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Abstract
Land cover is of fundamental importance to many environmental applications and serves as
critical baseline information for many large scale models e.g. in developing future scenarios
of land use and climate change. Although there is an ongoing movement towards the
development of higher resolution global land cover maps, medium resolution land cover
products (e.g. GLC2000 and MODIS) are still very useful for modelling and assessment
purposes. However, the current land cover products are not accurate enough for many
applications so we need to develop approaches that can take existing land covers maps and
produce a better overall product in a hybrid approach. This paper uses geographically
weighted regression (GWR) and crowdsourced validation data from Geo-Wiki to create two
hybrid global land cover maps that use medium resolution land cover products as an input.
Two different methods were used: a) the GWR was used to determine the best land cover
product at each location; b) the GWR was only used to determine the best land cover at those
locations where all three land cover maps disagree, using the agreement of the land cover
maps to determine land cover at the other cells. The results show that the hybrid land cover
map developed using the first method resulted in a lower overall disagreement than the
individual global land cover maps. The hybrid map produced by the second method was also
better when compared to the GLC2000 and GlobCover but worse or similar in performance
to the MODIS land cover product depending upon the metrics considered. The reason for this
may be due to the use of the GLC2000 in the development of GlobCover, which may have
resulted in areas where both maps agree with one another but not with MODIS, and where
MODIS may in fact better represent land cover in those situations. These results serve to
demonstrate that spatial analysis methods can be used to improve medium resolution global
land cover information with existing products.
Keywords (maximum of 6): land cover, validation, crowdsourcing, map integration, global
land cover
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1 Introduction
Spatially explicit information about land cover is of fundamental importance for many
applications including nature protection and biodiversity, forest and water management,
urban and transport planning, natural hazard prevention and mitigation, and the evaluation of
agricultural policies. The importance of global land cover is recognized through its status as
an essential climate variable (GCOS, 2013), where this information serves as a critical input
to the monitoring of climate change. Global land cover forms a key input to large scale
economic land use models (e.g. Havlík et al., 2011), which are used to determine important
quantities such as the amount of land available for agricultural expansion, afforestation
projects and biofuel production or whether reducing emissions from deforestation and forest
degradation (REDD) are the most cost-effective solutions. A critical gap in accurate land
cover and land use, which is needed to monitor ecosystem services and change over time, has
also been highlighted recently by Tallis et al. (2012).
A number of different coarse to medium resolution global land cover products exist,
e.g. the GLC2000 (Fritz et al., 2003), MODIS (Friedl et al., 2010) and GlobCover (Bicheron
et al., 2008). These products, which vary from 1km to 300m resolution at the equator, have
been developed using data from different satellite sensors and using different classification
algorithms with varying degrees of automation. Although the published accuracies of these
products vary between 68.5 to 74.8%, recent studies have shown that when these maps are
compared, there are significant amounts of spatial disagreement across different land cover
types, in particular in the cropland and forest domains even when taking semantic differences
in the legend definitions into account (Fritz and See, 2008; Fritz et al., 2011a). Research has
also shown that model outcomes can vary significantly when different land cover products
are used in the same modelling exercise (Quaife et al., 2008; Seebach et al., 2012) while Fritz
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et al. (2012a) have demonstrated the value associated with reducing the uncertainty in land
cover with regards to the cost of different climate mitigation options.
With the opening up of the Landsat archive (Wulder et al., 2012), one of the most
recent trends in global land cover mapping has been to produce higher resolution products,
i.e. at 30m (Gong et al., 2013; Yu et al., 2013b), with others currently in the pipeline by
groups in China and the USA. The accuracies of these recently produced 30m products range
from 63.7% to 66.0%. The technology and algorithms for classifying Landsat will
undoubtedly improve in the future, and there will be new higher resolution sensors coming
online soon where the data will be freely available (e.g. Sentinel II). Moreover, there are
other multi-temporal and/or multi-sensor classification efforts ongoing (Lu et al., 2011; Roy
et al., 2010). Despite this relatively positive outlook for land cover mapping in the future,
there is still an urgent need for better land cover maps at the present time. Medium resolution
products are also still extremely useful from a modelling and assessment point of view where
the issue is not one of needing to improve the resolution for many applications but simply
improving the accuracy.
One method which can be used to address this issue of accuracy is to merge existing
land cover maps to create an integrated or hybrid product where the resulting accuracy should
be higher than the accuracies of the individual products. Data fusion and soft computing are
domains which are based on the integration of data from a variety of sources (e.g. from
different sensors, models or approaches) so this idea is not new in itself. For example, Jung et
al. (2006) developed a fuzzy agreement scoring method to determine the synergies between
global land cover products for modelling the carbon cycle while Fritz et al. (2011b) employed
this synergy concept in combination with expert knowledge to rank land cover products in
order to combine them into a single cropland map of Africa. Iwao (2011) integrated the
GLC2000, MODIS and the older University of Maryland (UMD) land cover product using a
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simple majority voting approach and validated the resulting map with data from the Degrees
of Confluence project. However, the resulting improvements in accuracy were not
statistically significant. More recently, Yu et al. (2013a) used a decision tree to combine two
30 m cropland products with a 250 m cropland probability layer to produce a global cropland
mask. All of these approaches have demonstrated the increased accuracy that has resulted
from the integration of existing products.
What these types of integration methods need are much larger amounts of data for
training and validation. One potential source is Geo-Wiki, which is a visualisation,
crowdsourcing and validation tool developed to help improve global land cover maps (Fritz
et al., 2012b, 2009) where crowdsourcing is the use of the volunteers (which can also be
experts) to help collect and analyse data (Howe, 2006; Heipke, 2010). Using Google Earth,
volunteers are asked to indicate the land cover types that are visible from the images
displayed in Geo-Wiki. Samples have been collected through a number of different Geo-Wiki
campaigns that have run over the past few years (Perger et al., 2012; See et al., 2014a) and
then used in subsequent research, e.g. Fritz et al. (2013a) used data from the first campaign to
downgrade estimates of land availability for biofuels. This database, which represents a
valuable source of data for both training and validation of land cover, continues to grow, with
more than 4.5 million samples collected recently on the presence of cropland using a game
version of Geo-Wiki (See et al., 2014b). Initial attempts were undertaken by Comber et al.
(2013) to map the areas of highest correspondence between the Geo-Wiki crowdsourced data
and the GLC2000, MODIS and GlobCover for one land cover type, i.e. tree cover, for a
section of western Africa. The authors employed crowdsourced data from the first Geo-Wiki
competition (Perger et al. 2012) and geographically weighted regression (GWR), which is a
spatial extension to linear regression in which the coefficients of the regression equation are
able to vary across space, which captures any effects due to location (Brunsdon et al., 1998).
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The aim of this paper is to extend the research of Comber et al. (2013) in a number of
ways. Firstly, we apply the method globally to all land cover types using larger amounts of
crowdsourced data from four campaigns, including one campaign focussed on data collection
in areas where all global land cover maps disagree with one another. Secondly, we implement
a second approach in which the method is only applied to those areas where there is complete
disagreement between land cover products, taking agreement between two or more land
cover products as the land cover type at all other locations. Finally, we use an independent
crowdsourced dataset to validate the products, using the sampling scheme of the global
validation dataset created by Zhao et al. (2014) as the basis for collecting data via Geo-Wiki.
A quality assured subset of this validation data is used.
An overview of the input data is provided in the next section, i.e. three global land
cover maps and the crowdsourced data from Geo-Wiki, which are used in the hybrid
methodology. The validation methods as outlined in Pontius and Millones (2011) are then
presented, which are applied to the hybrid land cover products and the individual global land
cover maps using a combination of a crowdsourced and expert derived validation data set as
outlined below. Advantages and disadvantages of the methodology are then discussed along
with ideas for further research.

