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This study undertakes a comprehensive and in-depth assessment of cultivated land classification 

accuracy within Northeast China, utilizing key metrics including Overall Accuracy (OA), Producer 

Accuracy, and User Accuracy across a diverse array of 13 global and national-scale land cover 

datasets. The precision of cultivated land delineation assumes paramount significance in the realms 

of food security, agricultural strategizing, and resource management, thus conferring a substantive 

research imperative upon this study. 

However, as a study centered on the evaluation of product accuracy, it is imperative for the authors 

to comprehensively address potential factors that could influence the evaluation results during the 

experimental phase itself, rather than reserving their impact for the discussion section. For instance, 

challenges related to divergent field definitions, classifications, and mismatches between 

validation sample intervals and product data can be effectively resolved through an expansion of 

the experimental design. 

Furthermore, although this study successfully identified datasets that exhibited high accuracy, 

there is a pressing need for a more extensive comparative analysis. This entails offering a more 

comprehensive description and analysis of the strengths and weaknesses inherent in each dataset, 

accompanied by a robust discussion elucidating the underlying reasons for the disparities in dataset 

performance. 
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these ten types of products while analyzing their influencing factors as a single section (Section 

4.1 & 4.2) in the discussion. In this part, we incorporate overall accuracy comparison based on 

different factors, including the spatial resolution, satellite/sensor type, product time, and mapping 

algorithm. 
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Section 2.2.1: In addition to the temporal coverage summary provided in Table 1, it is essential to 

include a corresponding explanation within the main body of the description. 

Reply: Thanks for your suggestion, we have added corresponding explanation in the body of the 

description. 

 

Line 225: 2.2.2 Other auxiliary dataset 
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Line 245: What is the rationale behind selecting 2,000 samples for each year? Please provide an 

explanation for the appropriateness of this sample size. Additionally, could you discuss whether 

the distribution of samples across different crops has an impact on verification accuracy? 

Reply: Sincere thanks for the reviewer’s concern on the validation samples. It is a very key point. 

We understand the assessment of classification accuracy of land cover types based on larger 
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from high-resolution imagery over the study area took the researcher approximately 60 hours. That 

is to say, we spent more than four weeks of full-time work to generate the four periods of validation 

points. The determination of assessment sample size is a balance of the time cost and spatial 

representativeness. We generated the points by spatially random sampling over the study area 

boundary and then manually determine the types of sampling points over high-resolution imagery 

one by one. Regretfully, only based on single-date optical images, we cannot derive the precise 

results of crop land types (e.g., corn, maize, rice, etc.), thus we did not assess the accuracy of land 

cover products by crop types. However, the reviewer indeed raises an important issue. In the future 

work, we may choose several sets products with high accuracy and further assess their 

performances by crop types. 
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Abstract: Accurate and reliable cropland information on extent and distribution is essential for food 13 

security evaluation, agricultural planning, resource managementThe provision of precise and de-14 

pendable information regarding the extent and distribution of cropland is imperative for the evalu-15 

ation of food security, agricultural planning, and resource management. Cropland is one of the most 16 

critical elements of land cover type and can be available from many existing global/regional land 17 

cover products.Cropland is an important component of land cover type and is offered in several-18 

multiple existing global/regional land cover products. However, global-scale accuracy evaluation 19 

may not be representative for class-specific or local-area accuracy, such as Northeast China, which 20 

is an important grain-producing region of China and has various types of cultivated land (e.g., 21 

wheat, rice) and diverse terrains. It poses a great challenge on in generating precise cropland classi-22 

fication by automated mapping. Thus, it is indispensable to evaluate the accuracy and reliability in 23 

these various land cover datasets before using them. In this study, we collected thirteen sets of global 24 

or national-scale land cover datasets. Through visual interpretation of high-resolution imageimages, 25 

ground “truth” samples were collected to evaluate the data accuracy across Northeast China. The 26 

overall accuracy (OA) evaluation results in Phase-2020 shows that CLCD has the highest value with 27 

0.914, followed by GlobeLand30 (0.906), GLC_FCS30 (0.902), and Esri (0.896) for cropland classifi-28 

cation in Northeast China. CGLS-LC100 has the lowest OA (0.710). For the commission and omis-29 

sion errors of six datasets of Phase-2020, CGLS-LC100 have has an obvious overestimation (larger 30 

commission error), while the two national-scale datasets (CLCD and CLUDs) suffers from slight 31 

underestimation of cropland area and CLCD performs bestrelatively better. In the aspect of spatial 32 

consistency, high spatial agreement among the nine Phase-2015 datasets or in the six Phase-2020 33 

datasets could be discovered in traditional agricultural regions like the Sanjiang-Songnen-Liaohe 34 

Plain, and low agreement is found in the transition areas of mountains (hills) and plains with the 35 

mix mixed landscape of forest (grassland) and farmland. In the aspect of comparison pairwise data, 36 

CLCD is in good agreement with GLC_FCS30, GlobeLand30, and Esri, while the CGLS-LC100 is in 37 

the poorest agreement with any other dataset. The comparison and evaluation results are expected 38 

to provide the reference on which aspects and what extent these land cover products may be con-39 

sistent and guiding guide the cropland data product selection for Northeast China. 40 

Keywords: land cover; Northeast China; cropland classification; accuracy assessment; spatial agree-41 

ment; regional comparison 42 
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GLC2000, Global Land Cover 2000; FAO-GLCshare, The Global Land Cover-share 45 

created by FAO (Food and Agriculture Organization, FAO); FROM-GLC, Finer Resolu-46 

tion Observation and Monitoring of Global Land Cover; Esri, a global map of land 47 

use/land cover (LULC) derived from ESA Sentinel-2 imagery at 10m resolution; GLASS-48 

GLC, Global Land Surface Satellite-Global Land Cover; GLCNMO, Global Land Cover 49 

by National Mapping Organizations; CCI-LC, Climate Change Initiative-Land Cover; 50 

GlobCover, Global Land Cover Map; CGLS-LC100, Copernicus Global Land Service-51 

Land Cover 100m; GlobeLand30, World's First Global Land Cover Datasets at a 30m; 52 

GLC_FCS30, Global Land Cover product with Fine Classification System at 30m; CLUDs, 53 

China’s Land-use/cover datasets; CLCD, China Land Cover Dataset 54 

1. Introduction 55 

Agricultural land meets global demands such as human food, stock feed, and biofuel. 56 

These demands are growing rapidly due to the increasing of population and consumption 57 

