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ABSTRACT
Current satellite-derived global land-cover products, which
are crucial for many modelling and monitoring applications,
show large disagreements when compared with each another.
To help improve global land cover (in particular the cropland
class), we developed a game called Cropland Capture. This
is a simple cross-platform game for collecting image classi-
�cations that will be used to develop and validate global
cropland maps in the future. In this paper, we describe
the game design of Cropland Capture in detail, including
aspects such as simplicity, e�ciency in data collection and
what mechanisms were implemented to ensure data quality.
We also discuss the impact of incentives on attracting and
sustaining players in the game.

Categories and Subject Descriptors
D.2.2 [Software Engineering]: Design Tools and Tech-
niques; K.8.0 [Personal computing]: General-Games

Keywords
Cropland Capture, Serious Games, Crowd-Sourcing, Geo-
Wiki, Landspotting, Global Cropland Maps

1. INTRODUCTION
Over the last decade, a number of global satellite-derived
land-cover products have been developed, e.g., MODIS [17],
GlobCover [20] and GLC-2000 [21]. These products are im-
portant for monitoring, assessment and modeling purposes,
yet when compared with each another, they show huge spa-
tial disagreements [13]. For example, MODIS, GlobCover

and GLC-2000 have a forest and cropland disagreement of
893 million hectares, and estimates of cropland di�er by
up to 20%, which makes these maps highly uncertain [26].
Knowledge of cropland extent is crucial for applications in
the �eld of food security, e.g., to assess yield and production
gaps or to estimate potential yield losses that could occur
as a result of wide-spread drought or other anomalies that
negatively a�ect crop production [14].

To improve these global land-cover products, the Geo-Wiki
[25] tool was developed. Geo-Wiki is a visualization, crowd-
sourcing and validation platform in which volunteers clas-
sify high-resolution satellite imagery. Through a number
of di�erent Geo-Wiki crowdsourcing campaigns, more than
250,000 land-cover pixels (or areas) of varying sizes have
been collected, which were used for both the development
of hybrid land-cover products [15] and for validating exist-
ing maps [27]. However, it has been quite challenging to
gather data through these campaigns, where the incentives
used were small prizes and co-authorship on scienti�c pub-
lications.

Therefore, as a way of increasing crowd participation in Geo-
Wiki, we experimented with a number of di�erent game pro-
totypes in the LandSpotting project [29]. These included
a strategy game running on Facebook that was based on
the game Civilization, a tower defence game [28], a tag-
ging game, and a game in which users arranged tiles into
pictures, while simultaneously classifying land cover. From
these games we learned a great deal about what works and
the need to simplify the game mechanics as much as possible.

In this paper, we present our latest and so far most suc-
cessful game, called Cropland Capture (Figure 1), a simple
cross-platform application for collecting information about
the presence or absence of cropland on the Earth’s surface.
The data collected will be used to improve global cropland
maps in the future.

First, the design goals and game mechanics of Cropland
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Figure 1: Cropland Capture running on multiple

platforms.

Capture are described, in particular how we attempted to
make the game as e�cient as possible, how correctness was
ensured through the mechanism of output agreement and
which incentives for playing the game were provided. This is
followed by a presentation of the results of the game. Here
we show that the game is very e�cient in collecting im-
age classi�cations. The correctness of the data that were
collected are then discussed, in particular, how much the
mechanism of output agreement was able to preserve cor-
rectness. We then discuss the e�ect of the incentives on
persuading players to play the game and how the game was
received by the players. Finally, conclusions are provided
and some information about how the lessons learned from
Cropland Capture are being implemented in the next game,
which will be launched in the spring of 2015.

