Int J Appl Earth Obs Geoinformation 85 (2020) 102010

Contents lists available at ScienceDirect

Int J Appl Earth Obs Geoinformation
journal homepage: www.elsevier.com/locate/jag

Assessing factors impacting the spatial discrepancy of remote sensing based
cropland products: A case study in Africa

T

Mohsen Nabila,b,c, Miao Zhanga,*, José Bofanaa,b,d, Bingfang Wua,b, Alfred Steine, Taifeng Dongf,
Hongwei Zenga, Jiali Shangf
a

State Key Laboratory of Remote Sensing Science, Aerospace Information Research Institute, Chinese Academy of Sciences, Beijing 100101, China
University of Chinese Academy of Sciences, Beijing 100049, China
c
Division of Agriculture Applications, Soils, and Marine (AASMD), National Authority for Remote Sensing & Space Sciences, Egypt
d
Faculty of Agriculture-Catholic University of Mozambique-Cuamba, Mozambique
e
International Institute for Geo-information Science and Earth Observation (ITC), P.O. Box 6, 7500 AA Enschede, the Netherlands
f
Science and Technology Branch, Agriculture and Agri-Food Canada, Ottawa, ON K1A 0C6, Canada
b

ARTICLE INFO

ABSTRACT

Keywords:
Cropland mapping
Land cover
Remote sensing
Africa
Spatial agreement
Limiting factors

Many African countries are facing increasing risks of food insecurity due to rising populations. Accurate and
timely information on the spatial distribution of cropland is critical for the effective management of crop production and yield forecast. Most recent cropland products (2015 and 2016) derived from multi-source remote
sensing data are available for public use. However, discrepancies exist among these cropland products, and the
level of discrepancy is particularly high in several Africa regions. The overall goal of this study was to identify
and assess the driving factors contributing to the spatial discrepancies among four cropland products derived
from remotely sensed data. A novel approach was proposed to evaluate the spatial agreement of these cropland
products and assess the impact of environmental factors such as elevation dispersion, field size, land-cover
richness and frequency of cloud cover on these spatial differences. Results from this study show that the overall
accuracies of the four cropland products are below 65%. In particular, large disagreements are seen on datasets
covering Sahel zone and along the West African coasts. This study has identified land-cover richness as the
driving factor with the largest contribution to the spatial disagreement among cropland products over Africa,
followed by the high frequency of cloud cover, small and fragmented field size, and elevation complexity. To
improve the accuracy of future cropland products for African regions, the data producers are encouraged to take
a multi-classification approach and incorporate multi-sensors into their cropland mapping processes.

1. Introduction
Given the overall increase in food production at the global scale,
many parts of the world continue to face food insecurities. Of the 86
countries that are defined as low-income and food-deficient, 43 are in
Africa (http://www.fao.org/3/w9290e/w9290e01.htm). According to
the Food and Agriculture Organization of the United Nations (UN), the
prevalence of hunger in recent years has been on the rise in Africa, after
many years of decline. Among the many causes, the high population
growth rate has contributed to Africa’s high risk of food insecurity (FAO
et al., 2015). By 2050, the continent will occupy more than half of the
world’s population (FAO and ECA, 2018). To fulfil food requirements,
African countries need to achieve a 60–70% increase in annual agricultural output by 2050 (Organization, 2009; Alexandratos and
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Bruinsma, 2012; See et al., 2015). Compounded by climate change,
plans and investments for agricultural land expansion and crop productivity may be hampered by the lack of accurate cropland information at national and local levels (See et al., 2015; Fritz et al., 2013). At
the national scale, accurate information on cropland acreage, spatial
distribution and yield forecasts can support well-informed decision
making on food import and export. At the local scale, detailed mapping
can help guide the beneficial management practices (BMPs) to improve
yield (Funk and Brown, 2009; Matton et al., 2015). While traditional
methods, such as field surveys, can be reliable in gathering cropland
information, they are time-consuming and costly. Remote sensing
technology offers an efficient alternative for cropland information collection. Especially with the recent advancement in increased spatial
resolute and reduced data cost, remote sensing based land-cover
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Table 1
List of several remote sensing land-cover products produced in the last two decades.
Dataset

Spatial Resolution

Year(s)

Producer

MODIS Terra + Aqua Combined Land Cover product (MCD12Q1)
Global Land Cover 2000 (GLC2000)
MERIS derived GlobCover datasets
Finer resolution observation and monitoring of global land cover (FROM-C)
Landsat-derived GLOBELAND30 (GLC30) dataset
ESA Climate Change Initiative – global Land Cover dataset (ESA CCI-LC)
Copernicus global land operations (CGLS) land cover product of Africa
(CGLS-LC100)
ESACCI-LC_S2_Prototype map for Africa
Cropland Extent Product (GFSAD30AFCE,) dataset over Africa

500 m
1 km
300 m
30 m
30 m
300 m
100 m

2001-2018
2000
2005 & 2009
2015
2000 & 2010
1992 - 2015
2015

(Friedl et al., 2002)
(Bartholomé and Belward, 2007)
(Defourny et al., 2006)
(Geng et al., 2013)
(Chen, 2015)
ESA Climate Change Initiative - Land Cover project 2017.
Copernicus Global Land Service (CGLS)

20 m
30 m

2016
2015

ESA Climate Change Initiative - Land Cover project 2017.
(Xiong et al., 2017)