2 Materials and Methods
2.1 Global Land Cover Maps
Three global land cover datasets have been used in the creation of the hybrid land cover map.
The first is the GLC2000, which was developed by the Joint Research Centre (JRC) of the
European Commission using 14 months of SPOT Vegetation data (Mayaux et al., 2006). This
mapping effort was divided into regional windows with research teams around the world
contributing to this effort. Maps created at the regional level were then harmonised to create a
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single global product. The exercise was intended to provide baseline information for the
environmental year 2000 as a one-off land cover mapping exercise. The GLC2000 has the
coarsest resolution of 1km at the equator. The MODIS global land cover product is developed
by Boston University using data from the Moderate Resolution Imaging Spectroradiometer
(MODIS) on board the NASA Terra satellite. In contrast to the GLC2000, this land cover
product is created using an automated classification algorithm, which allows the MODIS
team to create a new product on an annual basis and update previous years with the latest
methodological developments (Friedl et al., 2010). The land cover map for 2005 at a
resolution of 500 m is used here. At 300 m, GlobCover is the finest resolution product
available for the year 2005-2006 (Bicheron et al., 2008). This product was intended to update
and complement other existing comparable global products. As with MODIS, the intention
was to repeat the exercise on a regular basis. Although later temporal versions of GlobCover
and MODIS are available, the idea is to create a hybrid land cover map for the year 2005.
Since the resolutions of the individual global land cover products differ, a common
resolution of 300 m was chosen in order to retain the maximum information content.
Therefore, the GLC2000 and MODIS land cover maps were resampled to match the grid
with the highest resolution, i.e. GlobCover. The legends associated with each product were
mapped onto a simple legend with 10 land cover classes where the lookup table is provided in
Table 1. This simple legend is based on Herold et al. (2008), in which the authors show how
different global land cover maps, including the GLC2000 and MODIS products, can be
harmonized and therefore compared at an aggregated level using the Land Cover
Classification System (LCCS).
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Table 1: Lookup table for a simple 10 class legend and each of the global land cover
products. The legend descriptions corresponding to the GLC2000, MODIS and GlobCover
can be found in Fritz et al. (2003), Friedl et al. (2010) and Bicheron et al. (2008)
Class Simple Legend Description
1
Tree cover
2
3
4
5
6
7
8
9
10

