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ABSTRACT:

The food security, particularly in Africa, is a challenge to be resolved. The cropland area and spatial distribution obtained from remote
sensing imagery are vital information. In this paper, according to cropland area and spatial location, we compare five global cropland
datasets including CCI Land Cover, GlobCover, MODIS Collection 5, GlobeLand30 and Unified Cropland in circa 2010 of Africa in
terms of cropland area and spatial location. The accuracy of cropland area calculated from five datasets was analyzed compared with
statistic data. Based on validation samples, the accuracies of spatial location for the five cropland products were assessed by error
matrix. The results show that GlobeLand30 has the best fitness with the statistics, followed by MODIS Collection 5 and Unified
Cropland, GlobCover and CCI Land Cover have the lower accuracies. For the accuracy of spatial location of cropland, GlobeLand30
reaches the highest accuracy, followed by Unified Cropland, MODIS Collection 5 and GlobCover, CCI Land Cover has the lowest
accuracy. The spatial location accuracy of five datasets in the Csa with suitable farming condition is generally higher than in the Bsk.

1. INTRODUCTION

The extent, distribution characteristics of cropland are
fundamental information which have long been identified as

significant influences on global food security, climate change

and environmental sustainable development (Jayne et al., 2014a).

The food security particularly in Africa is still a challenge to
humankind. It is estimated that food demand is expected to
increase more than 60% in Africa by 2050 compared with
2005/2007, if the situation of cropland does not change, only few
countries are able to be self-sufficiency (Martin et al., 2016a).
The exact cropland area and spatial distribution are vital
information to the study of food security which cannot be

obtained by statistic data.

Because of the consistently and efficiently monitoring on
temporal and spatial scale, Satellite data has becoming a major
reference for cropland mapping (Russell et al., 2014a). Since
2000, global land cover datasets from high resolution satellite
sensors have becoming popular. MODIS Collection 5 product

made by Boston University was derived from the MODIS data
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of 2000-2012 with 500m spatial resolution (Friedl et al., 2010a).
ESA (European Space Agency) produced the GlobCover land
cover dataset of 2005 and 2009 with 300m resolution by using?
MERIS (Medium Resolution Imaging Spectrometer) reflection
data (Bicheron et al., 2008a; Bontemps et al., 2011a). Aiming to
deal with climate issue in 21 century, CCl Land Cover was
produced by ESA, based on MERISFR data and updated by
SPOT-VGT data (Defourny et al., 2014a). Unified Cropland
dataset with 250m resolution in circa 2014 was derived from
existing global land cover maps (Frangis et al., 2016a). NGCC
(National Geomatics Center of China) produced GlobelLand30
dataset with 30m spatial resolution by using TM data and ETM+
data as basis and HJ-1 dataset as reference (Chen et al.,
2015a).Varieties of satellite sensors, spatial resolutions,
classification schemes and mapping technologies result in the
difference between global land cover datasets (Pé&ez-Hoyos et
al., 2012a). For product users and producers, clarifying the
strengths and weaknesses of datasets is vital. In recent years,
several researchers have compared the difference and
consistency of global land cover datasets. Commonly existing
methods for the comparison can be classified into two categories:
assessing classification data derived from global land cover
datasets according to the comparison with statistic data (P&ez-
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Hoyos et al., 2012a; Wu et al., 2009a; Steffen Fritz et al., 2010a);
using error matrix to estimate the accuracy of spatial location for
global land cover products with validation samples (Wickham et
al., 2010a; Lu et al., 2016a; Yang et al, 2014a). However these
studies focus on global land cover datasets with coarse spatial
resolution, such as UMD, IGBP-DISCover and GLC2000, lack
the comparison of global land cover datasets with high resolution
in recent years. In addition, few studies assessed the spatial
location accuracy by the validation samples, which can reduce

the error provided by the reference data.

Focusing on the cropland in Africa, the objective of this study is
to compare cropland datasets derived from five global land cover

2. DATA RESOUCES AND PRECESSING

2.1 Data Resources

Table 1 shows the information of the five global land cover
datasets. Based on the UN-LCCS (United Nations Land Cover
Classification System), GlobCover2009 divided the global land
cover into 22 types by using the combination of supervised and
unsupervised classification (Bontemps et al., 2011), CCI Land
Cover used unsupervised and supervised classification to obtain
22 major types and 16 secondary types at the global scale
(Defourny et al., 2014; Wei et al., 2016a). According to POK-
based (pixel-object-knowledge-based) classification,

GlobeLand30 sort global land cover into 10 types (Chen et al.,

datasets, MODIS GlobCover,
GlobeLand30, CCI Land Cover and Unified Cropland. To

measure the accuracies of cropland area, the five cropland

including Collection5,

datasets are used to compute the cropland area at country level
and then compare the cropland area with the statistic data.
According to the validation samples, the overall accuracies and
Kappa coefficients of five datasets were calculated to evaluate
the accuracies of spatial location by error matrix. This study
shows the strengths and shortages of five global land cover
products in Africa, which provides a reference for the product
users to choose the appropriate cropland datasets for their
researches, and helps the product producers to improve the
methodology and technology of data processing in the future.

