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Abstract  Accurate information of cropland area and spatial location is critical for studies of national food security, global 
environmental change, terrestrial ecosystem geophysics and the geochemical cycle. In this paper, we compared five global 
cropland datasets in circa 2010 of China from in terms of cropland area and spatial location, including GlobalLand30, 
FROM-GLC, GlobCover, MODIS Collection 5, and MODIS Cropland. The results showed that the accuracies of cropland area 
and spatial location of GlobeLand30 were higher than the other four products. The cropland areas of the five products varied in 
most of the provinces. Compared with the statistical data, the best goodness of fit was obtained using GlobeLand30, followed 
by MODIS Collection 5 and FROM-GLC, with MODIS Cropland and GlobCover having the poorer accuracies. Regarding the 
spatial location of cropland, GlobeLand30 achieved the best accuracy, followed by FROM-GLC and MODIS Collection 5, 
with GlobCover and MODIS Cropland having the poorer accuracies. In addition, the spatial agreement of the five datasets was 
reduced from agricultural production area to pastoral area and significantly affected by elevation and slope factors. Although 
the spatial resolution of MODIS Collection 5 was the lowest, accuracies of the cropland area and spatial location were better 
than those of GlobCover and MODIS Cropland. Therefore, high spatial resolution remote sensing images can help to improve 
the accuracy of the dataset during land cover mapping, while it is also important to select a suitable classification method. Fur-
thermore, in northwestern and southeastern China, spectral mixing pixels are universal because of the complicated landscape 
and fragmentized topography and result in uncertainty and poor consistency when using the five products. Therefore, these re-
gions require additional attention in future cropland mapping studies. 
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1.  Introduction 

Land cover plays an important role in studies of climate 
change and the biogeochemistry of earth systems (Chen et 
al., 2011). With the development of satellite sensors and 
computer cartography, remote sensing has become an in-
creasingly important technology for obtaining land cover 

information from the regional to global scales (Giri et al., 
2013; Ban et al. 2015; Chen et al., 2013). Early global land 
cover datasets were produced with 1 km spatial resolution 
satellite imagery, such as the UMD (University of Mary-
land) product (Hansen et al., 2000), IGBP-DISCover (In-
ternational Geosphere-Biosphere Programme Data and In-
formation Systems Cover) product (Hansen et al., 2000; 
Loveland et al., 2000), MODIS land cover product (Friedl et 
al., 2002), and GLC2000 (Global Land Cover 2000) (Bar-
tholome and Belward, 2005) dataset. Although these da-
tasets have been widely used, their accuracies and qualities 
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are not satisfactory for many applications (Chen et al., 
2015). Therefore, land cover products with higher resolu-
tion and accuracy are urgently needed. Recently, Boston 
University produced a new global land cover dataset called 
the MODIS Collection 5 using the MODIS data from 
2000–2012 with a spatial resolution of 500 m (Friedl et al., 
2010). In addition, based on MERIS (Medium Resolution 
Imaging Spectrometer) reflection data, the European Space 
Agency (ESA) produced the GlobCover land cover dataset 
for 2005 and 2009 with a spatial resolution of 300 m 
(Bicheron et al., 2008; Bontemps et al., 2011). With the 
support of national science and technology planning pro-
jects of China, the first global land cover datasets with 30 m 
spatial resolution were produced by Chinese scientists; 
these products include the FROM-GLC (Finer Resolution 
Observation and Monitoring-Global Land Cover) dataset of 
Tsinghua University and the GlobeLand30 dataset from the 
National Geomatic Center of China (Gong et al., 2013; Cao 
et al., 2014; Liao et al., 2014; Chen et al., 2015). Although 
several land cover datasets exist, they were developed by 
using different mapping standards and classification meth-
odologies (Herold et al., 2008), resulting in inevitable dis-
crepancies of the available information. It is important to 
compare land cover products to understand their strengths 
and weaknesses. Product users need the accuracy of land 
cover products to understand which map is most useful for 
their application, and map producers need to understand the 
quality of the products to improve their accuracy (Congal-
ton et al., 2014; Wang and Liu, 2014). Several studies have 
compared the consistency of global land cover datasets at 
the global, regional, and national scales (Hansen and Reed, 
2000; Giri et al., 2005; Jung et al., 2006; Herold et al, 2008; 
Wu et al., 2009; Song and Zhang, 2012; Li et al., 2010; 
Yang et al., 2014). For example, Herold et al. (2008) har-
monized the classification systems of four land cover prod-
ucts, including IGBP DISCover, UMD, MODIS 1 km, and 
GLC2000, to compare and assess their advantages and dis-
advantages. Tchuenté et al. (2011) studied the agreement 
and quality of GLC2000, GlobCover, MODIS and 
ECOCLIMAP data over the Africa. Congalton et al. (2014) 
analyzed the uncertainty of IGBP DISCover, UMD, 
GLC2000 and GlobCover using an error budget approach. 
However, these studies focused on global land cover prod-
ucts of coarse spatial resolution in circa 2000. Few studies 
have compared the global land cover datasets for 2010, es-
pecially for the GlobeLand30 and FROM-GLC datasets 
with a spatial resolution of 30 m. 