2. Data collections

products have been routinely used in large-scale studies (Kaptué
Tchuenté et al., 2011; Geng et al., 2013; Buerkert and Hiernaux, 1998;
Xiong et al., 2017).
In the past two decades, different land-cover products, as listed in
Table 1, have been developed using multi-satellite sensors (e.g., MODIS,
Landsat series, Proba-V and Sentinel-2) for public use. Despite the upto-date information provided by these products over wide geographical
areas at almost no cost, mapping cropland from remote sensing remains
to be a challenge. Large uncertainties and discrepancies among different cropland/land-cover products have been found particularly over
Africa (Fritz et al., 2011; Giri et al., 2005; Vancutsem et al., 2012; Xu
et al., 2019; Fritz et al., 2013; FAO, 2010). Hence, great efforts are
needed to investigate the causes of discrepancies and develop methodologies to reduce them.
Many previous studies have focused on assessing the accuracy of
individual cropland products over Africa. For example, Liu et al. (2018)
made a comparison of cropland areas derived from the annual updated
ESA CCI land cover maps and the official statistics at the national level.
Their results showed an overestimation of cropland area in most
countries (Liu et al., 2018). Validation of the three landcover datasets
(CGLS-LC100, ESA-S2-LC20 and FROM-GLC-Africa30) revealed an
overall accuracy of above 60% for all three datasets, while the CGLSLC100 was the most accurate in mapping cropland in Africa when
compared with FAO statistics (Xu et al., 2019). The overall accuracy of
ESACCI-LC_S2_Prototype map was determined as approximately 65%
with an overestimation of cropland areas in Chad and Sudan, and
missing croplands in Morocco and Algeria (Lesiv et al., 2017). Studies
also found large spatial discrepancies among different cropland products due to high omission of croplands in Africa, especially over
Tanzania, Kenya and Somalia (Fritz et al., 2010; Vancutsem et al.,
2012). The comparison among the three datasets (CGLS-LC100, ESA-S2LC20 and FROM-GLC-Africa30) indicated a great disagreement (43%)
in mapping vegetation types (forest, shrubland, grassland and cropland)
over mountainous mining regions and the Sahel zone in Africa (Xu
et al., 2019). However, limited research has explored the potential
causes of these differences, especially in mapping African’s cropland.
The overall goal of this study was to assess the spatial differences
among four recent land-cover products over Africa that are three
landcover datasets (ESA Climate Change Initiative – global Land Cover
dataset for the year 2015 (ESA CCI-LC-2015, 300 m), Copernicus global
land operations (CGLS) land-cover product of Africa (CGLS-LC100,
100 m), the ESACCI-LC_S2_Prototype map for Africa (ESACCILC_S2_Prototype, 20 m)), and one cropland dataset (Cropland Extent
Product (GFSAD30AFCE, 30 m) over Africa (Xiong et al., 2017)). Specific objectives include 1) assess the accuracy and differences in the
spatial distribution of croplands among the four recent land-cover and
cropland datasets over Africa; 2) identify the regions with low spatial
agreement among datasets where the accuracy of mapping cropland
needs to be improved; 3) identify the driving factor within the four
recognized impacting factors (elevation dispersion, field size, landcover richness, and frequency of cloud cover over the low agreement
areas.

2.1. Satellite-derived land-cover datasets
Four land-cover datasets have been selected for this study. The ESA
CCI-LC dataset of 300 m spatial resolution was produced by the ESA
Climate Change Initiative - Land Cover project 2017. The satellite data
integrated the entire MERIS FR and RR archive from 2003 to 2012,
AVHRR time series between 1992 and 1999, SPOT-VGT time series
between 1999 and 2013, and PROBA-V data for the years of 2013, 2014
and 2015. Using both unsupervised classification and machine learning
algorithms advantage has been taken of both the spectral and temporal
richness of the time series satellite images. The classification scheme
was designed following the US Land Cover Classification System (LCCS)
with 22 landcover classes. Cropland was represented with four classes;
two pure (rain-fed and irrigated) and two mixed cropland classes. The
full ESA CCI-LC dataset consists of 24 annual LC maps (from 1992 to
2015). In this study, the land cover map for 2015 was used. The accuracy of this map was previously reported as 71.5% (CCI-LC-PUGV2,
2017).
The Copernicus global land operations (CGLS) land cover product of
Africa (CGLS-LC100) was the first Land Cover map produced by CGLS
for the year 2015 over the Continent of African. The map (https://land.
copernicus.eu/global/products/lc) was generated from both PROBA-V
300 m and PROBA-V 100 m time-series using the random forest algorithm trained and validated by 10 m resolution samples gathered from
high-resolution satellite image interpretation using the Geo-wiki tool
(https://geo-wiki.org/). The final product was one discrete landcover
map with 13 landcover classes defined according to the UN Land Cover
Classification System (LCCS), as well as a set of four vegetation cover
proportion maps. In our study, we used the discrete landcover map with
an overall accuracy of 74.3%. The map has one integrated cropland
class that has a user’s accuracy at 66.5% and producer’s accuracy at
67% (CGLOPS-1, 2018).
The 30 m Cropland Extent Product (GFSAD30AFCE) dataset was
developed by (Xiong et al., 2017) to map the extent of Africa’s cropland
for the growing season (July 2015 to June 2016). Satellite images from
both Sentinel-2 MSI and Landsat-8 OLI were used to obtain two halfyearly cloud-free mosaics (Period 1: January – June 2016 and Period 2:
July – December 2015) over the continent. The four corresponding
spectral bands between Sentinel-2 MSI and Landsat-8 OLI, the calculated NDVI from each sensor and the slope layers were used as inputs to
the pixel-based (random forest) and object-based classifiers. The resultant map has three categories (cropland, non-cropland, and water
bodies) with an overall accuracy of 94.5%. The cropland class has
85.9% producer’s accuracy and 68.5% user’s accuracy (Xiong et al.,
2017).
The ESACCI-LC_S2_Prototype map was built by ESA’s Climate
Change Initiative Land Cover project 2017 using more than 30,000
Sentinel-2A L1C images (1 year of Sentinel-2A observations from Dec.
2015 to Dec. 2016). Two classification algorithms, the RF and Machine
Learning (ML), were used to map landcover over the whole of Africa.
2
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Fig. 1. A schematic shows how binary cropland maps were converted into cropland percentages and categories (green colour represents crop pixels, and grey colour
represents non-crop pixels) at the same 300 × 300 m reference location (black rectangle). (For interpretation of the references to colour in this figure legend, the
reader is referred to the web version of this article.)
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effect, average cloud frequency for each of the three periods (October –
January, February – May, and June – September) was also generated.