Shrub cover
Herbaceous vegetation /
Grassland
Cultivated and managed
Mosaic of cultivated and
managed / natural vegetation
Flooded / wetland
Urban
Snow and ice
Barren
Open water

GLC2000
1-10

MODIS
1-5, 8, 9

11, 12
13

6,7
10

GlobCover
40, 50, 60, 70, 90, 100,
110, 160
130
120, 140

16
17, 18

12
14

11, 14
20, 30

15
22
21
14, 19
20

11
13
15
16
17

170,180
190
220
150, 200
210

2.2 Crowdsourced Data from Google Earth for Training and Validation
Geo-Wiki was originally developed as a way of displaying global land cover maps
(GLC2000, MODIS and GlobCover) and layers of spatial land cover disagreement on top of
Google Earth. Volunteers were then asked to indicate the quality of the different land cover
maps based on comparing the land cover type at a given pixel with the land cover visible
from Google Earth (Fritz et al., 2009). Since then Geo-Wiki has been used in a number of
crowdsourcing campaigns where we have moved away from determining the quality of
particular global land cover maps to collecting land cover information from selected samples
on the Earth’s surface. Figure 1 provides a screenshot from the Geo-Wiki system from the
second campaign, which shows a sample pixel drawn on top of Google Earth along with the
types of information that we ask volunteers to collect, e.g. the land cover type, what
percentage of the pixel this covers and the human impact visible from this pixel (see See et al.
(2013) for further information on human impact).

<Insert Figure 1 here>
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The crowdsourced data used in this paper come from four different Geo-Wiki campaigns as
outlined in Table 2. Data from two of the campaigns were used for training while data from
the other two were used for independent validation. The first hybrid map was trained using
data from the first competition on human impact, which is a globally distributed random
sample. The second hybrid map was trained using data from the second competition, where
the sample was stratified by disagreement. In particular, the areas sampled were in locations
where the three global land cover maps disagree with one other. The spatial distribution of
these two training datasets is shown in Figure 2.