As one of the most important types of land cover, 
cropland is a key component of the subsistence and devel-
opment of human beings. Cropland area and spatial location 
are highly related to the security of human food sources, 
global environmental change, terrestrial ecosystem geo-
physics and the geochemical cycle (Fritz et al., 2013; Tang 
et al., 2015). Hence, focusing on cropland in China, this 
study compares cropland datasets derived from five global 

land cover products, GlobeLand30, FROM-GLC, Glob-
Cover, MODIS Collection 5, and MODIS Cropland in circa 
2010. The five cropland products are compared for cropland 
area accuracy and spatial location accuracy. To compare the 
accuracy of the cropland area, the cropland area is calculat-
ed at the province and regional scales using the five 
cropland products listed above and then compared with the 
statistical data. The spatial location accuracies of the five 
products are assessed using validation samples by error ma-
trix, and the spatial agreements are analyzed using elevation 
and slope data. The comparison of the five cropland prod-
ucts can help product users select appropriate cropland data 
for application, and help map producers improve their da-
tasets in the future.  

2.  Data sources and preprocessing 

2.1  Data sources 

Table 1 lists the basic information of the five global datasets 
from 2010. The GlobeLand30 dataset, including 10 land 
cover types, was produced using the POK (pixel-      
object-knowledge) classification methodology based on 30 
m resolution images from the Landsat satellite and China’s 
environmental satellite (HJ) (Chen et al., 2015). Compared 
with GlobeLand30, the FROM-GLC dataset utilizes the 
same classification system and images but a different classi-
fication method. FROM-GLC employed the automatic clas-
sification algorithm, i.e., SVM (support vector machine) 
and MLC (maximum likelihood classifier), and improved 
the classification results using multi-source data, including 
MODIS time series image, DEM (Digital Elevation Model) 
and soil water data (Yu et al., 2013). According to the 
LCCS (Land Cover Classification System) established by 
the Food and Agriculture Organization (FAO), GlobCov-
er2009 combined supervised and unsupervised classifica-
tion using the temporal and spectral features of MERIS im-
ages to divide the land cover into 22 types (Bontemps et al., 
2011). Based on the 500 m MODIS time series data, the 
dataset of MODIS Collection 5 followed the IGBP land 
cover classification system and used the decision tree clas-
sification to obtain 17 land cover types at the global scale 
(Friedl et al., 2010). South Dakota State University used 
250 m MODIS time series data from 2000 to 2008 to pro-
duce global cropland extent data using decision tree classi-
fication and statistical data, yielding the so-called MODIS 
Cropland dataset (Pittman et al., 2010). 

The statistical data of cropland area are sourced from the 
2010 “Regional Economical Statistical Yearbook of China”, 
which was produced by the Ministry of Land and Re-
sources. The data include cropland area and the corre-
sponding proportion in each province (excluding the regions 
of Hong Kong, Macao, and Taiwan) (Sheng and Yan, 
2010). In addition, the DEM data of SRTM (Shuttle Radar 
Topography Mission), with a 90 m resolution, are applied to 
calculate the slope data.
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Table 1  Overview of the five cropland datasets used in this study 

Product Satellite sensor Spatial resolution (m) Cropland class 

GlobeLand30 Landsat/TM, HJ/CCD 30 Cropland 

FROM-GLC Landsat/TM 30 Cropland, un-mulched farmland 

GlobCover ENVISAT/MERIS 300 
Irrigated soil, dry farmland, mixed cropland 

(50–70%)/vegetation (20–50%), mixed vegetation 
(50–70%)/cropland (20–50%) 

MODIS Collection 5 TERRA/MODIS 500 Cropland, mixed cropland/natural vegetation farmland 

MODIS Cropland TERRA/MODIS 250 Cropland 

 
2.2  Data preprocessing  

Data preprocessing, mainly including coordinate transfor-
mation, standardization of spatial resolution and harmoniza-
tion of cropland definition, is important before comparing 
the five cropland maps. 