Table 2
Linear regression analysis between each of the cropland datasets and the reference dataset.

R2
RMSE
N. of validation locations

ESACCI-LC_S2_
Prototype

GFSAD30AFCE

CGLSLC100

0.44
37.6
7311

0.45
37.3
7311

0.47
36.6
7311

3. Methodology
3.1. Dataset harmonization, cropland layer generation and accuracy
assessment
Data harmonization is a key prerequisite to obtain meaningful information from multiple spatial datasets (Fichtinger et al., 2011;
Pollard et al., 2019). In this study, data harmonization was performed
before spatial comparison to ensure the comparability among datasets.
To achieve this, all four datasets were first reprojected to the same
geographic coordinate system ([GCS-WGS-1984], DATUM: [D-WGS1984]). A binary map was then generated using each of the four reprojected products. The resultant map contains only two landcover
types, cropland and non-cropland. Three of the four datasets (CGLSLC100, GFSAD30AFCE and ESACCI-LC_S2_Prototype map) have one
pure cropland category. The ESA CCI-LC 2015 dataset has two types of
cropland classes, pure cropland and mosaic cropland. The pure cropland class refers to irrigated and rainfed cropland. The mosaic class
contains a range of cropland cover fractions. Hence, this dataset was
further reclassified into four classes (1: 100% cropland, 2: > 50%
cropland, 3: < 50% cropland and 4: non-cropland class includes all
other landcover classes). Finally, four cropland datasets (20 m, 30 m,
100 m and 300 m) were derived.
The reference dataset used in this study consists of percentage
cropland cover estimated form 300 × 300 m frames over Africa (Laso
Bayas et al., 2017). To validate the cropland layers, the percentages of
cropland cover at the same reference locations were also estimated by
counting the cropland pixels to the total number of pixels contained
within the 300 m × 300 m area for the cropland layers derived from
each of the three datasets (GFSAD30AFCE, CGLS-LC100, and ESACCILC_S2_Prototype) (Fig. 1). These derived cropland percentage cover
were then compared against the reference dataset by exploring their
linear regression, the Pearson coefficient r and the root-mean-squareerror (RMSE). The cropland layer derived from ESACCI-LC_2015 dataset was excluded from regression analysis as it has categorical cropland classes (100%, < 50%, and > 50% cropland) rather than continues cropland percentage (from 0 to 100% cropland coverage).
Therefore, in order to compare the four datasets, all cropland percentage maps and the validation dataset were converted to the same categorical cropland classes as in ESA-LC_2015 dataset (1: noncropland,
2: cropland < 50%, 3: cropland > 50%, and 4: pure cropland 100%) as
shown in Fig. 1. Then, the accuracies of all four cropland datasets were
compared using descriptive statistics (overall, producer’s and user’s
accuracy, and Kappa coefficient).

Regression constant = 0, Confidence level = 95%.

The two maps produced by the two aforementioned classifiers were
then integrated to generate the final landcover map with nine landcover
classes (Fabrizio et al., 2018). The resultant map has an overall accuracy of 65%, and the cropland class has the user’s and producer’s accuracies of 46% and 71%, respectively (Lesiv et al., 2017).
Other information on spatial resolutions, satellite data, classification systems and classification algorithms of each of the four products
are summarized in Appendix Table A1.
2.2. The validation dataset
The validation dataset for the 2015–2016 growing season was derived from the Geo-Wiki global reference cropland database (Laso
Bayas et al., 2017). This global database was produced through a
crowdsourcing campaign with participation from trained students and
experts. Overall, almost 36,000 possible cropland locations around the
world were reviewed through visually interpreting high-resolution
imagery (Google and Bing) and analyzing NDVI time-series profiles
from different sensors (e.g. Landsat 7 ETM+, Landsat 8 OLI, and
MODIS Terra) at each of the 300 × 300 m sample sites. The percentage
of cropland was determined by more than one participant at each site.
In our study, we derived our validation dataset by averaging cropland
percentages determined by different users at 7311 sample locations
throughout Africa. The derived validation dataset was then used to
assess the mapping accuracy of the aforementioned four cropland datasets over Africa.
2.3. Ancillary data
In this study, four ancillary datasets used include the Global AgroEnvironmental Stratification (GAES) (Mücher et al., 2016), the
GTOPO30 (Global Topography in 30 arc-sec) dataset, the Global Field
Size (GFS) map (Fritz et al., 2015), and the MODIS derived Global 1 km
Cloud Cover (GCC1 km) dataset (Wilson and Jetz, 2016).
The stratification of GAES was based on the region’s agro-environmental characteristics including climatic regimes, soil, terrain, elevation conditions, water availability and land cover proprieties. The
product includes four different levels of details, and the fourth level is
the most detailed. Over Africa, a total number of 238 strata at Level 4
were clipped from the global dataset to be used to highlight the areas
having low spatial agreement among the four cropland datasets.
The GTOPO30 is a global digital elevation dataset for the world
generated by the United States Geological Survey (USGS) with a spatial
resolution of 30-arc seconds (approximately 1 km) (Gesch and
Greenlee, 1996). It was used in this study to produce the elevation
dispersion layer over Africa.
The global field size map was produced at 1 km resolution based on
field-size data collected via a Geo-Wiki crowdsourcing campaign (Fritz
et al., 2015). The GFS map ranks the sizes of the global agricultural
fields from very small to large. In our study, the GFS map was used to
derive the average size of agriculture fields over Africa.
The GCC1 km dataset was produced by (Wilson and Jetz, 2016) with
high agreement (R2 = 0.74, n = 53,678, p < 0.001) with weather
station observations. We used this dataset to generate the average annual cloud frequency over Africa. To further investigate the cloud