<Insert Figure 2 here>

Table 2: Geo-Wiki crowdsourced data used in the development of the hybrid land cover maps
Competition

Purpose of the Competition

1 Human Impact

To validate a map of land availability
for biofuel production (Fritz et al.,
2013a)
To collect validation points in the
areas were the GLC2000, MODIS and
GlobCover disagree with one another
To collect land cover and human
impact in order to determine the
amount of global wilderness. The
locations used were the same as that of
the Chinese 30 m land cover map (See
et al., 2014a)
To collect data at the same locations
as the validation data assembled for
the Chinese 30 m land cover map
(Zhao et al., 2014)

2 Hotspots of Map
Disagreement
3 Wilderness

4 Global Validation
Dataset

Use in the Hybrid
Methodology
Training dataset for Hybrid
Map 1
Training dataset for Hybrid
Map 2
Combined with the Global
Validation Data set to
validate both hybrid maps

Combined with the
Wilderness dataset to validate
both hybrid maps

More details of the validation data are provided in section 2.4 but the samples from the two
competitions (Table 2) were purposely chosen to align with the location of the global
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validation dataset developed by Zhao et al. (2014) in their evaluation of the Chinese 30-m
global land cover product.

2.3 Methodology for Creation of the Hybrid Land Cover Maps
To combine the three global land cover products, GWR is employed as previously
implemented for western Africa and tree cover in Comber et al. (2013). GWR estimates
model parameters at each geographical location by using a kernel. In addition, the
observations are weighted by distance, so those closer to the studied location have more
influence on the parameter estimates. The basic GWR equation is:

yu, v  b0 u, v  b1 u, vx1   u, v

(1)

where y is the dependent variable with a Gaussian distribution; x is the independent variable;
u,v are the coordinates of the data; b0 is the intercept term; b1 is the coefficient being
estimated and is the random error term.
GWR also has extensions of generalized linear models, including logistic and Poisson
regressions (Fotheringham et al., 2002). Here we used logistic regression to calculate the
probability of correspondence between the validation data and the global datasets at each
pixel of a 300 m grid according to:

P ( yi  1)  log it (bui ,vi  )

(2)

where P ( yi  1) is the probability that a given global land cover product defines the same
land cover type as the validation data at each location i; logit is a logistic regression; u i , vi 
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is the two-dimensional vector of location i; and bui ,vi  is the intercept. The optimal size of the
window in terms of how many validation samples to use in each local instance of logistic
regression is first calculated based on the overall number of points and their spatial
distribution. The observed outcome is a probability associated with each global land cover
product where the highest probability determines which land cover product to choose. This
procedure was implemented in R in two steps: (1) estimating the intercept bui ,vi  – for input
we used a vector with the information whether or not a global land cover product defines the
same land cover type as the crowdsourced data at each observed location; and (2) estimating
the probabilities by implementing eqn (2).
Using GWR two different hybrid land cover maps were created:


Hybrid Map 1: Using the method described above, the three land cover maps were
trained using crowdsourced data at each pixel using a coarser 0.25 degree grid. The
data used to train the map were from the first Geo-Wiki competition (see Table 2).
The optimal number of training points suggested by the algorithm at each location
was seven, which were then used to evaluate the correspondence to each individual
land cover product. After running the procedure, three probability maps were created,
one for each land cover product. These three maps were then combined into a single
layer showing which of the three land cover maps had the highest probability at each
location. This probability layer was then used to create the final hybrid map, selecting
the land cover type from the product at a 300m resolution.