First, the five datasets for China were obtained by clip-
ping the original global land cover datasets using vector 
data of China’s boundary. All five datasets are under the 
strict control of geometrical accuracy during production, for 
example, the accuracy of GlobeLand30 based on Landsat 
imagery is within 25 m (Rengarajan et al., 2015), while that 
of GlobCover is within 150 m (Bontemps et al., 2011). 
However, the diversities of the geometrical accuracy are 
obvious. To reduce the effects from the differences among 
the geometrical accuracies of the datasets, the WGS-84 
(World Geodetic System-1984) of GlobeLand30 dataset 
was used as the reference ellipsoid, and the geographical 
coordinate systems of the other four datasets were normal-
ized to the WGS-84. Then, all input data were standardized 
to the spatial resolution of 500 m using the nearest neighbor 
resampling method. The classification systems of the five 
land cover datasets are different; thus, it is necessary to 
harmonize the cropland class. Referring to the definition of 
croplands given by the FAO, the types of cropland in the 
five datasets are shown in Table 1. Both GlobeLand30 and 
MODIS Cropland contain only one type of cropland, while 
FROM-GLC contains both cropland and un-mulched farm-
land. The GlobCover dataset contains four types of 
cropland, including irrigated soil, dry farmland, mixed 
cropland (50–70%)/vegetation (20–50%), and mixed vege-
tation (50–70%)/cropland (20–50%). The MODIS Collec-
tion 5 dataset contains two types of cropland, including 
cropland and mixed cropland/natural vegetation farmland. 
These types of cropland were extracted from the products, 
and the five cropland datasets in China were obtained as 
shown in Figure 1. 

3.  Comparison method 

In this study, the five cropland datasets in China were com-
pared according to cropland area and spatial location. For 
cropland area, we analyzed the differences among the five 
products in terms of the proportion of cropland area and the 
discrepancies relative to the statistical data at the province 

and regional scales. For the spatial distribution, we assessed 
the accuracy based on validation samples and analyzed the 
spatial consistency of the five datasets. 

3.1  Comparison of the cropland area 

The cropland area in each province was calculated from the 
five datasets and then used to summarize the total national 
cropland area, followed by calculations for the proportions 
of cropland area in each province relative to the total na-
tional area. According to its geographical location, China 
was divided into six areas: northeast, north, southeast, cen-
tral, southwest and northwest. Depending on the calculated 
proportion of cropland area in each province, the cropland 
proportions of each product in the six regions were esti-
mated. Then, based on the proportion of cropland area ref-
erenced in the 2010 “Regional Economical Statistical 
Yearbook of China”, the deviation can be calculated be-
tween the proportion of statistical data and the proportions 
of cropland area in each province and region. Furthermore, 
the root mean square error (RMSE) between the proportion 
of statistical data and the proportion of cropland area esti-
mated by products can be calculated to reflect the dispersion 
between the reported cropland and statistical data products. 
The deviation Δxi and RMSE can be calculated as follows: 
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where xi is the proportion of cropland area in province i 
calculated using the cropland dataset, yi is the deviation of 
the cropland area from the statistical data in province i, and 
n is the total number of provinces.  

Finally, a correlation analysis was performed with the 
following equation to reflect the goodness of fit between the 
proportion of cropland area in the cropland datasets and the 
statistics. 
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Figure 1  Five cropland datasets of China after preprocessing. 

where x  is the average proportion of the cropland area 
that was estimated from the cropland dataset and y  is the 

average proportion of the statistical area. Higher correlation 
coefficients correspond with better goodness of fit between 
the cropland dataset and the statistical data. 

3.2  Comparison of the spatial location 

In general, land cover mapping can easily describe the area 
characteristics of land cover types, but it is difficult to indi-
cate the spatial distribution accurately (Wu et al., 2008). 
Traditionally, spatial locations are compared by analyzing 
the consistency between the target product and the reference 
product (Li et al., 2010; Pflugmacher et al., 2011). This 
method relies on the accuracy of the reference data; howev-
er, the reference data maybe inaccurate and imprecise, es-
pecially in large scale mapping efforts (Herold et al., 2008; 
Yang et al., 2014). In this paper, the accuracy of spatial lo-
cation was analyzed by error matrix based on validation 
samples and the spatial consistency of the five datasets. The 
error matrix method is the most popular method for accura-
cy analysis in remote sensing. The error matrix conducted 
by validation samples is a cross-tabulation of the mapped 
land cover class against the reference land cover class, and 
the parameters represent the errors include the overall accu-
racy, Kappa coefficient, producer accuracy and user accu-
racy. The amount and distribution of validation samples 
significantly affect the results of the error matrix (Foody, 