3.2. Spatial-agreement assessment of cropland datasets
The four cropland layers extracted from the aforementioned four
datasets have different spatial resolutions (20 m, 30 m, 100 m, and
300 m). To unify the spatial resolution and perform the per-pixel
comparison of the four cropland datasets, they were converted into
cropland coverage percentage layers following the same methodology
proposed in (Fritz et al., 2011, 2010). Cropland coverage was defined as
the percentage of cropland pixels to the total number of pixels within a
10 km × 10 km cell. For the ESA CCI LC 2015, the percentage for pure
cropland pixels (in Class1) was considered as 100%, while the mixed
cropland pixels (Class2 > 50% cropland and Class3 < 50% cropland)
were considered as 75% and 25% cropland coverage, respectively. Finally, four cropland coverage percentage layers were produced in
10 km cell size. The agreement among the cropland layers over Africa
was measured by estimating the per-pixel standard deviation (STdv).
The low STdv value indicates that the cropland coverage percentages
measured by the four datasets are close (high agreement), while the
4
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Fig. 2. The 10 km spatial agreement maps derived based on the standard deviation (STdv) between two datasets ((a) between ESACCI-LC_S2_Prototype map and
GFSAD30AFCE (b) between ESACCI-LC_S2_Prototype map and CGLS-LC100 (c) between GFSAD30AFCE and CGLS-LC100), among three datasets (d) (ESACCILC_S2_Prototype map, GFSAD30AFCE and CGLS-LC100), and among the four datasets (e)).
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Fig. 3. (a) the area of different agreement levels estimates as a percentage of the total area of agreement, and (b) the RMSE in estimating the actual cropland coverage
percentage at each level of agreement.

10 × 10 pixel window and assigning the value to the new 10 km grid
cells. Cloud frequency is expressed as a percentage of cloud occurrence
(0% means no clouds during the period, and 100% means that the
clouds were present during the whole period). The annual cloud frequency was retrieved from the MODIS derived Global 1-km Cloud
Cover dataset by averaging every 10 × 10 pixels and assigning the
value to the new 10 km grid cells over Africa. The same method was
used to produce the average cloud frequency during each of the three 4month periods (October – January, February – May, and June – September) at 10 km grid cells. These three periods could are considered as
the start, mid and end of the growing season for most of the African
regions.
Measurement of landscape heterogeneity was made in previous
studies (Fritz et al., 2011; Herold et al., 2008; McCallum et al., 2006) by
counting the number of patches (contiguous areas of the same landcover class) or by determining the proportion of pixels located in both
homogeneous and heterogeneous areas. Then, the relation between the
landcover dataset’s heterogeneity and mapping accuracy was investigated. In our study, landcover richness was determined by
counting how many different thematic classes are present in each target
neighbourhood (10 × 10 km), and the average value from the three
datasets (ESA CCI-LC 2015, CGLS-LC100, and ESACCI-LC_S2_Prototype)
was used to describe the richness of the landscape. An area is considered homogenous if only one class is present in the area. Before
determining the landcover richness, the legends of the three landcover
datasets were reconciled into a more general legend with 8 main
landcover classes (1: Cropland, 2: Trees cover areas, 3: Shrubs cover
areas, 4: Herbaceous vegetation, 5: Bare/sparse vegetation, 6: Herbaceous wetland, 7: Built-up areas and 8: Water).
The effects of the four limiting factors at low spatial-agreement
regions, identified based on the methodology described in Section 3.2,
were assessed using the Pearson correlation coefficient r calculated
between each limiting factor and the degree of spatial agreement. Based
on r for each factor, the map revealing the key limiting factor (high r, pvalue < 0.05) for each region was produced. When no significant relationship for any specific factor over a region, we consider that all
factors have an equal impact on the accuracy of cropland mapping.

high STdv means high variation in mapping cropland coverage among
datasets (low agreement).
By overlaying the African Agro environmental strata (AES) with the
10 km map that shows the spatial agreement among all four datasets,
the zones with the lowest spatial agreement were identified. The correlation between several factors and spatial disagreement among datasets in these regions were further investigated.
3.3. Factors affecting cropland mapping accuracies
The accuracies of cropland map products are the combined results
of many factors. The use of different classification schemes and the
absence of a universal landcover system had a negative influence on the
spatial consistency among landcover datasets (Herold et al., 2008; Wu
et al., 2008; Gao and Jia, 2012). The overlap in the definition of different classes among classification systems (Giri et al., 2005), the use of
thresholds for separating the classes (Fritz and See, 2005) and the absence of some classes in one of the classification systems (McCallum
et al., 2006) can also lead to large spatial discrepancies. In addition, the
pixel-based classification methods used (Wu et al., 2008), datasets derived from different data sources (Giri et al., 2005), and when the datasets being compared representing different time frames (Pérez-Hoyos
et al., 2017), reduced spatial consistency between landcover datasets
can occur. Furthermore, environmental factors such as complex topography featured by high elevation and slope usually lead to smaller
field sizes for cultivation. The highly fragmented landscape tends to
cause large spectral confusions among different landcover types;
whereas the use of coarse-resolution landcover datasets in these regions
can introduce highly uncertainties in the final map projects (Wu et al.,
2008; Pérez-Hoyos et al., 2017).
Previous studies have assessed the impacts of elevation, slope,
temperature and precipitation on the discrepancies among different
landcover datasets and the impact of cloud frequency on cropland
mapping accuracy (Xu et al., 2019). In our study, we focused on the
influences of four factors including elevation dispersion, agriculture
field size, landcover richness and frequency of cloud occurrence on the
accuracy and spatial consistency of the cropland layer derived from the
four datasets in Africa. Comparing with the impact factors evaluated in
previous studies, the factors considered in our study have more complex
natures. Instead of using the simple elevation on its own, we used
elevation dispersion which describes the variation in the elevations of a
given area as an indicator of the surface roughness. It was measured as
the standard deviation between each of the 10 × 10 neighbour pixels of
the 1 km GTOPO30 elevation dataset and assigned the value to the new
10 km grid cells. The agriculture field-size layer over Africa was derived
from the 1 km global field-size map by calculating the average of each