Hybrid Map 2: The three maps were first compared and where two maps agreed on a
land cover type, this value was used as the land cover at that cell. Where the three
land cover maps disagreed, the method described for Hybrid Map 1 was applied, this
time using data specifically from the second competition which was focused on
collecting validation samples specifically in these disagreeing areas (see Table 2).
12

2.4 Map Validation
In order to estimate the quality of the two hybrid products and to determine if they have
achieved a measureable improvement over the existing products (i.e. GLC2000, MODIS and
Globcover), it is necessary to validate all of the datasets against a common sample dataset.
The validation data set used here was developed from three different sources in an effort to
ensure the highest quality. The first was an external dataset that was developed specifically
for the validation of the Chinese 30 m global land cover map (Gong et al., 2013; Zhao et al.,
2014), which contains 38,664 sample units globally based on Landsat and Google Earth
image interpretation. The sample design utilised equal-area stratified random sampling,
which partitioned the global land area into approximately 7,000 equal-area hexagons, inside
of which 5 random samples were chosen from each one. This data set represents the land
cover at an x,y location on the Earth’s surface. The x,y locations of the validation data from
this exercise were then used as the sample that was provided to volunteers in two different
Geo-Wiki crowdsourcing campaigns, where volunteers were asked to indicate the percentage
of land cover in a 1 km pixel (the pixel was centred on the x,y location). The samples from
the two different Geo-Wiki crowdsourcing campaigns were then compared with one another
where there was more than one answer provided at each sample pixel. Only those pixels
where there was agreement between the two competitions were then kept. Finally, we
selected only homogeneous pixels where the land cover type agreed with the x,y location
class. This reduced the final validation dataset to a total of 5,096 1km2 pixels.
Owing to the steps outlined above, a potential bias is present in the remaining sample,
i.e. oversampling in the tree cover class. Although this can increase overall accuracies, we are
actually more interested in relative performance so we will only judge the products in relation
to one another rather than in terms of absolute performance.
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We have applied the standard validation test of a cross-tabulation matrix with both
hybrid products and the three existing products, using the above mentioned validation sample
dataset. Initially we converted the observed sample matrix into an estimated unbiased
population matrix which represents the entire study area (Pontius and Millones, 2011). From
this we calculated two measures, i.e. the quantity disagreement, q, and the allocation
disagreement, a, calculated as follows for each land cover type, g:

qg 

J

J

i 1

j 1

 xig   xgj


a g  2 * min 


J

x
p
,


ig
gg  xgj  p gg 
i 1
j 1


(2)

J

(3)

where J is the total number of categories, xij are the elements of a standard confusion matrix, i
refers to the map being evaluated and j is the reference data, in this case the crowdsourced
validation data from Geo-Wiki. The total quantity disagreement and total allocation
disagreement are then calculated by summing across all land cover categories and dividing by
2 since these errors are double counted due to the way in which they are formulated. The total
disagreement is then the sum of the quantity disagreement and the allocation disagreement.
We have also reported the percentage correct or overall accuracy since this is one of the most
commonly reported accuracy measures in the literature.

3 Results
This study has resulted in the first global hybrid land cover maps obtained with the aid of
crowdsourced training data. Figure 4 shows the land cover map chosen at each location based
on the highest probability calculated by the GWR for Hybrid Map 1. Probability is assigned
14

to the three datasets as: GLC2000 (33%), MODIS (41%) and GlobCover (25%). While the
resulting map is quite heterogeneous, global patterns nonetheless emerge. GLC2000, together
with GlobCover, have the highest probability in the far north. This could be explained by the
fact that there are missing MODIS data in the northern high latitudes, which can lead to
degradation in the performance of the classification algorithm (Friedl et al., 2010). The
continental US is ranked highest by MODIS.
Based on the results demonstrated in Figure 4, two hybrid maps were derived (Figures
5 and 6). Significant differences are visible between the two resulting hybrid products.
Patterns visible in the probability map (Figure 4) are sometimes apparent in Hybrid Map 1
(Figure 5). An example of this is Australia where barren areas appear in stark contrast to
herbaceous areas. Hybrid Map 2, with its focus on areas of complete disagreement among the
input datasets, produces a map which differs less from the original input datasets (Figure 6).
A quantitative validation of the hybrid products was performed using cross-tabulation.
Results are presented here from sample matrices for Hybrid Map 1 and Hybrid Map 2 (Tables
3 and 4). Note that because of edge effects, the different resolutions of the input maps, and
the methodologies used to produce Hybrid Maps 1 and 2, around 200 validation samples fell
outside of a land boundary and were therefore not used in the final validation. For this reason
there are also slight differences in the total number of validation samples used in validating
Hybrid Maps 1 and 2.
For both maps, the users and producers accuracies are highest in the forest classes.
Surprisingly the class cultivated and managed also performed well. In both maps the greatest
confusion occurs between these two classes and the shrub cover and herbaceous
vegetation/grassland classes.
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Table 3: The cross-tabulation matrix for Hybrid Map 1