2010). In this paper, the validation samples were derived 
from two different sources to ensure the quality. The first 
source was developed for validating the FROM-GLC da-
taset (Gong et al., 2013; Yu et al., 2014). Equal-area strati-
fied random sampling was employed for the sample design. 
The global land area was partitioned into approximately 
7000 equal-area hexagons, and 5 samples were randomly 
selected from each hexagon. Then, the land cover types of 
the samples were identified using visual interpretation and 
field surveys. There are 443 cropland samples and 1687 
no-cropland samples in China, which hardly satisfies the 
requirement of precise cropland assessment. Hence, 0.001% 
pixels were randomly selected at different consistency lev-
els of agreement map to develop supplementary samples. 
Next, samples were labeled as cropland or no-cropland by 
visual interpretation via high-resolution Google Earth im-
ages, including 2716 cropland samples and 858 no-cropland 
samples. The samples from the two sources were combined 
to obtain the validation samples for the five cropland da-
tasets, as shown in Figure 2, with 3159 cropland samples 
and 2545 no-cropland samples. Based on these samples, the 
error matrix was used to estimate the accuracies of spatial 
location for the five cropland products at the country and 
region scales. 

Spatial agreement analysis describes the differences and 
similarities at a given location by counting the number of 
occurrences of agreement for the five cropland maps (Yang 
et al., 2014; Tchuenté et al., 2011). In the spatial agreement 
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Figure 2  Spatial distribution of the validation samples. 

map, the pixel value describes the numerical agreement that 
occurs for the five cropland datasets, and greater pixel val-
ues imply higher agreement among the datasets. For exam-
ple, a pixel value of 5 indicates that all five data products 
are cropland in the pixel, while a value of 4 indicates that 
four of the cropland products are the same in the pixel. Ac-
cording to the pixel value, spatial agreement can be divided 
into five levels: complete agreement, high agreement, me-
dium agreement, low agreement, and disagreement, which 
correspond to pixel values of 5, 4, 3, 2 and 1, respectively. 
Based on the agreement map, we analyzed the spatial con-
sistencies of the five cropland datasets in the six regions of 
China. 

In addition, although the cropland area is significantly 
affected by human activity, its spatial distribution is re-
stricted by environmental factors, including topography and 
precipitation, which poses a challenge to cropland mapping. 
Therefore, in this study, we analyzed the variations of the 
spatial agreement of the five datasets based on elevation and 
slope. According to the elevation, the topography is divided 
into plain (<20 m), upland (20–200 m), low mountain 
(200–500 m), medium mountain (500–1500 m), and high 
mountain (>1500 m) (Chai, 1989). We analyzed the diversi-
ties of the spatial agreement of different topographies for all 
five cropland datasets. According to the “Technical Rules of 
Land Use Survey”, slopes were divided into five levels, 
including ≤2°, 2°–6°, 6°–15°, 15°–25°, and >25°, to ana-
lyze the distribution characteristics of the spatial agreement 
of the five cropland datasets for each slope interval. 

4.  Results and discussion  

4.1  Comparison of the cropland area accuracy  

Table 2 shows the proportions of the cropland area in each 
province and region relative to the national total area from 
all five datasets and their deviation compared with the sta-
tistical data. Overall, the differences in the proportions of 
cropland area between the cropland datasets and statistics 
are obvious in most of the provinces. The provinces with 
greater deviation include Qinghai, Gansu, and Yunnan. In 
comparison, the provinces with smaller cropland area devi-
ation include Anhui, Shanxi, and Hebei. Compared with the 
statistical data, the proportion obtained through Globe- 
Land30 is relatively consistent with the statistical data, with 
respect to different levels of either overestimation or under-
estimation in the other four products. For FROM-GLC, the 
greatest deviation relative to the statistical data is found in 
the northeast region, which had an overestimation of 5.42% 
cropland area. However, cropland is underestimated in the 
north, southeast, and southwest regions, with deviations of 
−1.72%, −1.35%, and −1.99%, respectively, and the results 
obtained for the central and northwest regions are similar to 
the statistical data. For GlobCover, the cropland area is sig-
nificantly underestimated in the northeast, with a deviation 
of −10.21% relative to the statistical data, whereas the devi-
ation in terms of overestimated area in the northwest reach-
es 11.62%. In addition, MODIS Collection 5 overestimates 
the cropland area in the northeast by 6.42% and underesti-
mates the cropland area in the south-west and northwest 
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Table 2  Proportions of cropland area (%) for different provinces and regions calculated by five datasets and their deviations relative to the statistical data  