4. Results & discussion
4.1. Cropland mapping accuracy assessment
Table 2 reveals that the three datasets (ESACCI-LC_S2_ Prototype,
GFSAD30AFCE and CGLS-LC100) had moderate correlations with the
reference dataset. The average R2 = 0.45 and average RMSE = 37 ±
0.5% for the cropland class for the three datasets combined.
6
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Fig. 4. Low agreement regions (STdv > 10%) among the four cropland datasets over Africa.

Individually, the CGLS-LC100 dataset achieved the highest correlation
(R2 = 0.47) and lowest error (RMSE = 36.6% for cropland).
Error matrices were used in comparing the four datasets after converting all cropland layers using the same categories of ESA-LC_2015
cropland layer. As shown in Appendix Table A2, GFSAD30AFCE had the
highest accuracy, followed by CGLS-LC100, ESA CCI-LC 2015, and
ESACCI-LC_S2_Prototype map. In general, the overall accuracies of all
four datasets were below 65%. The fully-cropped areas (100% cropland
coverage) were mapped with higher producer’s accuracy, but with the
lowest user’s accuracy, compared with areas having less than 100%
cropland coverage. This suggests that cropland areas were overestimated in all four datasets cropland datasets, which is consistent
with the conclusion from other studies (Liu et al., 2018; Xu et al., 2019)

4.2. Regions of low spatial agreement
The spatial agreements between datasets are shown in Fig. 2. In
general, the standard deviations among all four cropland datasets vary
from 0 to 50% cropland coverage over Africa. The Sahel is the region
showing the highest spatial disagreement (Fig. 2e), which reflects the
high uncertainty of the actual cropland distribution from the four datasets. A large spatial difference between ESACCI-LC_S2_Prototype map
and GFSAD30AFCE cropland datasets was also found in some regions in
the northwest part of Africa, especially in Morocco and Algeria
(Fig. 2a). Large portions of croplands were missing from ESACCILC_S2_Prototype map in Morocco and Algeria, as reported by (Lesiv
et al., 2017). The spatial difference over this region is lower between
7
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Fig. 5. Maps showing key limiting factors for each of the low-agreement areas over the Continent of Africa, with four regions highlighted: a) West African coast, the
mostly impacted region by cloud frequency, b) the area between Mauritania and Mali is mostly impacted by small field size, c) the area between Sudan and Chad is
mostly influenced by landcover richness, and d) the region in south Somalia (East Africa) is largely influenced by elevation dispersion.

Fig. 6. The contribution of each factor on the spatial difference.

GFSAD30AFCE and CGLS-LC100 as shown in Fig. 2c. A large spatial
difference also appeared in West African coast when comparing
GFSAD30AFCE and CGLS-LC100 (Fig. 2c) and also among the four
products (Fig. 2e). In particular, the GFSAD30AFCE underestimated
cropland area for both Cote d'Ivoire and Ghana in West Africa when
compared with statistical area from UN FAO (Xiong et al., 2017). The
low agreement in coastal regions of Somali is apparent when comparing
CGLS-LC100 with other cropland datasets (Fig. 2b & c). This region is
among other areas where CGLS-LC100 showed a low mapping accuracy
as reported by (CGLOPS-1, 2018). The areas with low agreement among
datasets increased when adding the ESA-LC_2015, especially in Sahel

and West African coast.
Fig. 2e shows the agreement among the four cropland datasets represented by ten categories of agreement. The area of each category in
is presented in Fig. 3a as a percentage of the total area of agreement
(areas with STdv > 0). Fig. 3a also shows that 63.8% of the total area of
cropland has STdv less than 10%. Fig. 3b demonstrates that the accuracy of cropland map decreases with reduced spatial agreement among
the four datasets (RMSE in mapping cropland coverage increases with
the increase of STdv), with a relatively strong relationship (r = 0.73).
The average accuracy of cropland map over areas with STdv < 10%
achieved 70% for all four datasets, while average accuracy over the
8
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between landcover richness (an indicator of landscape heterogeneity)
and average STdv (an indicator of the agreement among dataset) is
shown in Fig. 7. The disagreement among datasets increased with the
increase in landcover richness up to the level of five classes. If the
landcover richness continue to rise (containing 6 classes), the effect of
mixed pixels becomes more dominant.
Landcover richness also has a large influence on the spatial difference between products, especially for regions dominated by herbaceous
vegetation (includes grassland). This is consistent with (Herold et al.,
2008; McCallum et al., 2006; Xiong et al., 2017; Fritz et al., 2013;
Pérez-Hoyos et al., 2017) that the spectral similarity with grassland and
other herbaceous vegetation limits accurate mapping of African cropland, especially in arid and semi-arid areas where the rainfall regime
causes synchronized phenology between crops and natural vegetation
causing difficulty to separate crops from mother natural vegetation due
to high spectral similarities (Vintrou et al., 2012). The main area affected by the landcover richness factor is the Sahel region, which is the
transitional zone of eco-climatic and biogeographical significance with
Sahara to the north and the Sudanian Savanna to the south (https://en.
wikipedia.org/wiki/Sahel). In particular, the area bordering Niger and
Nigeria and the southwestern part of South Sudan (Fig. 5) is largely
affected. The seminar-arid environment and heavily active agriculture
activities have all contributed to the highly diversified and segmented
landcover types.
In addition to landcover richness, contributions from other impacting factors are also evident. For example, even at locations dominated by cropland (Fig. 8, orange colour bar), the disagreement among
datasets is still high (large STdv) suggesting strong influences from
factors other than landcover richness.
Cloud frequency was the second most influential factor, account for
20.4% of the total influenced area (Fig. 6), particularly over the West
African coast (Fig. 5a) and some regions in North Africa (south Algeria,
south Tunisia, and east Morocco). The correlation between annual
cloud frequency and average STdv is strong (R2 = 0.95, Fig. 9a) over
West Africa. Fig. 9 reveals a weak spatial consistency among cropland
datasets corresponding to high cloud frequency. However, when cloud
frequency reaches around 75% (Fig. 9b and c), the disagreement between datasets starts to decrease. This could be explained by the remote
sensing datasets may wrongly agree on the absence of cropland at regions with very high cloud frequency (e.g. 75%) where the number of
high-quality satellite images became rare. During the early and midagricultural growing season, the presence of clouds is particularly
hampering the ability of optical remote sensing satellites from accurate
crop-type identification (Becker-Reshef et al., 2010; Whitcraft et al.,