Map Class
1
2
3
4
6
7
8
9
10
Col. Total
Producer's
Accuracy

Reference Class
1
2
3

4

6
5

2653
37
28
18
27

99
240
96
23
1

27
20
68
28
4

38
38
84
669
1
2

12
4
2779
0.95

18
2
479
0.50

25
1
173
0.39

13
845
0.79

2
1
3

1
12
0.25

7

8

9

10

4

3
4
3

5
75
55
6

57
10
2
79
0.72

1
170
3
315
0.54

5
2
2
2
5
1
3
4
186
210
0.89

7

8

9

10

1

3
2
5

4
50
68
7

59
8
2
79
0.75

5
182
3
319
0.57

4
2
1
2
2
1
2
1
200
215
0.93

5
1
5

15
0.33

Row
Total
2835
420
338
752
42
8
61
252
199
4907

User's
Accuracy
0.94
0.57
0.20
0.89
0.07
0.63
0.93
0.67
0.93

Row
Total
2891
317
345
732
29
9
66
309
212
4910

User's
Accuracy
0.93
0.55
0.14
0.90
0.07
0.78
0.89
0.59
0.94

Table 4: The cross-tabulation matrix for Hybrid Map 2

Map Class
1
2
3
4
6
7
8
9
10
Col. Total
Producer's
Accuracy

Reference Class
1
2
3

4

6

2676
40
15
12
18

119
174
112
17
2

35
18
50
28
1

45
30
92
661
3
1

5

7
2
2770
0.97

54
2
480
0.36

37
1
170
0.29

17
1
850
0.78

1
1
12
0.17

2
1
2

4
1
7
2
15
0.47

Table 4 lists the performance measures as outlined in section 2.4 for each of the
individual land cover products (resampled to the 300m resolution of GlobCover and
reclassified to the harmonized simple legend as outlined in section 2.1) and Hybrid Maps 1
and 2. A map can be judged as better in relation to another the lower the three disagreement
measures are and the higher the percentage correct. Overall, Hybrid map 1 performs better in
relation to Hybrid Map 2 across all measures and in relation to the individual global land
cover products. Both hybrid products perform similarly in terms of the quantity disagreement,

16

with lower values than any of the individual global land cover products where both GLC2000
and GlobCover show the highest quantity disagreement. The allocation disagreement,
however, shows a different picture. For this measure, Hybrid Map 1 has the lowest value
while MODIS has the second lowest allocation disagreement. Thus when viewed from the
perspective of total disagreement and percentage correct, the MODIS land cover product is
slightly better than Hybrid Map 2. There are a number of reasons why this may be the case.
Firstly, GLC2000 was used in the development of GlobCover so they are not completely
independent of one another. Thus there may be situations where both products agree but
disagree with MODIS yet MODIS may actually better represent the land cover at those
locations. Secondly, since the training algorithms for MODIS continue to be improved and
applied retrospectively to previous land cover products, the MODIS land cover product may
have improved over time. Thus an alternative would have been to take only those situations
where all three maps agree or where MODIS agrees with at least one of the other two
followed by GWR on disagreeing areas.