[1,2]. Therefore, understanding the range, distribution and dynamics change of cropland 58 

are is required for food demands and environmental sustainability, especially for agricul-59 

tural planning, cropland monitoring, and food security assessment, among others. An in-60 

creasing number of global and regional land use/cover (LULC) datasets [3], including the 61 

farmland category, have been produced by the researchers and are freely available to the 62 

public with the rapid development of remote sensing and new technologies (i.e., cloud 63 

computing, big data and machine learning). Coarse resolution images (i.e., pixels of 5 km 64 

or 1 km) were generally used in the early period [4-6]; however, its their application at 65 

national or regional levels is limited by the low precision and image quality. Then, the 66 

spatial resolution of products was enhanced to 500 m or 300 m [7,8]. Nowadays, land cover 67 

mapping using high-resolution images, such as 30 m or 10 m resolution satellite data [9,10], 68 

has received increasing attention from the scientific community. All these datasets offer 69 

precious croplands cropland information for multi-discipline researches research and ap-70 

plications. However, there are considerable inconsistencies and uncertainties among these 71 

LULC datasets, especially in the areas with complex transition landscapes, since they have 72 

been generated using different satellitesatellites/sensors, classification features, classifiers 73 

and methods, etc. [11,12]. A few previous studies have also shown that discrepancies and 74 

uncertainties of cropland also arise due to cropland definitions or different classification 75 

schemes [13-15]. Therefore, the accuracy assessment and comparative studies of these 76 

LULC datasets are necessary for relevant application research before using them [16,17]. 77 

In the existing studies, many researchers have performed accuracy evaluations for 78 

various LULC datasets. For example, multiple prior studies have compared and evaluated 79 

the spatial (in)consistency of global land cover products from various perspectives, e.g., 80 

at the same spatial resolution (i.e., 1 km or 30 m) [18-21], for certain type of satellite sensors 81 

[22], on a global scale [20,21,23], local regions (like China or one basin) [24-28], or the 82 

global and continental scales by elevation and climate partitions [29]. Others have com-83 

pared and summarized an uncertainty analysis of global land cover datasets using an er-84 

ror budget approach [14]. In addition, a few researchers compared a certain element or 85 

land cover theme (such as grassland, wetland, etc.) in some land cover datasets to inves-86 

tigate their comparative advantages [30-32]. These prior evaluation research work pro-87 

vides important references for choosing land cover products and understanding the spa-88 

tial characteristics of LULC in global and national scales. However, findings on the 89 

global/national evaluations of the product accuracy for all LULC elements (classes) may 90 

not be replaceable for local-area or class-specific accuracy. For example, a total number of 91 

159,874 validation samples were selected by the producers for the assessment of 92 

GlobeLand30- 2010. The product overall accuracy was estimated to be 80.3% [9]. Regional 93 

or country-wide accuracy evaluations of GlobeLand30 have also been evaluated by many 94 

researchers and reported different assessment results. For exampleinstance, a number of 95 

1467 sample points were used by Meng et al. [33] to verify the accuracy performance of 96 

GlobeLand30-2010 in Shaanxi Province, which indicates an overall accuracy of 80.0%. The 97 
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overall accuracy of GlobeLand30-2010 performed by Ma et al. is 81.5% for the study area 98 

in Henan province [34]. The number ofAnother assessment based on 8400 verification 99 

sample pixels in China were used by Wang et al. [35] indicates that the overall accuracy 100 

for of the GlobeLand30-2010 data in China is 84.2% [35]. Regional accuracy evaluation 101 

evaluations of GlobeLand30 were also being carried out in other countries and their eval-102 

uation results are also different. Overall accuracies were evaluated by Kussul et al. [36] at 103 

about 89.7% for Ukraine, while accuracy assessments in Iran by Jokar Arsanjani et al. [37] 104 

and in Thessaly by Manakos et al. [38] indicated the overall accuracies of 77.9% and 86.0%, 105 

respectively. A summary of the comparison of the regionally achieved accuracies from 106 

different land cover datasets vs the claimed global accuracies typically reported by global 107 

land cover datasets can be found in Supplementary Table S1. 108 

Northeast China is an important production base of grain and other agricultural 109 

products, and is one of the three main grain-producing regions in China, which provides 110 

the highest grain food production and the highest grain commodity rate to the country. 111 

Thus, it plays a critical supporting role to protect ensure the national food security. More-112 

over, in Northeast China, the different types of croplands and the diversity of terrains and 113 

landscapes have led to an obvious transitional zone of cropland distribution. Under these 114 

complex conditions, the remote sensing extraction of cropland is very challenging. At pre-115 

sent, cropland information can be obtained from various remote sensing data. However, 116 

due to the different purposes, study areas, evaluation methods, and other reasons, results 117 

on the accuracy evaluation of global/national land cover datasets are inconsistent and in-118 

congruous. Thus, it is essential inevitable to investigate the accuracy of different land 119 

cover datasets over Northeast China and tofor better depicting the its cropland distribu-120 

tion of Northeast China. 121 

The purpose of this study is to  examine and contrast the farmland category of thir-122 

teen distinct land cover datasets with varying resolutions and satellite data sources over 123 

Northeast China.compare and evaluate the differences and similarities of the cropland 124 

category of totally thirteen land cover datasets with different resolutions and satellite data 125 

sources over Northeast China. The evaluation proceeds from the following three aspects: 126 

(1) approximately 2,000 “ground-truth” samples for each epoch (the years around 2000, 127 

2010, 2015, and 2020) were manually interpreted across Northeast China to verify the da-128 

taset accuracies. (2) The spatial agreement among these datasets was compared and ana-129 

lyzed at different scales, including provincial, longitudinal, and latitudinal dimensions. 130 

(3) The possible causes for the uncertainties and discrepancies of the accuracies among 131 

these evaluated datasets were discussed eventually. Motivated by these targets, this paper 132 

conducts a relatively comprehensive comparison analysis and accuracy evaluation of var-133 

ious datasets collected across Northeast China, which is hoped to further understand the 134 

accuracies and abilities of these datasets to represent the cropland area in Northeast China 135 

and to provide an important reference for data users and to improve the cropland map-136 

ping and advanced applications in the future. 137 

2. Materials and Methods 138 

2.1. Study area 139 

Northeast China is a major agricultural region (115°52′-135°09′ E, 38°72′-53°55′ N), 140 

including the provinces Heilongjiang, Jilin, and Liaoning, and several prefecture-level cit-141 

ies in the east of Inner Mongolia Autonomous Region (Hulunbuir, Xing’an League, 142 

Tongliao, and Chifeng). With the altitude ranging from 0 to 2665 m, Northeast China has 143 

various types of landforms, including the mountains of Daxing'anthe Greater Khingan 144 

Mountains, Xiaoxing'anthe lesser Khingan Mountains and the Changbai Mountains, Liao-145 

dong the eastern Liaoning and Liaoxi Hillsthe western Liaoning, Horqin Sandy Land, 146 