Fig. 7. The relationship between landcover and the spatial agreement (represented as average STdv) among the four datasets evaluated.

areas with STdv > 10% (about 36.2% of the total area of agreement)
was only 40% for the four datasets, as shown in the error matrices in
Appendix Table A3. This made the 10% threshold of STdv a benchmark
point separating the regions of accurate cropland mapping from low
spatial consistency among datasets. The average STdv was then estimated for each of the agro-Environmental strata (238 strata over
Africa), and only areas with STdv > 10% were considered as lowagreement areas and highlighted in Fig. 4. Effects of limiting factors on
the spatial agreement among datasets were only assessed for the areas
with the low spatial agreement (Fig. 4). In terms of environmental
conditions, the areas with extremely hot and moist hills located in West
Africa and the areas of extremely hot and xeric hills situated mostly in
Sahel region were the areas with the largest spatial disagreements in
Africa.
4.3. Driving factors for spatial disagreement
Fig. 5 depicts the factors contributing to spatial disagreement
among the four datasets. On the map, each of the low-agreement regions is identified and the key limiting factors (having the highest r
value with the spatial agreement, at p-value < 0.05) colour coded.
Based on Fig. 5, the percentage area affected by each of the four factors
was calculated using the total area of the low agreement regions (areas
with STdv > 10%) as the base value (Fig. 6).
As shown in Figs. 5 & 6, landcover richness is the most influential
factor, affecting 21.6% of the total area. The curvilinear relationship

Fig. 8. The average agreement among cropland datasets at locations dominated by cropland (orange), vegetation classes (green), and non-vegetation classes (red and
blue). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 9. The relation between cloud frequency and the agreement among datasets (STdv as % cropland coverage) over West African coast: (a) The annual cloud
frequency; (b) during the period (October – January); (c) during the period (February – May) and (d) during the period (June - September). Cloud frequency is
expressed as a percentage from 0% (no clouds during the period) to 100% (clouds present during the whole period).

2015b) and crop growth condition monitoring (Duveiller et al., 2012).
In the West African coast, especially during the mid-growing season
(June – Sept.), cloud frequency had the highest negative effect
(R2 = 0.91, Fig. 9d) on the agreement among datasets when compared
with the effect of the cloud frequency at the other two growth periods
Oct. – Jan. and Feb. – May (Fig. 9b, c). This phenomenon highlights the
relative importance of data availability during the mid-growing season
to achieve high cropland discrimination in West Africa.
Our analysis reveals that field size is the third most influential factor
over Africa, account for 9.4% of the total area of influence (Fig. 6),
mostly located in Central Africa (Fig. 5b, the boundary between
Mauritania and Mali) and the eastern coast of Madagascar. At these
regions, the relationship between field size and the agreement among
datasets is strongly correlated (R2 = 0.7, Fig. 10). The large size of the

agricultural fields corresponds with higher spatial agreements among
the four datasets tested.
Elevation dispersion is the factor with the lowest impact on the
spatial consistency of cropland datasets compared with the other three
limiting factors with the smallest area of influence (0.7%) over Africa
(Fig. 5d). Over its impacted regions, such as south Somalia, the correlation between elevation dispersion and dataset agreement is characterized by a weak positive linear relationship (R2 = 0.29, Fig. 11).
The high elevation dispersion (high fragmentation and rough topography) corresponds to a high disagreement among the cropland datasets. The wide dynamic range of elevations in these regions also
caused reduced accuracy of thematic maps. The irregular topography
and the associated shadows can cause illuminative variations of the
targets and introduce spectral variations to the same landcover class

Fig. 10. The relation between Agriculture field size and the agreement among
cropland datasets.

Fig. 11. The relation of elevation dispersion with datasets agreement (average
STdv).
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(Rosen, 2005). Hence, topographic correction is one of the pre-processing steps to be applied to remote sensing images before classification (Vanonckelen et al., 2015; Goslee, 2012; Reddy and Blah, 2009).

require further investigation to identify the major factors impacting the
spatial discrepancies among cropland datasets.
5. Conclusions and recommendations

4.4. Challenges of cropland mapping at the continental scale using remote
sensing data

Despite the improvement in the spatial resolution of recent landcover datasets due to the use of Sentinel-2 imageries, the accuracy of
Africa’s existing cropland mapping products derived from remote sensing data is still limited. Sahel region and West Africa are the areas with
the largest spatial disagreements among four land-cover and cropland
datasets. High landscape heterogeneity, frequent cloud cover, and small
field size ranked as the top three factors impacting the spatial discrepancy of remote sensing-based cropland products over some African
regions. To overcome this limitation, an integrated mapping approach
should be considered. It is anticipated that improved accuracy can be
achieved by applying environmental stratification, expanding input
data sources, and optimizing the classification method used for cropland mapping in Africa. Spatial stratification can help solve issues
caused by intra-class variability and isolate special classes that are
unique only to specific regions (Inglada et al., 2017). The inclusion of
microwave sensors such as the Sentinel-1 synthetic aperture radar
(SAR) data will dramatically increase data availability due to SAR’s allweather and day-and-night capability; hence, missing data due to cloud
cover at key crop growth stages won’t be an issue anymore. To meet the
requirement of small field size, the synergy generated through the integration of high-resolution optical data with SAR data will offer both
the spatial details and the temporal frequency needed for improved
cropland classification. Selecting the appropriate classification methods
is also a key to improve classification accuracy. One of the approaches
to solve the issues inherent in mixed pixels is using a soft classification
approach such as fuzzy logic (Lu and Weng, 2007). In future cropland
mapping activates, it is recommended the adoption of an integrated
approach that would include a suite of classification methodologies
suitable for individual needs from different landscape and cropping
systems.