Table 4: Performance measures for the individual land cover maps and the two hybrid
products
Land Cover
Map
GLC2000
MODIS
GlobCover
Hybrid Map 1
Hybrid Map 2

Quantity
Disagreement

Allocation
Disagreement

Total
Disagreement

Percentage
Correct

13.4
7.6
13.4
5.9
5.6

12.7
9.0
14.5
6.2
11.6

26.1
16.6
27.9
12.1
17.2

73.9
83.4
72.1
87.9
82.8

4 Conclusions
This paper demonstrated how existing global land cover maps can be integrated into a hybrid
product using GWR and a training dataset obtained through crowdsourcing. Two different
methods were used, one involving a global data set from the first Geo-Wiki competition to
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determine the best land cover map to use at a given location, and the second focussed only on
correcting areas where all three land cover maps disagree. These hybrid products would
generally represent the year 2005 as MODIS and Globcover apply to that year. Although the
GLC2000 is for the year 2000, the majority of spatial disagreements between the products are
not about land cover change but about incorrect classifications. Thus the merging of the
products is really about trying to find the best land cover representation more generally for
that time period. The two hybrid products were compared with the individual global land
cover products using performance metrics suggested by Pontius and Millones (2011) as well
as overall accuracy as an additional relative measure. The first hybrid map outperformed the
individual land cover maps based on the validation data set used while the second hybrid map
was not as good as the individual MODIS land cover product on three out of four
performance measures. We offered potential explanations for this including the use of the
GLC2000 in the development of GlobCover and the continued improvement of MODIS over
time. Other variations that might be tried are to: take the land cover at a given point only
when MODIS agrees with one of the other land cover products (or all three agree); and use
the two crowdsourced training datasets and GWR at all locations to create a single hybrid
product.
The use of crowdsourced data for both calibration and validation of the hybrid
products as well as for the development of future land cover products represents an area of
great potential. Although quality is clearly a very important issue, some initial research in this
area has shown that the data are of sufficient quality for use in further scientific research or
that methods can be put in place to correct for errors and biases automatically (Foody et al.,
2013; See et al., 2013). There is much to be learned from ongoing quality control measures
implemented in ecological citizen science projects that are using the data for rigorous
scientific research as well as from businesses who need to control for quality (Delaney et al.,
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2007; Bonter and Cooper, 2012; Allahbakhsh et al., 2013). We will continue to collect further
crowdsourced data via Geo-Wiki and expand this data source. Moreover, the opening up of
calibration and validation data sets via the GOFC/GOLD portal and through collaborations
with Chinese colleagues also means that the amount of data becoming openly available is
rapidly expanding.
Only three global land cover maps were used in the creation of the hybrid product but
we could easily extend this exercise to include other hybrid maps, e.g. the hybrid cropland
product that integrates cropland information from more than 25 countries (Fritz et al., 2013b),
as well as the new 30m land cover products that are starting to appear. Incorporation of
regional and national maps, e.g. CORINE land cover and countries mapped by the Africover
initiative, could also be attempted to improve the hybrid product further. While there will
continue to be new mapping initiatives, new sensors appearing and advances in classification
algorithms, the hybrid approach represents a simple, low cost and promising way of
improving information on global land cover in the short term while we look to improved
accuracies from remote sensing in the future. It is therefore important to develop methods and
tools that optimally use and integrate existing products rather than focussing all of our efforts
and funds on producing only new products. In fact, new mapping efforts should focus on
improving representation of areas where uncertainty is the highest or where land cover is
changing quickly.
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Figure Captions
Figure 1: A screenshot from the Geo-Wiki system showing how validation data are collected

Figure 2: Distribution of the training data for creation of the hybrid global land cover maps
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Figure 3: Distribution of the validation data (with the training data provided for reference)

Figure 4: Area when one or another land cover product shows the best agreement with the
Geo-Wiki global training dataset
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Figure 5: The hybrid land cover map based on applying GWR trained with Geo-Wiki training
data from Human Impact competition 1

Figure 6: The hybrid land cover map based on Geo-Wiki training points from the Hotspot
Map Disagreement competition 2
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