2015a; Brovelli et al., 2015a). Following IGBP classification,
MODIS Collection used decision tree classification to sort the
land cover into 17 types (Friedl et al., 2010a). Unified Cropland
is derived from three datasets by mean value resampling, every
value of pixel represents the cropland proportion (Frangis et al.,
2016).

The supplementary data in 2010 including cropland statistic area
and climate classification in Africa. The cropland area is sourced
from FAO statistic http://www.fao.org. Based on the proportion
of cropland in African countries provided by FAOQ, the cropland
area can be calculated. KOPPEN-Geiger climate classification
divides Africa into 13 climate zones (Peel et al., 2007a), the
vector data are available to download on the website of WORLD
MAPS OF KOPPEN-GEIGER CLIMATE CLASSIFICATION.

] ] Spatial
Product Time Satellite sensor ) Cropland class
resolution
Irrigated croplands, rained croplands, mosaic cropland (50-
GlobCover 2009 ENVISAT/MERIS 300m 70%)/vegetation (20-50%), mosaic vegetation (50-
70%)/cropland (20-50%)
Rained croplands, irrigated croplands, mosaic cropland
ENVISAT/MERIS _ _ )
CCI Land Cover 2010 300m (>50%)/vegetation (<50%), mosaic vegetation
SPOT-VGT
(>50%)/cropland (<50%)
LANDSAT TM,
GlobeLand30 2010 30m cropland
ETM7, HJ-1
MODIS Collection5 2010 TERRA/MODIS 500m Cropland, mosaic cropland/vegetation
Unified Cropland 2014 / 250m cropland

Table 1. Characteristics of five cropland datasets used in this study
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2.2 Data Preprocessing

Due to the difference between the spatial resolution and
classification, data preprocessing is indispensable before the
comparison of five global land cover datasets. First of all, the
projects of the five global land cover datasets were transformed
into WGS-84 by using nearest-neighbor resampling. Because
this paper is focusing on the cropland in Africa, it is necessary to
harmonize the cropland classification of five datasets. According
to the definition of croplands provided by the FAO, the
classification related to the cropland were fused (Table 1). Both
of GlobeLand30 and Unified Cropland only include one kind of
cropland. MODIS Collection5 includes both of cropland and
mosaic cropland / vegetation. GlobCover and CCI Land Cover
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include four types of cropland, GlobCover contains irrigated

croplands, rained croplands, mosaic cropland (50-
70%)/vegetation (20-50%) and mosaic vegetation (50-
70%)/cropland (20-50%). CCl Land Cover contains Rain
croplands, irrigated croplands, mosaic cropland
(>50%)/vegetation(<50%), mosaic vegetation(>50%)/cropland
(<50%). MODIS Collection5 has the coarsest spatial resolution
among five datasets, the other four datasets were normalized to
the resolution of 500m by using the method of nearest neighbor
resampling. On the basis of the vector data of Africa‘s boundary,
five products were clipped to obtain the cropland datasets in
Africa. Finally, the cropland proportion in each pixel was
calculated. The five cropland datasets of China after

preprocessing were shown in Figure 2.
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Figure 2. Five cropland datasets after preprocessing

3. METHOLOGY

In this paper, the comparison of five cropland datasets in Africa
including the accuracies of datasets in cropland area and spatial
location. In terms of cropland area, compared with statistic data,
the accuracies of five cropland datasets were estimated at
country and continent scale. In terms of spatial location, the
overall accuracies and Kappa coefficients were calculated to
assess the accuracies of five cropland datasets, based on

validation samples. According to the climate classifications in

Africa, the overall accuracies was computed in different climate

zZones.

3.1 Cropland Area Comparison

Based on the African country boundary, the cropland area was
calculated from five cropland datasets, then the cropland area of
African continent was summarized. On the basis of the cropland
area of African countries in 2010 from FAO, the root mean
square error (RMSE) between the statistic data and the cropland

derived from five datasets was computed to represent the
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dispersion between statistic data and five cropland datasets. The
smaller the RMSE is, the smaller dispersion will be, the RMSE

was computed as follows:

oh, Gmy)®

RMSE = 1)

Where x; is the cropland area in country i, calculated from five
datasets, y; is the cropland area from statistic data in country i,
n is the number of African countries, the correlation coefficient
was computed to reflect the correlation between statistic data and
cropland datasets, the higher the correlation coefficient is, the
higher correlation will be, the correlation coefficient was

computed as follows:

R — Zizl(xi_f)(yi_y) (2)
N e

Where X is the average cropland area from datasets in African

countries, ¥y is the average cropland area of statistic data.