Sanjiang-Songnen-Liaohe Plains, Songhua River and Nen RiversNenjiang River, wetlands 147 
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of various sizes, and transition zone of these mega-landforms, which leads to its compli-148 

cated natural landscape conditions. The Figure 1 shows its geographic location and topo-149 

graphic distributions. 150 

From east to west, the territory is divided into temperate, warm temperate, and cold 151 

temperate zones, with monsoon and continental climate types.From east to west, the re-152 

gion is characterized by temperate, warm and cold temperate zones successively, with 153 

monsoon and continental climate types. The elevation over the study area increases sig-154 

nificantly from the hinterland to the outer, and the terrain changes are mainly shaped by 155 

the surrounding mountains and drainage network. All these factors contribute to the com-156 

plex and diversified landforms of the region. Cropland is concentrated in the Sanjiang-157 

Songnen-Liaohe Plain and mosaic with forest, grassland, wetland and other land cover 158 

types. Therefore, Northeast China is a typical representative of the cropland classification 159 

analysisevaluation. 160 

161 
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Figure 1. Geographical location and topography map of Northeast China. 163 

2.2. Datasets 164 

2.2.1 Global/regional Landland cover datasets 165 

Global/regional land cover datasets are important information sources for under-166 

standing the complex interactions between human activities and global change. In this 167 

study, we focus on comparing and assessing the cropland classification performance of 168 

land cover data products at a global scale. Additionally, in order to confirm whether the 169 

classification with more input samples of land cover types at local scales can enhance the 170 

data accuracy, we add two another national-scale datasets in China. This study totally 171 

collected eleven global-scale datasets, among which the GLC2000, FAO-GLCshare-2014, 172 

FROM-GLC-2017 and Esri-2020 products only contain one year data layer, the GLASS-173 

GLC, GLCNMO, CCI-LC, GlobCover, CGLS-LC100, GlobeLand30, and GLC_FCS30 con-174 

tain multi-year data layers. In addition, we included The two recently releasednational-175 

scale data products at a national scale, are CLUDs and CLCD. CLUDs has a 5-year interval 176 

from 1990 to 2020, while CLCD has annual data layers from 1990 to 2019. The investigated 177 

land cover datasets are briefly described below. In addition, we have sorted out and sum-178 

marized the satellites used in data production, the spatial resolution, and the classification 179 

techniques and algorithms used in land cover types, Thethose key information about the 180 

thirteen datasets is summarizedshown in Table 1. 181 

(1) The Global Land Cover 2000 (GLC2000) dataset was developed by the Euro-182 

pean Commission’s Joint Research Center with a spatial resolution of 1 km. The GLC2000 183 

legend is classified into 22 classes using unsupervised clustering and its overall accuracy 184 

is 68.6% [39]. 185 

(2) FAO-GLCshare (the Global Land Cover-share created by FAO (Food and Ag-186 

riculture Organization)), produced by the United Nations’ (UN) FAO in 2014 [40]. It uses 187 

the data fusion method to integrate the available national, regional, and global datasets 188 

with a resolution of 1 km. The product encompasses 11 classes and has an accuracy of 80%. 189 

(3) The Finer Resolution Observation and Monitoring of Global Land Cover 190 

(FROM-GLC) was produced by using the data of Landsat Thematic Mapper (TM) and 191 

Enhanced Thematic Mapper Plus (ETM+) [10]. This data represents the land cover around 192 

2017 with a spatial resolution of 30 m and encompasses ten land-cover classes. 193 

(4) Another global land cover map, which we named Esri in this paper, is a 10 m 194 

resolution imagery derived from ESA Sentinel-2. It was generated using a deep learning 195 

model that used more than 5 billion Sentinel-2 pixels and sampled from more than 20,000 196 

sites. These sites are found in all major biomes in the world [41,42]. 197 

(5) The Global Land Surface Satellite-Global Land Cover (GLASS-GLC) is an an-198 

nual dynamic record of global land cover product from 1982 to 2015. It was generated on 199 

the Google Earth Engine (GEE) platform with the latest version of GLASS (the Global 200 

Land Surface Satellite) CDRs (Climate Data Records) [43]. It has a resolution of 5 km and 201 

an average overall accuracy is 82.81%. 202 

(6) The National Mapping Organizations (GLCNMO) Global Land Cover was 203 

generated by the International Steering Committee for Global Mapping. The versionVer-204 

sion I (2003) has a spatial resolution of 1 km and the version II (2008) and version Ⅲ (2013) 205 

datasets [44,45] have an improved spatial resolution at 500 m [46]. 206 

(7) The Land Cover (LC) project of the Climate Change Initiative (CCI) by the Eu-207 

ropean Space Agency (ESA) provides a series of annual datasets with 300m resolution 208 

from 1992 to 2015, termed as CCI-LC dataset [47]. The product uses the unsupervised 209 

spatio-temporal clustering and machine learning classification method, with a total of 22 210 

land cover classes. 211 

(8) The GlobCover global land cover map is developed by the ESA in collaboration 212 

with international network of partners [8,48,49]. This dataset contains 22 classes defined 213 

by the UN LCCS. 214 
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(9) The Copernicus Global Land Service Land Cover at the 100 m resolution 215 

(CGLS-LC100)-collection 3 was released by the Copernicus Global Land Service. It was 216 

derived from high quality land cover training sites based on PROBA-V satellite observa-217 

tions and multiple auxiliary datasets [50]. This global LULC map contains 23 classes. 218 

(10) The GlobeLand30 was a 30 30-m global land cover product produced gener-219 

ated by the National Geomatics Center of China using the Pixel-Object-Knowledge oper-220 

ational method [9,51]. It has an overall classification accuracy of more than 80% world-221 

wide [52]. It comprises 10 land cover classes. 222 

(11) The global 30 m land cover dataset with a fine classification system 223 

(GLC_FCS30) in 2015 was produced using a time series image of Landsat and high-quality 224 

training data of the Global Spatial Temporal Spectra Library (GSPECLib) on the GEE plat-225 

form. Then the GLC_FCS30-2020 was generated with the prior knowledge of experts and 226 

the multi-source auxiliary datasets. Both of them contain 30 land-cover classes [21]. 227 

(12) The China's land-use/cover datasets (CLUDs) were provided by the Resource 228 

and Environment Science and Data Center. Its resolution is 1 km and documented in de-229 

tail China’s land cover in the 1980s, 1990, 1995, 2000, 2005, 2010, 2015 and 2020. It includes 230 