Region Province 
Globeland30 FROM-GLC GlobCover MODIS Collection 5 MODIS Cropland 

Statistics 
Proportion Deviation Proportion Deviation Proportion Deviation Proportion Deviation Proportion Deviation 

Northeast 

Inner Mongolia 6.71 0.84 12.31 6.44 6.34 0.47 5.72 0.15 11.93 6.05 5.87 

Heilongjiang 9.15 0.57 8.80 0.92 3.30 6.42 13.82 4.10 12.31 2.59 9.72 

Jilin 4.35 0.20 4.37 0.18 1.47 3.08 5.18 0.64 5.67 1.12 4.55 

Liaoning 3.50 0.15 3.44 0.09 2.17 1.19 5.19 1.84 6.48 3.12 3.36 

Total 23.72 0.23 28.92 5.42 13.28 10.21 29.92 6.42 36.38 12.89 23.49 

North 

Beijing 0.27 0.08 0.26 0.07 0.29 0.10 0.28 0.09 0.33 0.14 0.19 

Tianjin 0.38 0.01 0.34 0.02 0.30 0.06 0.44 0.08 0.51 0.15 0.36 

Hebei 4.92 0.27 5.24 0.05 5.46 0.27 5.01 0.18 8.68 3.49 5.19 

Shanxi 3.42 0.09 3.79 0.46 4.51 1.18 2.89 0.44 3.13 0.20 3.33 

Shandong 6.10 0.08 4.94 1.23 5.38 0.79 7.26 1.08 10.93 4.76 6.17 

Henan 5.36 1.15 5.46 1.06 5.78 0.73 7.14 0.62 9.76 3.25 6.51 

Total 20.44 1.32 20.04  1.72 21.72  0.04 23.02 1.26 33.34 11.58 21.76 

Southeast 

Shanghai 0.17 0.03 0.17 0.03 0.20 0.00 0.22 0.02 0.05 0.15 0.20 

Jiangsu 3.60 0.32 3.22 0.70 3.31 0.60 4.33 0.42 2.40 1.52 3.91 

Zhejiang 1.61 0.04 1.46 0.12 1.39 0.19 1.14 0.44 0.07 1.50 1.58 

Fujian 1.21 0.11 1.01 0.08 0.52 0.58 0.65 0.44 0.02 1.07 1.09 

Guangdong 2.36 0.03 2.01 0.32 1.48 0.84 2.79 0.46 0.04 2.29 2.33 

Hainan 0.39 0.21 0.50 0.10 0.33 0.27 0.72 0.12 0.03 0.57 0.60 

 Total 9.34 0.37 8.36  1.35 7.23  2.48 9.84 0.13 2.60 7.11 9.71 

Central 

Anhui 4.12 0.59 3.99 0.72 3.94 0.77 4.97 0.26 3.73 0.98 4.71 

Jiangxi 2.32 0.01 2.44 0.12 2.16 0.17 2.22 0.10 0.16 2.16 2.32 

Hubei 4.04 0.21 3.74 0.09 4.39 0.55 4.16 0.32 1.81 2.02 3.83 

Hunan 3.24 0.13 4.26 1.15 3.87 0.76 2.65 0.46 0.06 3.05 3.11 

Total 13.72 0.26 14.43 0.45 14.35 0.38 14.00 0.02 5.76 8.21 13.98 

Southwest 

Guangxi 3.31 0.16 2.73 0.74 2.48 0.98 2.37 1.10 0.14 3.33 3.47 

Chongqing 2.01 0.18 1.44 0.39 1.64 0.20 1.68 0.16 0.05 1.79 1.84 

Sichuan 5.82 0.93 5.41 0.52 7.65 2.77 5.23 0.35 3.56 1.33 4.89 

Guizhou 2.95 0.74 2.72 0.96 3.06 0.62 2.41 1.27 0.32 3.37 3.69 

Yunnan 5.23 0.24 4.57 0.42 4.76 0.23 3.13 1.86 0.68 4.31 4.99 

Total 19.31 0.45 16.88 1.99 19.60 0.73 14.81  4.05 4.74  14.12 18.86 

Northwest 

Tibet 0.22 0.08 0.22 0.08 3.88 3.58 0.11 0.19 1.26 0.96 0.30 

Shaanxi 3.10 0.22 3.97 0.64 4.54 1.21 2.79 0.54 2.75 0.58 3.33 

Gansu 4.16 0.34 2.74 1.09 4.46 0.64 1.75 2.08 4.49 0.66 3.83 

Qinghai 0.57 0.13 0.19 0.26 5.54 5.09 0.11 0.34 3.27 2.82 0.45 

Ningxia 1.09 0.18 0.84 0.07 0.40 0.51 0.26 0.65 0.70 0.22 0.91 

Xinjiang 4.33 0.94 3.41 0.03 5.00 1.61 3.40 0.01 4.71 1.32 3.39 

Total 13.47 1.28 11.38 0.82 23.82 11.62 8.42 3.78 17.18 4.98 12.20 

 
regions by 4.05% and 3.78%, respectively. Particularly, the 
results obtained through MODIS Cropland show significant 
discrepancies with the statistical data. The areas in the 
northeast, north, and northwest are overestimated by 
12.89%, 11.58%, and 4.98%, respectively, while areas in 
the south, central, and southwest regions are underestimated 
by −7.11%, −8.21%, and −14.12%.  

The RMSEs and correlation coefficients were calculated 
to assess the dispersion and goodness of fit between the 
cropland areas estimated from the five datasets and the sta-
tistical data, respectively, as shown in Figure 3. The dashed 
line is the 1:1 line that reflects the dispersion qualitatively. 