3.2 Spatial Location Comparison

Only assessing the global land cover in cropland area exists
limitation, the cropland area accuracy cannot describe anything
about the spatial accuracy of cropland. Thus, assessing the
accuracy of spatial location is necessary (Wu et al., 2009a). The
conventional method prefer to select a global land cover with
high accuracy as reference data, then compare the spatial
difference between the target products and reference data. While
the shortage of this method is extremely relying on the reference
data, the inaccuracy of the reference data might lead to the error
of finally result (Li et al., 2010a; Pflugmacher et al., 2011a). In
this paper, the validation samples were selected as reference, the
spatial location accuracy was assessed basing on this reference
data.

The quality, quantity and distribution of the validation samples
have been identified as the vital influence on the result of
accuracy assessment (Foody, 2010a). In this study, one part of
the validation samples is derived from FROM-GLC (Gong et al.,
2013a; Yu et al., 2014a), the global land cover was parted into
7000 hexagons with equal area, 5 samples were selected
randomly in each hexagon to ensure the well-distributed of the
samples, then the classes of the samples were identified by visual
interpretation to ensure the correctness of the classification.
However, there are 431 cropland samples and 6364 non-samples

in Africa, the wide gap between the number of cropland and
samples cannot satisfy the demand of the accuracy assessment.
Hence, samples were selected randomly basing on the cropland
distribution of five datasets. According to the Google Earth
imagery, 650 cropland samples were verified. The two sources
samples were gathered to be the validation samples of five
datasets, with 1081 cropland samples and 6364 non-cropland
samples, as shown in Figure 3. Based on these validation
samples, the confusion matrix was used to compute the overall
accuracy and Kappa coefficient to compare the accuracy of

spatial location.
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Figure 3. Spatial distribution of the validation samples

Africa is divided into 13 zones by KOPPEN-Geiger climate
classification (Peel et al., 2007a): Hot-summer Mediterranean
climate (Csa), Subtropical highland climate (Cwb), Temperate
mediterranean climate(Csb), Cold semi-arid climate(Bsk),
Equatorial climate(Af), Tropical savanna climate(Aw), Hot
semi-arid climate(Bsh), Temperate oceanic climate(Cfb), Hot
desert climate(Bwh), Monsoon climate(Am), Humid subtropical
climate(Cfa),  Monsoon-influenced  humid  subtropical
climate(Cwa), Cold desert climate(Bwk). Basing on these
climate classifications, we select 5 climate zones where the
cropland are mainly distributed to evaluate the spatial accuracies

of five datasets in these zones.
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4. RESULT

4.1 Comparison of Cropland

The various differences can be found between the cropland
areas computed from five cropland datasets and statistic data in
each African country. CCI-LC is generally overestimated the
cropland area, the cropland areas derived from GlobeLand30 and
MODIS Collection5 are close to the statistic with small gaps. We
compared the arable area in Africa summarized by the five
cropland datasets and statistic data (Figure 4). Overall, all of five
maps overestimate the cropland area, the cropland area
calculated from GlobeLand30 is 23.4><10°%km?2, which is the
closest to the statistics by 19.6x<10%m?. Followed by the
cropland area derived from MODIS Collection5 and GlobCover,
which are 25.4x10%m? and 26.4x<10%m?. Compared with
statistic area, Unified Cropland and CCI-LC have a greater

degree of overestimation.
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Figure 4. Total cropland area in Africa from statistics
and cropland datasets
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Figure 5. Dispersion and correlation of the area between the cropland dataset and statistic

RMSE and correlation coefficients were computed to show the
dispersion and fitness between the five cropland datasets and
statistic data (Figure 5). The solid line reflects the trend between
cropland dataset and statistics. The RMSE value of
GlobeLand30 is smaller than others, with a data distribution on
or near the 1:1 line, which reflects the least dispersion from the

statistic data. The RMSE value of MODIS Collection5 is also

comparatively small, the data points of MODIS Collection 5 are
distributed near 1:1 line, with a large gap of the minority. CCI-
LC has the largest dispersion with statistic data, by the highest
RMSE value and a scattered distribution with MODIS
Collection5, Unified Cropland, GlobCover, CCI-LC and the
statistic data are 0.89, 0.87, 0.85, 0.73 and 0.58. The higher the

value of correlation is, the better fitness with statistic will be.
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The best fitness was obtained from GlobeLand30, followed by
MODIS Collection 5. The poorest fitness was between CCI-LC
and statistic data. Generally the lowest dispersion and best
fitness can easily be found from GlobalLand30, which reflect an
in African countries.