6 level-1 classes, which are cropland, grassland, forest, built-up area, water and barren, 231 

and 25 level-2 classes [53,54]. 232 

(13) The annual China Land Cover Dataset (CLCD) was derived from Landsat im-233 

agery on the GEE platform by Yang et al. [55], which contains annual land cover data 234 

layers at the 30 m spatial resolution in China from 1990 to 2019. Including 9 land cover 235 

types: cropland, forests, shrub, grasslands, water, snow/ ice, barren, impervious, and wet-236 

lands, its overall accuracy is reported at 79.31 %. 237 

Table 1. The summary of main information of all collected datasets in this study. They are sorted in 238 

order of the spatial resolution from lowest to highest. 239 

Datasets Satellites or sensor Time Spatial resolution Classification technique Classification scheme 

GLASS-GLC AVHRR GLASS CDR 1982-2015 5 km Random forest & LandTrendr 7 classes 

GLC2000 SPOT VGT 2000 1 km 
Generally unsupervised 

classification 
22 classes 

FAO-GLCshare ---- 2014 1 km Data fusion 11 classes 

CLUDs Landsat 

1980 1990 1995  

2000 2005 2010  

2015 2020 

1 km 
Extraction of remote 

sensing information 
6 classes* 

GLCNMO Terra MODIS 2003 1 km Supervised classification 20 classes 

 
Terra and Aqua MODIS 2008 2013 500 m Supervised classification 20 classes 

CCI-LC 
ENVISAT MERIS  

SPOT VGT 
1992-2015 300 m 

Unsupervised spatio-temporal 

clustering & Machine learning 

classification 

22 classes 

GlobCover MERIS 2005 2009 300 m 
Generally unsupervised 

classification 
22 classes 

CGLS-LC100 PROBA-V 2015-2019 100 m 
Supervised classification 

 & Random forest 
23 classes 

GlobeLand30 Landsat TM/ETM+ HJ-1 2000 2010 2020 30 m 
Pixel-Object-Knowledge 

classification approach 
10 classes 

CLCD Landsat 1990-2019 30 m Random forest 9 classes 

GLC_FCS30 Landsat TM/ETM+/OLI 2015 2020 30 m 
Operational SPECLib-based 

approach & Random forest 
30 classes 
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FROM-GLC 
Landsat TM/ETM+/OLI 

Sentinel-2 
2017 30 m Random forest 10 classes 

Esri Sentinel-2 2020 10 m Deep learning model 10 classes 

Note: 6 classes* means 6 classes in the first level and 25 classes in the second level. 240 

According to the time characteristics of the mapping data sources, we classified all 241 

data into four phases: 2000, 2010, 2015 and 2020. The Phase-2000 comprises eight datasets, 242 

Phase-2010 also includes eight datasets, Phase-2015 predominantly consists of nine da-243 

tasets, and Phase-2020 comprises six datasets. Table 2 displays the data contained in these 244 

four periods. 245 

Table 2. The datasets included in four periodsphases. 246 

Phase-2000 Phase-2010 Phase-2015 Phase-2020 

GLASS-GLC GLASS-GLC GLASS-GLC  

GLC2000 
 

FAO-GLCshare-2014 
 

CLUDs CLUDs CLUDs CLUDs 

GLCNMO-2003 GLCNMO-2008 GLCNMO-2013 
 

CCI-LC CCI-LC CCI-LC 
 

  
CGLS-LC100 CGLS-LC100-2019 

GlobeLand30 GlobeLand30 
 

GlobeLand30 

CLCD CLCD CLCD CLCD-2019 

 
GlobCover-2009 GLC_FCS30 GLC_FCS30 

GlobCover-2005 GlobCover-2005 FROM-GLC-2017 Esri 

2.2.21 Other auxiliary dataset 247 

We also collected the auxiliary data of cropland distribution in Northeast China re-248 

constructed by Yu et al. [56] as statistical data. This dataset was reconstructed by a multi-249 

source data fusion method. By coordinating the data accuracy, time and spatial resolution 250 

of diverse data sources, the continuous annual cropland distribution dataset of China was 251 

reconstructed by using the spatialized cropland distribution approach. Four statistical da-252 

tasets were used in this process, including the Land and Resources Statistical Yearbook, 253 

the National Land and Resources Bulletin, the Chinese Agriculture Yearbook, and the na-254 

tional crop production from the Chinese Statistical Yearbook, as well as multiple remote 255 

sensing products, including global cropland data provided by the Global Food Security 256 

Analysis-Support Data, GlobeLand30, the China Land Use and Cover Change, FROM-257 

GLC, and so on.In this process, four statistical datasets including the Land and Resources 258 

Statistical Yearbook, the National Land and Resources Bulletin, the Chinese Agriculture 259 

Yearbook, and the national crop production from the Chinese Statistical Yearbook, and 260 

multiple sources of remote sensing products including the global cropland data provided 261 

by the Global Food Security Analysis-Support Data, GlobeLand30, the China Land Use 262 

and Cover Change, FROM-GLC and so on were used. Overall, Yu et al. [56] assimilated 263 

the trend information and spatial pattern of various satellite datasets to produced produce 264 

series of cropland percentage maps, which are spatially explicit and spans span the time 265 

period from 1900 to 2016. Through intensive comparisons, the authors are confident that 266 

this data provides reliable sources of cropland maps [56]. 267 

2.3. Data processing procedures 268 

The flowchart of this study is shown in Figure 2. The following sections describe the 269 

key data processing steps. Three key steps are involved in the accuracy assessment and 270 

product comparison. The following describes the key processing steps of the data. Accu-271 

racy assessment and product comparison include three key steps. First, a random sam-272 

pling approach was employed to obtain validation sample data., t This process resulted 273 
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in four-phase validation samples (about 2000 samples for each) in 2000, 2010, 2015, and 274 

2020, respectively.his process generated four-phase validation samples (about 2000 sam-275 

ples for each) in 2000, 2010, 2015, and 2020, respectively. These validation sample points 276 

were put into the Google Earth and World Imagery Wayback platform, and interpreted 277 

by referring to the high-resolution images. Here the images of phrasePhase-2000 and 278 

Phasephrase-2010 are provided by Google Earth Pro, and the images of Phasephrase-2015 279 

and Phasephrase-2020 are from September 20th, 2015 and 2020 of the World Imagery 280 