The RMSE values of GlobeLand30, FROM-GLC, Glob-
Cover, MODIS Collection 5, and MODIS Cropland com-
pared with the statistical data are 0.43%, 1.29%, 1.89%, 
1.07%, and 2.46%, respectively. Higher RMSE values rep-

resent more significant dispersion from the statistical data. 
Hence, GlobeLand30 has the lowest dispersion because it 
results in the smallest RMSE value, and the data points for 
GlobeLand30 are mainly distributed on or near the 1:1 line, 
as shown in Figure 3a. The dispersion of MODIS Collection 
5 is also relatively low, as shown in Figure 3d, with a dis-
tribution on or near the 1:1 line; however, a large disper-
sion can be observed for a few of the data points. By com-
parison, MODIS Cropland has the greatest dispersion be-
cause it of its highest RMSE, and few data points are on or 
near the 1:1 line, as shown in Figure 3e. The solid line is 
fitted according to the cropland proportion for each dataset 
and the statistical data. The correlation coefficients for the 
GlobeLand30, FROM-GLC, GlobCover, MODIS Collec-
tion 5, and MODIS Cropland compared with the statistical 
data are 0.96, 0.70, 0.29, 0.82, and 0.25, respectively. In  
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general, greater correlation coefficients represent increas-
ingly preferable goodness of fits with the statistical data. 
The best goodness of fit was obtained for the proportion of 
cropland area data from GlobeLand30, followed by MODIS 
Collection 5. The poorest fit occurred when using MODIS 
Cropland. From Figure 3, it is easy to observe that 
GlobeLand30 has the lowest dispersion and greatest good-
ness of fit, which implies an accurate result for the cropland 
area. In addition, the correlation coefficient calculated by 
the MODIS Collection 5 dataset, with a spatial resolution of 
500m, is higher than the correlation coefficients calculated 
by the 30 m resolution FROM-GLC dataset, 300 m resolu-
tion GlobCover dataset, and 250 m resolution MODIS 
Cropland dataset, indicating that excellent classification 
results can also be achieved when using the proper tech-
nique, even with the use of low-resolution data. 

4.2  Comparison of the spatial location accuracy  

The spatial location accuracies of the five cropland datasets 
are obtained by error matrix using the samples shown in 
Figure 2. Table 3 lists the results including overall accuracy, 
Kappa coefficient, commission error, and omission error. 
According to this table, the best accuracy is obtained by 
GlobeLand30, with an overall accuracy of 79.61% and a 
Kappa coefficient of 0.58. In addition, the overall accuracy 

and Kappa coefficient of FROM-GLC reach 76.23% and 
0.52, and the overall accuracy and Kappa coefficient of 
MODIS Collection 5 are 73.49% and 0.47, respectively. 
Comparatively, the accuracies obtained with GlobCover and 
MODIS Cropland are relatively lower. The overall accuracy 
and Kappa coefficient for GlobCover are 70.13% and 0.39, 
respectively, and the values for MODIS Cropland are 
67.99% and 0.38, respectively. In addition, the largest 
commission error of 28.97% is found for GlobCover be-
cause this dataset significantly overestimated the cropland 
area in the northwest region, as shown in Table 2. Moreo-
ver, the highest omission error of 49.86% occurs for 
MODIS Cropland because of the significant underestima-
tion of cropland area in the southeast, central, and southwest 
regions.  