2. RELATED WORK
The idea of using games for a scienti�c purpose (GWAP,
games with a purpose) is not new, and some games have
already been able to very impressively help science. One of
the most famous examples is FoldIt [23, 24], a puzzle-like
game in which the players fold proteins. Within ten days,
the FoldIt players have, for example, accurately determined
the crystal structure of M-PMV, an AIDS-like virus infect-
ing apes, which had been an unsolved problem for scientists
despite 15 years of previous research e�ort. Just recently,
with the help of the 230,000 FoldIt players, a new algorithm
for protein folding was developed that outperforms previ-
ously published methods [4]. The game EyeWire [8], which
is a game about mapping the brain, has already been played
by more than 160,000 people.

The process of obtaining help from a large group of people is
often called crowdsourcing [7] or citizen science [22], which
is the broader involvement of citizens in a range of scienti�c
activities from data collection to data analysis and research
design. A successful example of a citizen-science project
is Galaxy Zoo [2], in which the users help to discover and
classify new galaxies. Galaxy Zoo 1 was able to collect over
50 million classi�cations done by more than 150,000 users.
As can be seen from the games and citizen-science projects

described above, there are already many projects yielding
impressive scienti�c results.

Several types of game mechanics have already been devel-
oped to gather correct meta-information through games.
One group of GWAPs are the so-called output agreement

games, one example being the ESP game [11]. In this game,
two random players have to label a given image (the input).
The more they agree on the labels (the output), the higher
the scores they achieve { hence output agreement. As of
July 2008, 200; 000 players had contributed more than 50
million labels in this game.

Another group of GWAPs are described as input agreement

games, for example, TagATune [3]. In TagATune, a sound
clip (the input) is presented to two random players, who in
return give a series of labels to the other player as output.
The two players win the game if they both correctly agree
on whether they have heard the same input sound or not.

A third group of GWAPs are called inversion problem games,
for example, the game Verbosity [12]. One player, the de-
scriber, is given a word as input and has to describe this
word to the guesser. The two players only get points if the
output of the guesser represents the input of the describer.
For example, the describer describes the word \milk" with
\white, something to drink, people usually eat cereal with
it". Thus, facts are collected as a side e�ect of playing the
game.

In the image-annotation game Kisskissban [6], a third player,
the blocker, is added, who competes with two other collab-
orative players, the couple. While the couple tries to �nd
consensual descriptions of an image, the blocker’s mission is
to prevent the couple from reaching consensus. The blocker
will try to detect and prevent coalition between the cou-
ple. Therefore, these e�orts naturally form a player-level
cheat-proo�ng mechanism. To evade the restrictions set by
the blocker, the couple would endeavour to produce a more
diverse set of image annotations.

Although the methods described above are good ways for
getting users to deliver input that they agree upon, they do
not always guarantee correct data. As we will show, players
of Cropland Capture were sometimes wrong even if the ma-
jority of people agreed on the answer. One reason for this
was that the players were not trained su�ciently in under-
standing exactly what is meant by cropland. Another reason
was that the game mechanics allowed a strong in
uence of
some players who played the game frequently but who were
sometimes wrong. This is possible because frequent play-
ers determine the initial classi�cation for many tiles and are
thereby able to in
uence other players. This means that the
output-agreement mechanic alone is not su�cient and other
mechanics must be implemented to guarantee correctness.

In the LandSpotting project [29, 28], where we already cre-
ated a number of serious-game prototypes for collecting data
on land cover, we used a disjoint game-design approach de-
scribed by Markus Krause [18, 19], where the task to be
solved should be part of the mechanics, but not the dom-
inant element. For example, we created a strategy game
where the task to classify land cover was only a part of the



mechanics of a classic strategy game. Our motivation at the
time was to take already successful games, especially social
games like FarmVille, as a reference and to try to copy these
already proven game mechanics to create games with a sci-
enti�c purpose that would appeal to a large audience. In
Cropland Capture, we did not use a disjoint game design.
We describe the reasons for this and present the game design
and mechanics of Cropland Capture in the next section.