All four datasets tested in this study have a tendency to overestimate
the cropland area. This finding confirms the results reported by other
studies (Xu et al., 2019; Lesiv et al., 2017). Due to high landscape
heterogeneity (high landcover richness) and spectral confusion among
different landcover classes, especially grasslands, highly accurate
cropland mapping at the continental scale using remote sensing data is
very difficult to achieve (Lesiv et al., 2017). Increasing the source data
resolution did not seem to be able to solve this issue. For incidence, the
20 m finer resolution ESA CCI_LC_S2_Prototype map did not achieve the
highest accuracy of cropland mapping in Africa (Tsendbazar et al.,
2015). In future mapping activities, landcover heterogeneity should be
in conjunction with pixel sizes for better cropland mapping. In addition,
classification methods capable of decomposing mixed pixels should be
adopted to produce more accurate cropland maps over vast and dynamic regions of Africa.
The GFSAD30AFCE dataset achieved relatively higher mapping
accuracy because it took into consideration of the phenological information crop growth derived from remote sensing data (Xiong et al.,
2017). As stated by (Xu et al., 2019), the single-type landcover mapping
will potentially achieve better results considering the less variability
within a single targeted type and diverse contrast with other landcover
types. However, cropland area estimated from GFSAD30AFCE dataset
was 35% higher than the FAO national statistics (Xiong et al., 2017).
The dataset’s producers attributed the high discrepancies between
GFSAD30AFCE and national statistics to the presence of thick clouds
over particular regions which limited availability of seasonal cloud-free
or near-cloud-free mosaics from Landsat-8 and Sentinel-2 satellites over
Africa. It was estimated by (Whitcraft et al., 2015b) that about one-fifth
of Africa’s cropland was dominantly impeded by cloud contamination.
In our study, cloud frequency was ranked as the second most influential
factor (20.4% of agreement area) especially over Western African coast,
North Africa (e.g. south Algeria, south Tunisia, and East Morocco) and
Central Africa (the middle part of the Democratic Republic of Congo).
The presence of intensive clouds, especially during the mid-growing
season (June – Sept.), has the highest negative impact on cropland
mapping accuracy over these regions. To achieve higher mapping accuracy, alternatives such as the inclusion of synthetic aperture radar
(SAR) should be considered to increase the availability of cropland
information from different growth stages which can lead to better separation of cropland from other vegetation types.
The majority of Africa’s agricultural land falls within small
(< 1.5 ha) and very small (< 0.15 ha) parcel sizes (Pérez-Hoyos et al.,
2017). The use of 30 m resolution satellite images is not sufficient to
map Africa’s cropland with high accuracy (Xiong et al., 2017). The
spatial resolution required for agriculture monitoring is 5–10 m for
small fields size (< 1.5 ha) and less than 5 m for very small field size
(< 0.15 ha) in Africa (Pérez-Hoyos et al., 2017; Whitcraft et al., 2015a).
According to our analysis, field size is ranked as the third most influential factor that negatively impacts the cropland mapping accuracy
and spatial consistency among datasets, account for over 9.4% of the
low agreement areas, mainly distributed over West Africa, Centre Africa
(e.g. south Chad), and the eastern coast of Madagascar. Although our
analysis identified the critical factors for 52% of the problematic (lowagreement) areas, the limiting factors for the rest of the area (48%) are
still unclear. Areas including the northern part of Tunisia, Algeria and
Morocco, and in countries like Burkina Faso, Kenia and Tanzania will
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Appendix A

Table A1
The general characteristics of the four recent remote sensing-based datasets investigated in this study.

Dataset Producer
Satellite sensor
Spatial Resolution
Scale
Period of Data
Acquisition
Classification Method
Overall Accuracy
Cropland class(es):

Cropland class Accuracy

The source of table info

ESA CCI-LC 2015

CGLS-LC100

GFSAD30AFCE

ESACCI-LC_S2_Prototype

ESA Climate Change Initiative Land Cover project 2017.
MERIS, AVHRR, SPOT-VGT &
PROBA-V
300 meters
Global
2015

Copernicus Global Land Service
(CGLS)
PROBA-V 300 m &PROBA-V 100

(Xiong et al., 2017)
Sentinel-2 & Landsat 8

ESA Climate Change Initiative Land Cover project 2017.
Sentinel-2A

100 meters
Africa
2015

30 meters
Africa
2015/2016

20 meters
Africa
2015/2016

Unsupervised classification and
machine learning

Random Forest regression

Random Forest (RF) and Machine
Learning (ML),

71.45% -75.4% (reported by the
dataset producer)
- Cropland, rainfed
- Cropland irrigated or post flooding
- Mosaic cropland (> 50%) /
natural vegetation (tree, shrub,
herbaceous cover) (< 50%)
rainfed cropland: 89-92%, and
irrigated cropland; 89-83%.
(Reported by the dataset producer)

74.3 +/-1.8% (reported by the
dataset producer)
- Cropland

Pixel-Based (Random forest & Support
vector machine) and Object-Based
Algorithms
94.5% (Reported by the dataset
producer)
- Cropland

Croplands user accuracy was 66.5
+/- 4.6%, and the producer
accuracy was 67.0 +/- 5.2%
(Reported by the dataset producer)
(CGLOPS-1, 2018)

Producer’s accuracy of 85.9% and
user’s accuracy of 68.5% for the
cropland class. (Reported by the
dataset producer)
(Xiong et al., 2017)

Users (46 % and 50.4 %) and
producers (71% and 63%) (Reported
by (Lesiv et al., 2017)).