Figure 4 provides the overall accuracies of the five da-
tasets in the northeast, north, southeast, central, southwest, 
and northwest regions. In the northeast, the best overall ac-
curacy, 79.40%, is obtained through FROM-GLC, and the 
overall accuracy of GlobCover is the lowest because of the 
high commission error. In north China, GlobCover provides 
the highest accuracy of 78.90%. In southeast China, the best 
overall accuracy is achieved through MODIS Collection 5 
(68.72%). GlobeLand30 provides the best overall accuracies 
in the central, southwest, and northwest regions, corre-
sponding to accuracies of 78.73%, 66.41%, and 86.62%,  

 

 
Figure 3  Analyses of dispersion and correlation of the area proportion between the cropland dataset and statistical data. 

Table 3  The spatial location accuracies of the five cropland datasets  

 GlobeLand 30 FROM-GLC GlobCover MODIS Collection 5 MODIS Cropland 

Overall accuracy (%) 79.61 76.23 70.13 73.49 67.99 

Kappa coefficient 0.58 0.52 0.39 0.47 0.38 

Commission error (%) 19.70 21.66 28.97 20.79 13.68 

Omission error (%) 21.33 21.11 22.22 29.31 49.86 
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Figure 4  Overall accuracies of the five cropland datasets in the northeast, north, southeast, central, southwest, and northwest regions. 

respectively. In the six regions, the overall accuracies ob-
tained through all five products are higher in the northwest 
and central regions, while those in the southwest region are 
relatively lower. Among the five products, GlobeLand30 
exhibits the higher overall accuracy in each region, while 
the lower overall accuracy is achieved with MODIS 
Cropland.  

4.3  Comparison of the spatial agreement 

Figure 5 is the spatial agreement map of the five datasets. 
The higher level of consistency is obtained in the major 
grain producing areas, including the Northeast Plain, the 
Huang-Huai-Hai Plain, the Yangtze River Basin, and the 
Weihe Plain, in which the cropland is distributed intensively 
and continuously with a simple geographical landscape, 
which leads to accurate results from all five products for the 
extraction of cropland data. The spatial consistency become 
lower from the major grain producing area to the farm-
ing-pastoral zone, and the pastoral zone has the poorest 
consistency. For example, the spatial consistency of the five 
datasets is good in the major grain producing area of the 
Northeast Plain, including Heilongjiang, Jilin, and Liaoning 
provinces, and is lower in the north farming-pastoral zone 
located in the south rim of the Inner Mongolia Plateau and 
the region along the Great Wall. However, the worst con-
sistency of the five products is obtained in the pastoral zone 
of the Inner Mongolia Plateau.  

Based on Figure 5, the distribution of the spatial agree-
ment of the five products is quantitatively analyzed at the 
regional scale (Figure 6). In the six regions, the proportion 
of the cropland area in the north region is increased, with an 

increasing agreement value. In this region, the proportion of 
complete agreement reaches up to 39.36%, implying that 
the best consistency of the five products is obtained in the 
north region. In contrast, this proportion is reduced with the 
increasing agreement value in the northwest and southwest 
regions, yielding poor consistency. The highest disagree-
ment is found in the northwest region (61.79%), while the 
percentage of the area with complete agreement is only 
5.75%. In the southwest, the ratio of the disagreement 
cropland area is 41.27%, with only 2.22% in complete 
agreement. In the northwest and southwest regions, the to-
pography is complicated, and the landscape is fragmented, 
leading to universal mixed pixels in remote sensing image-
ry. Hence, the classification of cropland is difficult in these 
regions, resulting in poor consistency among the five prod-
ucts. 

Figure 7 shows the variations in the spatial agreements of 
the five datasets with elevation. Plains with an elevation 
lower than 20 m and uplands with an elevation range of 
20‒200 m have large proportions of high and complete 
agreement, implying significant consistency among the five 
datasets in these areas. The plains and upland areas are 
mainly distributed in most provinces of North and Central 
China, and some provinces of the Northeast (including Hei-
longjiang, Liaoning and Jilin) and South China (such as 
Jiangsu, Shanghai, and Zhejiang) which are the main grain 
producing areas. Because the landscape is homogeneous 
and cropland is the dominant land cover type in these areas, 
cropland can be accurately classified. For the low mountain 
area with an elevation range of 200‒500 m, the agreement is 
reduced with increasing elevation. The medium mountain 
area, with an elevation range of 500‒1500 m, is distributed 
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Figure 5  Spatial agreement map of the five cropland products. 

