prize). In some cases, parti-
cipants alerted us to these loopholes as they could
see this behavior occurring during the campaign. For
example, in the built-up campaign, equal points were
awarded for built-up and non-built-up images, but
non-built-up images were much easier to interpret.
Hence, a small set of users refreshed their browser
to avoid built-up areas. We stopped the campaign
once this was discovered, removed the non-built-up
areas from the control set and resumed the campaign
(See et al 2022). In the next campaign, we fixed this
issue technologically. In another campaign, one user
programmed a bot to increase the number of con-
tributions and hence their ranking on the leader-
board. Once discovered, this user and their data were
removed from the campaign (Laso Bayas et al 2022).
We were surprised at these types of behaviors, but
we acknowledge that it is a function of the incent-
ive scheme that we have developed over time. Based

on questionnaires administered after each campaign
from the Cropland Campaign onwards, the major-
ity of participants selected ‘helping science’ as one
incentive for participation (Laso Bayas et al 2017,
2022, See et al 2022). Co-authorship has clearly been
a strong motivator given the academic backgrounds
of many of the participants. However, we are also
increasingly aware that the nature of the competition
in the campaigns has generated behaviors that are
not always altruistic. In contrast, we have also exper-
ienced participants donating the monetary value of
the Amazon vouchers to the student program at the
International Institute of Applied Systems Analysis
(IIASA). Overall, we feel that the incentives used have
been successful, and we will continue to refine this
type of model in the future.

5. Conclusions

By involving citizens in the visual interpretation of
very high-resolution satellite imagery via the Geo-
Wiki platform, we have been able to collect much
more data than would be possible using only research
scientists. By running several different campaigns
focused on a range of research questions related to
improving the reference data available for remote
sensing applications as well as using the data to cre-
ate new layers or new global estimates, e.g. of field
size distributions, we have been able tomake scientific
advances in the field of land cover and land use.

In addition to Geo-Wiki, crowdsourcing is also
being used in other remote sensing applications. For
example, reference data were collected via crowd-
sourcing in collaboration with Google for validat-
ing a built-up surface layer (Marconcini et al 2020)
although the reference data are not openly shared.
Moreover, a recent review by Saralioglu and Gungor
(2020) reveals the considerable extent to which
crowdsourcing is being used for visual interpreta-
tion. Hence, it is evident that citizen science and
crowdsourcing are being used for improving refer-
ence data sets more generally but that the poten-
tial is still largely untapped. This is reflected in the
increasing appearance of citizen science and crowd-
sourcing in proposal call texts as well as legislation
that acknowledges citizen generated data as a valid
source of information for decision making (Fritz
et al 2019). Hence, the next decade should see many
more examples of involving citizens in reference
data generation.

Data availability statement

The data that support the findings of this study
are openly available at the following URL/DOI:
https://doi.pangaea.de/10.1594/PANGAEA.869682.
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