3. CROPLAND CAPTURE
Cropland Capture is a cross-platform serious game played in
a browser or on mobile devices like the iPhone, iPad and/or
Android devices for gathering data on the presence or ab-
sence of cropland, with the eventual goal of improving global
cropland maps. It can be downloaded from the AppStore1

or GooglePlay Store2 or can be played in a browser3. Crop-
land Capture ran for 25 weeks from November 15th 2013 to
May 9th 2014, after which a series of prizes were awarded,
but it continues to be available for playing.

Cropland Capture is described in detail in this section. First,
the game-design goals are presented. This is followed by
a description of the game mechanics, the e�ciency of the
game and how we try to guarantee correctness in the answers
provided by the players. Finally, we examine the incentives
for playing the game before presenting the results.

3.1 Design Goals
In our previous LandSpotting project [29], we found that
while a disjoint game-design approach can be used to col-
lect information on land cover, we were not very successful
in attracting a large number of people with these games.
One reason was that we were only a small team and there
was only a short development time (below one year). The
games developed in LandSpotting could therefore not com-
pete with games with similar game mechanics such as the
latest Civilization game or Plants vs. Zombies. People are
very selective when it comes to games and entertainment,
and they tend to choose games that o�er more fun and en-
tertainment. Also, some players might have felt that there
was a \hidden agenda" in the LandSpotting games, i.e., that
they were being used as \cheap workers".

For this reason, we did not use a disjoint game design in
Cropland Capture. Instead, we de�ned the task to classify
land cover as the central mechanic of the game. This ap-
proach felt much more straightforward and more honest to
us.

The fundamental design goals we wanted to achieve in Crop-
land Capture are summarized below:

� Simplicity: The game should be very simple and easy
to understand, so that it can be played by everyone,
everywhere.

� E�ciency: The game should be very e�cient in col-
lecting data in the sense that as much data as possible
should be collected in a certain time frame.

1https://itunes.apple.com/au/app/cropland-
capture/id694689972?mt=8
2https://play.google.com/store/apps/details?
id=iiasa.cropcapture
3http://www.geo-wiki.org/games/croplandcapture/

� Correctness: The game should ensure that players clas-
sify the images correctly.

� Incentives: The game should provide enough incentive
to attract and sustain the players.

In the following, we describe how these fundamental design
goals were implemented in Cropland Capture.

3.2 Simplicity
We used very basic game mechanics to achieve the goal of
simplicity: Players are presented with an image (either satel-
lite images or ground-based pictures) and asked whether
they see any evidence of cropland in the image. This is
illustrated in Figure 2, where a screenshot of the game is
shown. The center shows the land-cover image, and the top
shows the question \Is there any cropland in the red box?".
The players can now answer with yes, no, or if they are un-
sure, with maybe. After the player has selected an answer,
the next image appears seamlessly. Thus, the base mechanic
of the game is very simple and easy to understand.

Figure 2: Classifying an image in Cropland Capture.

3.3 Efficiency
E�ciency is often de�ned as the ratio r=P/C, where P is
the output produced per C, which is the amount of resources
consumed. Here, C corresponds to the time a player spends
with the game. In order to optimize this ratio, we tried to
collect classi�cations as quickly as possible using a classi�ca-
tion method that is highly intuitive. On mobile devices, the
player can swipe the image with a �nger to the correct cat-
egory yes, no or maybe, where these categories are located



on di�erent sides of the screen. The image is swiped to the
left side if there is no cropland in the red box, to the right
side if there is cropland, and to the bottom if the player is
not sure. In the browser version, the player can click with
the mouse on the categories or use the cursor keys left, right
and down to play much faster. After a very short amount of
time, the player will learn that left means no, right means
yes and down means maybe without the need to look at
the categories. Thus, the images can be classi�ed without
having to look away from them, which saves a lot of time.

This is also the reason that we ask the same question \Is
there any cropland in the image?" throughout the whole
game. Otherwise, the player would have to constantly read
the question again, which would also cost more time.