Wayback platform. Those sample points were marked according to the actual situation of 281 

the ground (marked 1 represents cropland, 0 represents non-cropland). Second, the func-282 

tion of “Extract Multi Values to Points” was used in ArcGIS to assign the cropland and 283 

non-cropland of each data here to the attributes of the sample point. Third, we constructed 284 

the confusion matrices of all datasets in the four years, that is, the number of products and 285 

interpretive sample points simultaneously identified cropland/cropland, cropland/non-286 

cropland, non-cropland/cropland and non-cropland/non-cropland were counted (The 287 

confusion matrix is shown in supplementary data). The accuracy evaluation indexes were 288 

calculated according to the formula, and the comparison chart of the accuracy evaluation 289 

indexes of each data was drawn. 290 

About spatial agreement comparison, in order to facilitate the comparison of these 291 

different land cover products (different coordinate systems and resolution), we firstly first 292 

processed the global/national land cover datasets for the study area by using the boundary 293 

of Northeast China. Secondly, we carried out reprojection, resampling and reclassification 294 

processing successively in ArcGIS. The datasets were reprojected using the Albers Equal-295 

Area projection.The reprojection was that datasets transferred into the Albers Equal-Area 296 

projection. Using the nearest neighbor method, all data were resampled to 30 m. We com-297 

bined all cropland subclasses of each dataset into one class to integrate cropland infor-298 

mation. Here, the mosaic cropland (>50%) with other elements in some data (e.g., 299 

GLCNMO, CCI-LC, and GlobCover) are classified into cropland and the classification of 300 

cropland subcategory is shown in Supplementary Table S5. After this processing, the da-301 

tasets were only reclassified into cropland and non-cropland. Finally, the “Raster Calcu-302 

lator” was used to obtain the agreement levels of consistency and discrepancy of cropland 303 

in the same spatial position of different land cover datasets, and the area proportion of 304 

different agreement levels was calculated. 305 

In the comparison of cropland area in Section 3.4, we used pixel counting to calculate 306 

the cropland area of Northeast China under the projection of Albers, which is the pixel 307 

number of all cropland areas multiplied by the single pixel area. 308 



Remote Sens. 2023, 15, x FOR PEER REVIEW 9 of 31 
 

 

 309 

Figure 2. The workflow of this research. OA = overall accuracy, PA = producer’s accuracy, UA = 310 

Use's accuracy, MCC =the Matthews correlation coefficient. 311 

2.4. Methodology 312 

2.4.1 Accuracy assessment metrics 313 

First, the accuracy assessment is performed by the error matrix or confusion, which 314 

is a crosstab of various land cover products and the ground truth sample point. It directly 315 

reflects the overall accuracy of the mapping [57-59]. Using the confusion matrix, four clas-316 

sical evaluation parameters are calculated, which are the user’s accuracy (UA) (commis-317 

sion error), producer’s accuracy (PA) (omission error), overall accuracy (OA), and the 318 

Matthews correlation coefficient (MCC), respectively. The UA, PA, and OA respectively 319 

refer to the percentages of the products classified correctly, the validation points classified 320 

correctly, and the correctly classified number.  The Matthews correlation coefficient gen-321 

erate generates reliable results independently the ratios of positive and negative elements 322 

on the binary classification predictions [60]. 323 

The four evaluation metrics are the most commonly used methods in the accuracy 324 

assessment of land cover datasets [11,61-63]. They are defined as 325 

User's accuracy=
Xii

Xi+
×100%                  (1) 326 
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Producer's accuracy=
Xii

X+i
×100%          (2) 327 

Overall accuracy=
∑ Xii

2
i

N2
×100%          (3) 328 

 329 

MCC=
TP × TN - FP × FN

√(TP + FP)(TP + FN)(TN + FP)(TN + FN)
(4) 330 

 331 

where Xii𝑋𝑖𝑖 is the amount of class i pixels that were correctly classified, in this study 332 

it refers to the amount of cropland and non-cropland are correctly classified. N refers to 333 

the total number of the examined pixels, Xi+𝑋𝑖+ represents the number of class i pixels of 334 

the classification result, which is the total number of pixels of cropland in various land 335 

cover datasets; X+i𝑋+𝑖 on behalf of the class i pixel number for the reference data, it is the 336 

total pixel number of cropland in the validation sample. The indices TP/TN (true positive/ 337 

negative) respectively refers to the reference positive/ negative is classified correctly as 338 

positive/ negative; the FP/FN (false positive/ negative) means that the reference negative/ 339 

positive is classified wrongly as positive/ negative.TP (true positive) indicates the refer-340 

ence positive is correctly classified as positive; TN (true negative) indicates the reference 341 

negative is correctly classified as negative; FP (false positive) represents the reference neg-342 

ative is wrongly classified as positive; FN (false negative) represents the reference positive 343 

is wrongly classified as negative. 344 

2.4.2 Inter-comparison method 345 

The comparative assessments of various land cover datasets include the location and 346 

the quantity of each class [64]. In this study, 13 sets of LULC datasets were compared and 347 

analyzed in Northeast China from the two aspects of spatial location and cropland quan-348 

tity. The comparison of location is usually a matter of spatial (dis)agreement pixel by pixel. 349 

The purpose of spatial agreement analysis is to explore the characteristics of the spatial 350 

distribution of cropland in various datasets. Spatial agreements include visual compari-351 

son and pixel-by-pixel comparison. Visual comparison can show the spatial variation of 352 

the datasets among regions subjectively. Per-pixel comparison is to calculate the propor-353 

tion of pixels with the same attributes in the total pixels of various datasets in the same 354 

spatial location. The comparison of quantity mainly refers to areal comparison of cropland. 355 

We calculate the cropland area of Northeast China before reprojection and resampling. 356 

2.4.3 Pairwise data and prefecture-level city cropland area validation 357 

Correlation analysis can verify the relationship of the pairwise data and the ability of 358 

represent the prefecture-level cropland area. The following formulas (5), (6) and (7) are 359 

used for correlation analysis to detect the goodness of fit between datasets: 360 

∆xi=xi-yi
(5) 361 

RMSE=√
∑ ∆xi

2n
i-1

n
(6) 362 

r2=
( ∑ (xi-x̅)(y

i
-y̅)n

i-1 )
2

∑ (xi-x̅)2n
i-1 ∑ (y

i
-y̅)2n

i-1

(7) 363 

 364 

where ∆x_i is the difference between the cropland area (x_i) of a data and another 365 

data (y_i), n is the total number of regions of aggregation. x̅x ̅  and y̅y ̅ are the average of 366 

cropland area. 367 

3. Results 368 
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3.1. Accuracy evaluation of the thirteen datasets in the four phases 369 

Figure 3 shows the distribution of sample points across Northeast China for four 370 

years. The distribution of ground-truth points in four periods is roughly similar in Figure 371 

3, and the majority of cropland is distributed In Figure 3, the distribution of ground-truth 372 

points in four periods is roughly similar, and most of the cropland is distributed in the 373 

Sanjiang-Songnen-Liaohe Plain, with the main types of non-cropland beingare mountains, 374 

hills, lakes and rivers, grasslands, sandy and bare land, such as the Greater KhinganDa 375 