accurate result of cropland area

Furthermore, this paper also found that the monitoring effect of

4.2 Comparison of the Spatial Location

The Kappa coefficient and overall accuracy were calculated via
confusion matrix to assess the spatial location accuracy of five
cropland datasets (Table 6). GlobeLand30 has the best accuracy

MODIS Collection 5 with 500m resolution is better than Unified
Cropland with 250m resolution and GlobCover, CCI-LC
datasets with 300m resolution, implying that the low spatial
resolution data can also obtain the accurate monitoring result by
appropriate classification approach and method.

of spatial location, with the highest overall accuracy and Kappa
coefficient, by 90.17% and 0.62. Followed by the Unified
Cropland and MODIS Collection, the overall accuracies and
Kappa coefficients are comparatively high, by 88.72% and 0.6,
88.17% and 0.54, respectively. The lower accuracies of spatial
location were obtained from GlobCover and CCI-LC, with the
poor overall accuracies and Kappa coefficient.

CCI Land Cover GlobCover GlobeLand30 MODIS Collection5 Unified Cropland
Overall accuracy/% 79.83 85.08 90.71 88.17 88.72
Kappa coefficient 0.43 0.47 0.62 0.54 0.60

Table 6. The spatial location accuracies of the five cropland datasets

Aiming to analysis the accuracies of spatial location in various
climate zones, 5 climate zones were selected to assess accuracies
by overall accuracies, including Tropical savanna climate(Aw),
Hot semi-arid climate(Bsh), Cold semi-arid climate(Bsk), Hot-
summer mediterranean climate(Csa) and Subtropical highland
climate(Cwb), as shown in Figure 7. In the Bsk, the best
accuracy is 81.16%, which obtained from Unified Cropland,
CCI-LC has the lowest overall accuracy of 71.16%. In the Csa,
GlobCover achieves the highest accuracy of 81.16%.
GlobeLand30 provides the best accuracies in the Aw, Bsh and
Cwhb, by 88.25%, 84.55% and 85.91%, respectively. On the
contrary, the overall accuracies of CCI-LC are relatively low

in these three zones, corresponding to 65.81%, 71.98% and

in the Bsk. Among five cropland datasets, the location accuracies
of GlobeLand30 are greater in each climate zone, while the
relatively low accuracies were obtained from CCI-LC.
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66.44%. Above all, in five climate zones, the accuracies of five
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Figure 7. Overall accuracies of the five cropland

datasets in five climate zones
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5. CONCLUSION

This paper took African cropland as the research object,
compared five global cropland datasets in circa 2010, including
Unified Cropland, MODIS Collection 5, GlobelLand30,
GlobCover, CCI Land Cover, according to the assessment of
cropland area, spatial location. The result shows that,
GlobeLand30 has the highest accuracies of cropland area, with
the lowest dispersion and best fitness. Followed by MODIS
Collection 5 and Unified Cropland, the relatively low accuracies
are obtained by GlobCover and CCI-LC. For the accuracies of
spatial location, GlobeLand30 also reaches the highest accuracy,
followed by the Unified Cropland, MODIS Collection 5 and
GlobCover. CCI-LC achieves the poorest accuracy than other
four cropland datasets. Comparing the spatial location accuracy
in 5 climate zones, the higher overall accuracies can be found in
the Csa which has perfect farming condition with intensive
distribution of cropland. While values of accuracy obtained from
five datasets are generally low in the Bsk with a scattered
distribution of cultivated land. It can be concluded that the place
with well climate condition has better spatial location, the
cropland can be distinguished easily by five datasets than the

place with a poor condition for planting.

In general, dataset with higher spatial resolution has greater
mapping accuracy. However this paper found this conclusion is
not completely true. MODIS Collection 5 dataset with the lowest
resolution in five products had a better fitness with statistics than
others, expect GlobeLand30 dataset. The overall accuracy and
Kappa coefficient of MODIS Collection are higher than the
value of GlobCover and CCI-LC. It can be concluded that not
only should the spatial resolution of remote sensing data be
concerned when selecting the datasets, but its classification
system and classification method are also the keys to influence
the mapping precision. Low spatial resolution dataset can also
obtain the accurate monitoring result by appropriate

classification approach and method.
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