Since the classi�cation of the images can be performed very
quickly, we had to optimize the loading times of the images
in order to maintain a constant stream of images. We load
many images simultaneously in many background threads.
Depending on how much memory is available on the plat-
form, we load up to 10 images. This fast loading is also one
reason (in addition to the great advantage that we know ex-
actly what the players have classi�ed) why we use images
rather than a platform like Google Earth to display the im-
ages in the game; the satellite images might change over
time, and we would not be sure of exactly what images the
players classi�ed.

An additional feature introduced was the removal of images
once enough classi�cations had been received for an image.
This avoids collecting redundant classi�cations that do not
provide new information about the presence or absence of
cropland. In this way, we also use the time of the players
more e�ciently.

3.4 Correctness
To ensure that players make correct classi�cations, we used
output agreement, which means that the players had to agree
with other players on the classi�cations they made in order
to score points. In the game, the player scores one point
for each correct answer and loses one point for each wrong
answer. Answers of maybe result in neither gain nor loss of
points.

In order to determine if an answer is correct, we started
with a small pool of images that were validated by experts.
To automatically expand the pool of images, 10% of the
images that the players received had not been classi�ed at
all. For those images, we assumed that the answer from
the �rst player was correct. For the images already classi-
�ed by other players, we calculated the average, and if more
than 85% of players agreed on a classi�cation, we assumed
the answer to be that of the majority. If no agreement was
found, we treated this image as unclassi�ed and the player
was given a point regardless of the answer provided. It has
to be noted that these thresholds of 10% and 85% were intu-
itively chosen by us and more mathematical analysis has to
be used in follow up games to optimally adapt these num-
bers. It would for example also be possible to use a dynamic
system in which the thresholds dynamically adjust based on
the performance of the players.

Figure 3: Background graphic of Cropland Capture

which says \Help Science" to serve as an intrinsic

motivator.

We implemented some additional quality-assurance features
to ensure that players who answer randomly cannot in
u-
ence the results. For example, only players who correctly
classi�ed the preclassi�ed reference images received unclas-
si�ed images. Moreover, only the answers from these players
were then uploaded to the database and used in the output-
agreement calculation. Another quality-assurance feature is
that the ratio of cropland to non-cropland images that each
player received was roughly 50%. This ensured that players
who always chose the same answer consistently or answered
randomly would not progress and their score would stay the
same.

To further improve data quality, we added the feature that
the players could challenge an answer if they thought they
were correct but were penalized for an incorrect answer.
These images were then sent to an expert for analysis. If the
players were actually deemed to be correct, they gained 5
points, but if they were wrong, they lost 3 additional points.

3.5 Incentives
In order to motivate people to play Cropland Capture, we
provided intrinsic and extrinsic incentives for the players.
As an intrinsic motivator, we told players that by playing
the game, they can help science, since the data we collect
will be used to improve global cropland maps. These maps
are crucial for food-security applications and the monitoring
of famine during times of severe drought events. In Figure 3,
we employed a background graphic in the game which says
\Help science".

We also created a trailer video4 of Cropland Capture, which
explains in a funny way why people should play the game
to help science.

Throughout the game, we highlighted how much of the Earth
the players have already helped us to classify. This incen-
tive was intended to make players feel good, to show that
they have an impact on scienti�c research and that their
contribution is very important.

As extrinsic motivators, we added a leaderboard and o�ered
two forms of prizes. Each week during the last �ve weeks

4https://www.youtube.com/watch?v=T0Lmt7yXw2k



of the Cropland Capture competition, one answer was ran-
domly chosen, and the player who submitted the answer
was awarded a small prize, such as a �tness monitor or a
compass. Thus, each additional classi�cation increased a
player’s chance of winning the weekly prize. We used this
sort of prize so that players with fewer contributions had a
chance to win the prize and that these players would not
stop playing if they noticed that they did not have a chance
to win the competition anymore.