(CCI-LC-PUGV2, 2017)

65% (Reported by (Lesiv et al.,
2017))
- Cropland

(Fabrizio et al., 2018; Lesiv et al.,
2017)

Table A2
The confusion matrices and accuracy reports of the four datasets.
Geo-Wiki Cropland Percentage

0
< 50%
> 50%
100%
Total
Producer’s Acc.
ESACCI-LC_S2_Prototype
0
< 50%
> 50%
100%
Total
Producer’s Acc.
GFSAD30AFCE
0
< 50%
> 50%
100%
Total
Producer’s Acc.
CGLS-LC100
0
< 50%
> 50%
100%
Total
Producer’s Acc.
ESA CCI-LC 2015

0

< 50%

> 50%

100%

2254
1373
454
77
4158
0.54

324
490
234
41
1089
0.45

100
266
289
76
731
0.40

223
347
487
276
1333
0.21

3644
275
127
112
4158
0.88

627
227
133
102
1089
0.21

262
102
178
189
731
0.24

445
147
177
564
1333
0.42

3533
341
158
126
4158
0.85

596
246
124
123
1089
0.23

240
119
178
200
737
0.24

406
153
177
584
1320
0.44

3075
186
211
686
4158
0.74

568
84
79
358
1089
0.08

297
47
55
332
731
0.08

493
81
88
671
1333
0.50

12

Total

User’s Acc.

2901
2476
1464
470
7311
Overall Acc.
Kappa Coeff.
4978
751
615
967
7311
Overall Acc.
Kappa Coeff.
4775
859
637
1033
7304
Overall Acc.
Kappa Coeff.
4433
398
433
2047
7311
Overall Acc.
Kappa Coeff.

0.78
0.20
0.20
0.59
0.45
0.21
0.73
0.30
0.29
0.58
0.63
0.44
0.74
0.29
0.28
0.57
0.62
0.42
0.69
0.21
0.13
0.33
0.53
0.41
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Table A3
Confusion matrices for regions with less than 10% STdv (left) and regions with more than 10% STdv (right).
Geo-Wiki Cropland Percentage
0
0
1900
< 50%
636
> 50%
17
100%
23
Total
2576
Producer Acc. 0.74
ESACCI-LC_S2_Prototype
0
2446
< 50%
90
> 50%
13
100%
27
Total
2576
Producer Acc. 0.95
GFSAD30AFCE
0
2429
< 50%
107
> 50%
11
100%
29
Total
2576
Producer Acc. 0.94
CGLS-LC100
0
2528
< 50%
8
> 50%
4
100%
36
Total
2576
Producer Acc. 0.98
ESA CCI-LC 2015
Average accuracy =

Total

< 50%

> 50%

100%

237
153
38
27
455
0.34

72
65
81
49
267
0.30

160
81
152
178
571
0.31

337
53
18
47
455
0.12

114
22
42
89
267
0.16

214
27
42
288
571
0.50

338
52
14
51
455
0.11

119
17
42
97
275
0.15

217
24
42
291
574
0.51

379
11
7
58
455
0.02

132
4
11
120
267
0.04

238
3
7
323
571
0.57

User Acc.

Geo-Wiki Cropland Percentage
0

2369
935
288
277
3869
Overall Acc.
Kappa Coeff.
3111
192
115
451
3869
Over all Acc.
Kappa coeff.
3103
200
109
468
3880
Over all Acc.
Kappa Coeff.
3277
26
29
537
3869
Over all Acc.
Kappa Coeff.
0.70

0.80
0.16
0.28
0.64

0
290
< 50%
674
> 50%
433
100%
46
Total
1443
Producer Acc. 0.20
ESACCI-LC_S2_Prototype
0
1079
< 50%
177
> 50%
113
100%
74
Total
1443
Producer Acc. 0.75
GFSAD30AFCE
0
983
< 50%
228
> 50%
144
100%
88
Total
1443
Producer Acc. 0.68
CGLS-LC100
0
528
< 50%
70
> 50%
197
100%
648
Total
1443
Producer Acc. 0.37
ESA CCI-LC 2015
Average accuracy =

0.60
0.27
0.79
0.28
0.37
0.64
0.73
0.39
0.78
0.26
0.39
0.62
0.73
0.38
0.77
0.42
0.38
0.60
0.74
0.38

< 50%

> 50%

100%

69
323
192
13
597
0.54

23
193
197
19
432
0.46

58
256
317
78
709
0.11

267
166
114
50
597
0.28

138
77
131
86
432
0.30

219
118
130
242
709
0.34

233
187
109
68
597
0.31

108
102
131
86
427
0.31

178
125
130
258
691
0.37

180
50
69
298
597
0.08

163
32
30
207
432
0.07

254
64
53
338
709
0.48

Total

User Acc.

440
1446
1139
156
3181
Overall Acc.
Kappa Coeff.
1703
538
488
452
3181
Over all Acc.
Kappa coeff.
1502
642
514
500
3158
Over all Acc.
Kappa coeff.
1125
216
349
1491
3181
Over all Acc.
Kappa coeff.
0.40

0.66
0.22
0.17
0.50
0.28
0.09
0.63
0.31
0.27
0.54
0.51
0.27
0.65
0.29
0.25
0.52
0.49
0.26
0.47
0.23
0.09
0.23
0.30
0.01
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