 

Figure 6  Analysis of spatial agreement in the six regions. 

within the Inner Mongolia Plateau, the Tarim Basin in Xin-
jiang, the Loess Plateau, and the Yunnan-Guizhou Plateau. 
Except for the Inner Mongolia Plateau and the Tarim Basin, 
it is difficult to extract cropland in other areas because of 
the multi-mountain topography and fragmented geography, 
resulting in disagreement of up to 40.16% in this region. 

The high mountain region, with an elevation greater than 
1500 m, is mainly distributed in the northwest Tibet Plat-
eau, with a disagreement of 70.76%. 

Slope is an important factor affecting cropland utiliza-
tion. Figure 8 shows the spatial agreement distribution with 
different slope intervals. In general, the consistency of the 
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Figure 7  Analysis of spatial agreement in different elevation intervals. 

 

Figure 8  Analysis of spatial agreement with different slope intervals. 

five datasets decreases with increasing slope. The area with 
slope values below 2° is mainly distributed in the plains and 
basins in China. Because of the gentle terrain and homoge-
neous geographical landscape, the consistency of the five 
cropland datasets is high, and the complete agreement and 
high agreement are 24.09% and 22.55%, respectively. In the 
second slope interval, which is 2°‒6°, the disagreement in-
creases to 41.11%, and the complete agreement decreases to 
3.66%. Furthermore, the areas with slope between 15°‒25° 
and over 25° are mainly distributed in the mountainous area 
of the Tibet Plateau, where the proportions of disagreement 
of the five datasets are high, corresponding to 77.09% and 

81.92%. 

5.  Conclusion 

In this paper, we compared five cropland datasets in circa 
2010 for China, GlobeLand30, FROM-GLC, GlobCover, 
MODIS Collection 5, and MODIS Cropland. The results 
indicated that GlobeLand30 performed better than the other 
four datasets, regardless of the cropland area and the spatial 
location. Regarding the comparison of the cropland area 
accuracy, the best goodness of fit with the statistical data 
was obtained through GlobeLand30, followed by MODIS 
Collection 5 and FROM-GLC, with the poorest fits 
achieved by MODIS Cropland and GlobCover. Regarding 
the spatial location accuracy, the highest accuracy was 
found using the GlobeLand30 dataset, followed by 
FROM-GLC and MODIS Collection 5, while the poorest 
accuracy was obtained using GlobCover and MODIS 
Cropland. The spatial agreement of the five datasets was 
reduced from the major grain producing areas to pastoral 
zones and was significantly affected by the elevation and 
slope. 

The spatial resolution of the imagery is believed to sig-
nificantly affect the cartographical accuracy of the land 
cover remote sensing product (Hansen and Loveland, 2012; 
Ban et al., 2015). Although GlobeLand30 and FROM-GLC 
use similar images for land cover mapping, the diversity of 
the classification method results in significant differences in 
cropland area and spatial location between the two datasets. 
Moreover, regarding cropland area, the MODIS Collection 
5 dataset with the lower spatial resolution had a better 
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goodness of fit with the statistical data compared with that 
from the FROM-GLC, GlobCover, and MODIS Cropland 
datasets. For the accuracy of spatial location, the overall 
accuracy and Kappa coefficient of MODIS Collection 5 
were better than those obtained with GlobCover and 
MODIS Cropland. Therefore, it is reasonable to consider 
that improving the classification method is important for 
enhancing the accuracy of cropland mapping and that im-
ages with lower spatial resolution can deliver better results 
if the classification method is advanced. In north and north-
east China, characterized by low elevations, gentle slopes 
and homogeneous landscapes, the cropland is distributed 
continuously and intensively with high separability. There-
fore, the spatial agreements of these five products in the two 
regions are better than the spatial agreements in other re-
gions. By comparison, the northwest and southwest regions 
are characterized as having high elevations, large slopes, 
and complicated topographies with fragmented geograph-
ical landscapes, and the cropland is heavily mixed with oth-
er land cover types with lower separability of the remote 
sensing spectra, resulting in low accuracies of cropland area 
and spatial location. For example, FROM-GLC largely mis-
classifies pasture as cropland in Inner Mongolia, MODIS 
Cropland has a high omission error of cropland in southeast 
and southwest China, and GlobCover confuses cropland and 
other vegetation types in southwest and northwest China. 
Therefore, regions with fragmented topography and hetero-
geneous landscapes require additional attention in future 
remote sensing cropland mapping studies. 
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