The second set of prizes was awarded at the end of the Crop-
land Capture competition in a draw. The top 3 players at
the end of each competition week automatically quali�ed
for the draw. Scores were reset at the beginning of each
week so players would have a new chance to be entered into
this �nal draw. After the Cropland Capture competition
was �nished, we randomly picked three winners from these
top weekly winners, who then became our overall winners
and were awarded bigger prizes such as smartphones and
tablets. We used this lottery system to keep players en-
gaged throughout the competition even if they were not in
the top three in one week. We picked the top three winners
each week instead of only one winner so that more people
would compete to get into the top three each week.

We used Twitter5 as the communication channel to talk to
the players. Each week, we tweeted the top 3 winners who
were entered into the draw and the lucky weekly winner
who received a small prize during the last �ve weeks of the
competition. When players had collectively reached a magic
number of how much land they had already classi�ed, we im-
mediately tweeted these facts in order to acknowledge their
contributions and encourage them further. We also posted
when articles about Cropland Capture were published and
when updates were made to the game.

In order to keep the players engaged, we wrote monthly
newsletters to the players, which provided the latest infor-
mation about the game and how much land area the players
had already helped to classify. We compared the area that
had already been classi�ed with countries, e.g., \You have
already classi�ed an area bigger than Australia", so that the
players had a clearer image of their contribution.

We constantly updated the game throughout the competi-
tion to show the players that they are very important to us
and that we are listening to their proposals for the game.
For example, we added a chat channel to the game so that
the players could talk to each other and form a community.
We also added geography quiz questions to the game, which
popped up randomly to add a surprise element to the game.
If the players were able to correctly answer the question,
they received 10 bonus points. Examples of such questions
were: \Which of these countries is the biggest?" or \What
is the capital of Botswana?". Thus, the players also learned
new information while playing the game.

4. RESULTS
In this section, we give general statistics and examine the
e�ciency of the game and the correctness of the obtained
data. We also discuss how the game was received by the

5http://www.twitter.com/cropcapture/

players.

4.1 General
In total, Cropland Capture was played by 3,314 players, who
together provided 4,648,659 classi�cations of 187,673 unique
images. Of these images, 98,411 were satellite images with
areas ranging from 0.06 km2 to 1 km2, and 89,232 were
landscape pictures taken on the ground. This huge number
of classi�cations represented a big success when compared to
previous Geo-Wiki campaigns, which collected 30K to 80K
classi�cations per campaign.

We also collected information on the type of device used
to play the game. The players made 588,177 ratings us-
ing Apple’s iPhone 5, 619,457 using other iPhone types,
709,396 using iPads, 1,682,291 using the browser version,
and 1,049,338 using Android devices. This was quite sur-
prising, as we thought that the browser version would be
by far the most successful platform. Instead, the iOS ver-
sion collected 1,917,030 classi�cations in total, which is more
than the browser version. This is surprising as we did not
get featured on the Apple App Store, which might have ex-
plained this result. It is also surprising that the iOS version
collected nearly twice as many ratings as the Android ver-
sion, although the Android phone market is much bigger,
with nearly 80% market penetration.

4.2 Efficiency of the Game
We have already de�ned e�ciency as P/C where P is the
number of images classi�ed and C is the amount of time a
player spends in the game. In order to calculate how e�-
cient Cropland Capture is, we stored the amount of time
needed by the players to do each classi�cation di�erentiated
by platform. Thereby the timer was always started as soon
as an image was shown to the player and stopped as soon
as the image has been classi�ed. Because the next image is
immediately shown after an image has been classi�ed, there
is no more additional time spent in the game. Therefore, in
order to calculate the e�ciency, the value C is just a sum of
all the times measured.

For example, for 0.8% of the images, the players needed
more than 10 seconds to do a classi�cation, which is an e�-
ciency bellow 0.1 images per second, for 0.2% of the images,
the players needed more than 30 seconds, which represents
an e�ciency bellow 1/30, and for 0.12% of the images, the
players had an e�ciency bellow 1/60, i.e., they needed more
than a minute to do a classi�cation. The slowest classi�ca-
tion was done in 3.2 days. We assume that for these very
slow classi�cations, the players have taken a pause from the
game because it is unreasonable to assume that they needed
so much time to determine whether or not there was crop-
land in the image. Indeed, the majority of classi�cations was
done much faster. 97% of the classi�cations were done in less
than 4 seconds (0.25 images per second), and 92% were done
in less than 2.5 seconds (0.4 images per second). We will,
therefore, only use classi�cations below this threshold of 2.5
seconds in the analyses that follow.