Xing'an Mountains, the Changbai Mountains, and so on. Scattered cropland distribution 376 

is found at the transition areas of plains and hills, beside lakes and rivers, or in areas such 377 

as grassland or bare, the difference between cropland and non-cropland in the four phases 378 

were mainly concentrated in these areas. 379 

380 
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 382 

Figure 3. Distribution of validation samples across Northeast in Phases 2000, 2010, 2015 and 2020. 383 

The graduated red points represent true non-cropland, graduated green indicate real cropland. 384 

Based on the ground truth validation samples, we constructed the confusion matrices 385 

of all datasets in four phases and obtained the spatial accuracy measures (i.e., producer’s 386 

accuracy, user’s accuracy, overall accuracy, and the Matthews correlation coefficient.), 387 

they were computed from confusion matrices (Figure 4). In Phase-2020, the average over-388 

all accuracy of six datasets is the highest at 0.86.On the whole, the average of overall ac-389 

curacy of six datasets in Phase-2020 is the highest of 0.86, followed by Phase-2000, Phase-390 

2010, and Phase-2015, all around 0.83 (Figure 513). CLUDs and CLCD data are available 391 

in all the four phases, while GLASS and CCI-LC data are available in three phases, 2000, 392 

2010 and 2015. The following is a comparison of the data evaluation metrics by phase.The 393 

following is a comparative analysis of the evaluation metrics of the data by phase. 394 

The overall accuracies of the eight datasets in Phase-2000 all exceed 0.73. 395 

GlobeLand30 has the highest OA of 0.90, followed by CLCD (0.89), CCI-LC (0.87). From 396 

the perspective of PA, ClobCover-2005 ranks the lowest with the accuracy of 0.57, fol-397 

lowed by GLC2000 (0.66). As for UA, ClobCover-2005 also has the lowest value of 0.62, 398 

followed by GLCNMO-2003 (0.63). Overall, GlobeLand30 has the balanced performance, 399 

with higher OA, UA and PA in 2000, followed by CLCD, and their MCC are all over 0.75. 400 

In Phase-2010, GlobCover-2005 has the lowest UA, PA and OA, followed by GlobCover-401 

2009. CLCD has the highest UA, PA and OA, followed by ClobeLand30. Other datasets 402 

have medium accuracy. The overall accuracies in the nine datasets of Phase-2015 are over 403 

0.76, CLCD has the highest OA value of 0.90, followed by CCI-LC (0.87) and GLC_FCS30 404 

(0.85). From the perspective of PA, GLASS ranks the lowest with 0.68. As for UA, 405 

GLCNMO-2013 has the lowest value of 0.63, followed by CGLS-LC100 (0.64) and FAO-406 

GLCshare (0.68). In general, CLCD has the higher OA, UA and PA in Phase-2015, its MCC 407 

is over 0.77. Following it, CCI-LC and GLC_FCS30 also have good performances with 408 

MCC greater than 0.70. The overall accuracies in the six datasets of Phase-2020 are more 409 

than 0.70, the OA of CLCD is 0.914, followed by GlobeLand30 (0.906), GLC_FCS30 (0.902), 410 

and Esri (0.896). In terms of PA, CLUDs ranks the lowest with 0.69. This corresponds to a 411 

higher omission error, indicating that the estimation of cropland area across Northeast 412 

China is low (Figure 5 and Figure 6). As for UA, CGLS-LC100 has the lowest value of 0.57, 413 

and it is clear to observe that the cropland area in CGLS-LC100 data is overestimated than 414 

other data (Figure 5, Figure 6, Figure 8, and Figure 9). CLCD has the best performance in 415 

Phase-2020, followed by GlobeLand30, and all of their MCC are greater than 0.79. In a 416 

word, CLCD has the best performance in Phase-2020, followed by GlobeLand30, and all 417 

their MCC are over 0.79 (Figure 4 and, Figure 5 and Figure 6). Following them are 418 

GLC_FCS30 and Esri, both of which have MCCs greater than 0.77. Following them, 419 
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GLC_FCS30 and Esri also have good performances with MCC of over 0.77. For detailed 420 

numerical information, please see Supplementary Table S2. 421 

In summary, CLCD has the highest accuracy in four phases, followed by 422 

GlobeLand30, GLC_FCS30, and Esri. The low PAs values of GlobCover, GLC2000, CLUDs, 423 

GLASS and GLCNMO reflect a low estimation of the area in different regions of Northeast 424 

China. The UAs of CGLS-LC100, GlobCover, GLCNMO and FAO-GLCshare are all rela-425 

tively low, all of which have different degrees of commission errors of cropland in differ-426 

ent regions of the Northeast, and the cropland area is relatively overestimated than other 427 

datasets. 428 

 429 

 430 

Figure 4. Comparisons of the spatial accuracy indexes of the datasets in 2000, 2010, 2015 and 2020. 431 

We further grouped and compared the overall accuracy of these datasets by resolu-432 

tion, time, satellite sensors, and classification algorithms, and the results are illustrated in 433 

Fig. 5. It can be found the overall accuracy rises with the improvement of resolution and 434 

the development of mapping time in general. The average of the overall accuracy of the 435 

products derived from Sentinel and Landsat observations are overall better than the data 436 

produced by other satellite sensors, while the data produced by the PROBA satellite is the 437 

worst. The average overall accuracy of the data produced by random forest, Pixel-Object-438 

Knowledge classification approaches and deep learning are all over 0.89, followed by the 439 

operational SPECLib-based approach & random forest (0.88), the unsupervised spatio-440 

temporal clustering & machine learning (0.87), and extraction of remote sensing infor-441 

mation (0.84). 442 

 443 
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 444 

Figure 5. Scatter plots of overall accuracy compared by resolution, time, sensor, and classification 445 

algorithm, with different individual colors markers for different land cover datasets. 446 

3.2. Commission and omission error analysis on cropland in Northeast China 447 

The Phase-2015 and Phase-2020 contain higher precisions and more products, cover-448 

ing almost all data products except for GLC2000 and GlobCover, thus we choose the two 449 

phases to further analyze the omission and commission error of these datasets. Based on 450 

ground verification points, the omission and commission error distribution of datasets in 451 

2015 and 2020 across Northeast China is illustrates in Figure 5 and Figure. 6. The ginger-452 

pink points indicate the higher commission errors and the spruce-green points represent 453 

the higher omission issues.  454 

Lots of ginger-pink points exist in CGLS-LC100 in Figure 5 and Figure 6, indicating 455 

serious commission issue issues and illustrating the overestimation of cropland area in 456 

both meridional and zonal dimensions (Figure 8 and Figure 9). Followed by GLCNMO 457 

and FAO-GLCshare, they are suffered from commission issues in different regions. 458 

GLCNMO-2013 has serious commission errors in the western Inner Mongolia, especially 459 

in the western part of Hulunbuir City, where the overestimation is more serious, followed 460 

by Heihe City in Heilongjiang Province. Chifeng City in Inner Mongolia has a lower omis-461 

sion phenomenon. FAO-GLCshare has high misclassification in the north of Heihe City in 462 

Heilongjiang, the central part of Hulunbuir City, as well as the junction of mountains and 463 

plains (Da Xing'anthe Greater Khingan Mountains, the Changbai Mountains, etc.), while 464 

it has low leakage in Greater Khingan Mountains. GLASS has many spruce-green points 465 

and it has less cropland area than other datasets (Figure 8 aA, Figure 5, Figure 6). CLUDs 466 

have omission issues in the Sanjiang-Songnen-Liaohe Plain and Chifeng of Inner Mongo-467 

lia with many spruce-green points. It is clear that CGLS-LC100 and GLCNMO-2013 have 468 

lower omission errors with fewer spruce-green points, but they suffer from a little more 469 

commission issue, CLUDs is higher omission errors with more spruce-green points (Fig-470 

ure 5 and Figure 6). Furthermore, CLCD has the fewest spruce-green and ginger-pink 471 

points, indicating that it has few omission and commission errors, which corresponds to 472 

the highest accuracy evaluation in Figure 4.  In addition, CLCD has the fewest spruce-473 

green and ginger-pink points, which means that it suffers from a little omission and com-474 

mission errors, which also corresponds to the highest accuracy evaluation in Figure 4. The 475 

numbers of the commission and omission error in each product in phrase 2015 and phrase 476 

2020 is shown in Supplementary Table S3. 477 
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 480 

Figure 5(1) The commission and omission error distribution of nine data in 2015. 481 

 482 
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 483 

Figure 6(2) The commission and omission error distribution of six data in 2020.  484 

Figure 6. The disagreements distribution of verified points and the corresponding position in each 485 

dataset. In Figure 5 and Figure 6, Thethe ginger-pink dots represent that true pixels of non-cropland 486 

are classified as cropland (representing commission error). The spruce-green dots indicate that true 487 

pixels of cropland are classified as non-cropland (representing omission error). 488 

To better understand the spatial accuracies of these datasets in more detail, we se-489 

lected four regions for Phase-2015 (as it contains the most data products) for zoom-in ex-490 

emplification to better observe the varied accuracies, as shown in Figure 7Figure 7 shows 491 

their positions. It can be seen that except GLASS, the other eight datasets could capture 492 

the distribution of cropland in the Sanjiang and Songnen Plain. GLASS not only has low 493 

resolution, but also suffers from omission and commission issue. In the southeast of 494 

HulunBuirHulunbuir city of Inner Mongolia (Figure 7 B), FROM-GLC and GLASS have a 495 

large number of missing, and fail to detect the cropland, followed by FAO-GLCshare and 496 

CLUDs. CLCD and GLC_FCS30 have a good description of mountains and farmlands, 497 

and CGLS-LC100 has a significantly overestimation of cropland area. Five datasets per-498 

form well in the Liaohe Plain except FAO, GLASS, GLCNMO, and CLUDs which suffer 499 

from a commission issue (Figure 7 D). 500 

 501 

 502 

 503 

 504 
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 509 

 510 

Figure 7. Demonstration of the cropland magnified performances of four regions in different da-511 

tasets. Dark-green indicates cropland and white indicates non-cropland. The positions of A-D are 512 

shown in Fig. 8 A-b. 513 

3.3. Spatial agreement and discrepancies 514 

The spatial agreement is shown in Figure 8 and Figure 9, which illustrates spatial 515 

similarities and differences of cropland. In terms of longitudinal cropland distribution 516 

curve, most croplands of all datasets are clustered between 125°E and 130°E (Figure 8). In 517 

summary, the region with agreement level 9 or 6 (highest spatial consistency) is mainly 518 

distributed in traditional agricultural regions of Northeast China, such as the Sanjiang-519 

Songnen-Liaohe Plain, which include Harbin, Hegang, Jixi, Jiamusi, Qiqihar, and Suihua 520 

in Heilongjiang. Liaoyuan City, Siping City, Song yuan City, Changchun City in Liaoning 521 

Jilin Province, and Fuxin City, Jinzhou City, Shenyang City, and Tieling City in Liaoning 522 

Province. All of these zones have homogeneous and clustered cropland and can be easily 523 

captured by remote sensing imagery. The regions of lower spatial consistency (agreement 524 

level ≦2) are distributed in mountainous, hilly zones and transition areas between them 525 

in the east of Inner Mongolia, Jilin, and Liaoning, and the north of Heilongjiang. 526 

The overlapping result of nine datasets in Phase-2015 is shown in Figure 8 (a-c), the 527 

area identified as cropland by the nine datasets account accounts for 19.7% of the total 528 

cropland area. From the meridional area curve, we can see that CGLS-LC100 has the high-529 

est area curve between 121°E and 128°E, FAO-GLCshare has the highest area curve be-530 

tween 128°E and 135°E compared with other datasets. FROM-2017 at around 121-125°E, 531 
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CLUDs at about 126-129°E, and GLASS at 130-132°E are the lowest. From the perspective 532 

of zonal area distribution, FAO-GLCshare, CGLS-LC100 and GLCNMO-2013 have the 533 

highest area curves in the range of about from 40°N to 42°N, from 42°N to 48°N, and from 534 

48°N to 51°N. 535 

Figure 8 9 (da-ec) shows the overlapping result of six datasets in Phase-2020. The 536 

stacked bar shows that 28.5% are simultaneously labeled as cropland in the total identified 537 

cropland regions, and 42.2% of the data are identified as cropland in agreement level five 538 

or higher. According to the distribution of meridional cropland area, the area curve of 539 

CGLS-LC100 is the highest in all longitudes, this indicates that CGLS-LC100 has a high 540 

estimation value of cropland area. CLUDs ranks lowest between 123°E and 129°E, reveal-541 

ing low area estimation within this longitude range. In the zonal distribution curve of 542 

cropland area, CGLS-LC100 also showed the highest regional distribution among the six 543 

curves. Esri has the lowest area around 45°N, corresponding to the omission phenomenon 544 

in Songyuan and Changchun city of Jilin Province. Supplementary Table S4 of supple-545 

mentary data is the area proportion of different consistency levels. 546 

 547 

Figure 8. Illustration of the spatial agreement level, cropland area curves of meridional and zonal 548 

of nine datasets in 2015. Charts (a) and (c) are the area curves of the meridional and zonal of datasets, 549 

respectively. The overlapping result of datasets is shown in subplot (b), representing the resampled 550 

evaluated data at a resolution of 30 m, and the digital numbers indicate different consistency levels. 551 