Figure 4 shows the time that the players needed to classify
an image on the di�erent platforms with animations enabled.
No images were classi�ed under 500 ms, and the majority
of classi�cations were done between 900 and 1100 ms (ef-



�ciency 0.9 to 1.1). The Android version is slightly faster
than the other versions, but the players classi�ed the images
(with animations enabled) at nearly the same speed on all
platforms.

Figure 4: The time needed for making a classi�ca-
tion on di�erent platforms with animations enabled.

With animations enabled, the image moves smoothly to the
side after the player has selected a category. This animation
looks nice but takes 500 ms to complete. For this reason,
we updated Cropland Capture in the middle of the compe-
tition and turned the animations o� to see if the e�ciency
improved. In Figure 5, the new times needed for making a
classi�cation with animations disabled are shown. As can be
seen from the �gure, the e�ciency has drastically improved
to around 1.6 to 2.5 { for the browser version, in which the
players now only need around 400 to 600 ms or half of the
time needed with animations enabled. The other platforms
have also improved. For the Android and iOS versions, the
e�ciency is now around 1.1 to 1.4, i.e., the players need
around 700 to 900 ms to make a classi�cation. Some players
still needed 900 to 1100 ms, most likely because they did not
update their application. The mobile versions, in which the
players classi�ed by dragging the images to the sides of the
screen, improved by 300 ms after the update. The reason
why the mobile versions only improved by 300 ms instead of
the 500 ms of the browser version is because the dragging
mechanic itself requires around 200 ms to complete and is
slower than just clicking a cursor key. This shows that al-
though animations can provide a nice visual appeal, they
can also consume time that could be better spent. In our
case, the animations made up nearly 50% of the time in the
browser version and around 30% in the mobile versions.

4.3 Correctness
As has already been discussed in Section 3.4, one method for
improving the correctness of the collected data was to give
the players an equal number of cropland and non-cropland
pictures so that the players would not just select the same
answer all the time. In total, there were 2,246,683 classi�-
cations with the answer yes, and 2,314,725 with the answer
no, which shows that we have been successful in providing a
nearly equal set of cropland/non-cropland pictures. Clearly
we did not provide enough incentives for the players to select
the maybe answer, as only 87,251 (1,87%) maybe answers
were given.

In order to create more certainty, on average 25 classi�-

Figure 5: The time needed for making a classi�ca-
tion on di�erent platforms without animations.

cations from di�erent users were collected for each image.
Figure 6 shows the agreement of the players by number of
classi�cations. As can be seen from the �gure, the majority
of images have a> 90% agreement, indicating that it was
easy for the players to identify the presence or absence of
cropland.

Figure 6: Agreement among players. Only images
with more than 10 classi�cations were included.

To determine whether landscape or satellite images gener-
ated more crowd agreement, we calculated the agreement on
positions where we have both satellite images and landscape
pictures and compared them with each other. The results
showed that the landscape pictures had an average agree-
ment of 96.37%, while the satellite images had a 97.52%
agreement. This indicates that the satellite images were
slightly easier to classify, although not signi�cantly so. An-
alyzing the agreement for di�erent satellite image zoom lev-
els (250 m = avg. agreement 97.57%, 500 m = 97.41%, 1
km = 97.44%), it can also be concluded that there are no
meaningful di�erences between them.

Although the players agreed on the majority of images, this
does not mean that the resulting classi�cations are always
correct. As already described in Section 3.4, players could
challenge an answer if they did not agree with the answer
that the other players gave. The contested images were then