The stacked bar chart is the cropland area proportion (%) in the agreement levels. 552 
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 553 

Figure 89. Illustration of the spatial agreement level, cropland area curves of meridional and zonal 554 

of ninesix datasets in 2020. In Figure 8 and Figure 9, Charts (a), (d) and (c), (f) are the area curves of 555 

the meridional and zonal of datasets, respectively. The overlapping result of datasets is shown in 556 

subplot (b) and (e), subfigure (b) shows nine data in 2015  representing the resampled evaluated 557 

data at a resolution of 30 mto 30 m, and subfigure (e) shows six data in 2020 resampled to 30 m, 558 

respectively, and the digital numbers indicate different consistency levels. The stacked bar chart is 559 

the cropland area proportion (%) in the agreement levels. 560 
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 563 

Because the overall accuracy of six data in Phase-2020 is higher, we further explore 564 

their agreement relationships with each other. We compared the pairwise data of six data 565 
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and their scatterplots is shown in Figure 910. CLCD has the highest agreement with 566 

GLC_FCS30 (r2 = 0.96), followed by GlobeLand30 with CLUDs (r2 = 0.89), GlobeLand30 567 

and CLCD (r2 = 0.88), all their RMSEs are less than 12 km2. The CLUDs has have the lowest 568 

agreement with CGLS_LC100, with a the lowest r2 of 0.38 and a the highest RMSE of 36.15 569 

km2. CGLS-LC100 is in poor agreement with any data, and we can see that almost all 570 

points are above or below the 1:1 line. This is because the cropland area in CGLS-LC100 571 

data is relatively overestimated than other data. 572 

 573 

 574 

 575 

 576 

 577 

 578 

 579 
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Figure 910. Scatterplots between the CLCD and the CGLS-LC100, CLUDs, Esri, GLC_FCS30, 580 

GlobeLand30. The axes represent the cropland area aggregation within the grid cell of 8.438 581 

km×9.537 km across Northeast China of six datasets, which only includes the comparison of 582 

cropland area. The unit of RMSE is km2. 583 

3.4. Comparative analysis by referring to the statistical data 584 

Figure 1011 compares the cropland area from collected datasets to statistical data in 585 

Northeast China. CLUDs-1980s slightly underestimates cropland area, whereas CGLS-586 

LC100 and GLCNMO-2013 significantly overestimate cropland area in Northeast 587 

China.shows the comparison of cropland area of collected datasets with statistical data in 588 

Northeast China. It can be seen that CLUDs-1980s slightly underestimates the cropland 589 

area, while CGLS-LC100 and GLCNMO-2013 seriously overestimate the cropland area in 590 

Northeast China. Compared with the reconstructed cropland data, the cropland area 591 

value of CLUDs, GlobCover, and GlobeLand30 products are relatively closer to the statis-592 

tics. The area of GLASS, FAO-GLCshare, CCI-LC, CLCD, GLC_FCS30, FROM-GLC and 593 

Esri are concentrated around 600×103 km2. The three-year area areas of GLCNMO-2003, 594 

2008 and 2013 are significantly different, and all products in the statistics of cropland area 595 

increase with time. On the whole, the cropland areas based on remote sensing are higher 596 

than the statistical data. The differences may be caused by inconsistent spatial resolutions 597 

of remote sensing products and official statistics. The remote sensing mapping probably 598 

tends to induce biases in the mixed pixels while the official yearbook statistical data was 599 

generated by field surveying, multi-level estimates, and census. 600 

 601 

Figure 1011. A scatter plot comparingComparison of the cropland area of all examined datasets with 602 

the statistic result by Yu et al. [56] in Northeast China. 603 

Based on the Phase-2015 datasets, we explored the correlation between datasets and 604 

the reconstructed data on the cropland area of aggregated in prefecture-level (Figure 1112). 605 

We find that the r2 of CLUDs is the highest (0.97) and the RMSE is the lowest (1.63 km2), 606 

followed by CLCD (0.95, 4.04 km2), and CCI-LC (0.96, 4.10 km2). CGLS-LC100 has the 607 

lowest r2 of 0.53 and the highest RMSE of 15.96 km2, besides, the fitting effect of FROM-608 

GLC-2017 is also better. Compared with other datasets, CLUDs performs best in regional 609 

accuracy (prefecture-level). FROM-GLC-2017 and GLASS also have good manifestation 610 

with most the “plus” points centralized around the 1:1 line. On the contrary, CGLS-LC100 611 

and GLCNMO perform poorly, and they suffer from obvious overestimation on prefec-612 

ture-level cropland area. 613 
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 614 

Figure 1112. Scatterplots of the prefecture-level city reconstructed cropland area vs. the aggregated 615 

area of cropland from each dataset. The unit of RMSE is km2. 616 

4. Discussion 617 

4.1. Potential influencing factors of the data uncertaintiesaccuracy 618 

Multiple factors maymight have resulted in the difference and uncertainties in the 619 

cropland range among these datasets. We grouped and compared the overall accuracy of 620 

these datasets mainly from four dimensions, includingby  the data resolution, producing 621 

time, satellite sensors, and classification algorithms,. and tThe results are illustrated in 622 

Figure 13. It can be found the overall accuracy rises with the improvement of resolution 623 

and the development of mapping time in general. For example, GLASS with 5 km resolu-624 

tion has the lowest overall accuracy, and Esri with 10 m resolution has the highest overall 625 

accuracy. The average of the overall accuracy of the products derived from Sentinel and 626 

Landsat observations are overall better than the data produced by other satellite sensors, 627 

while the data produced by the PROBA satellite is the worst. In addition, different classi-628 

fication strategies and mapping methods adopted by these datasets willmay lead to dif-629 

ference in classification accuracies. The average overall accuracy of the data produced by 630 

random forest classification method, Pixel-Object-Knowledge classification approaches 631 

and deep learning are all over 0.89, followed by the operational SPECLib-based approach 632 

& random forest models (0.88), the unsupervised spatio-temporal clustering & machine 633 

learning (0.87), and extraction of remote sensing information (0.84). 634 

 635 
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 637 

Figure 13. Scatter plotsComparison of the overall accuracy of compared different datasets grouping 638 

by data resolution, producing time, sensor, and classification algorithm, with different individual 639 

colors markers for different land cover datasets. 640 

4.1. Potential influencing factors of the data uncertainties 641 

Multiple factors may have resulted in the difference and uncertainties in the cropland range 642 

among these datasets. Firstly, the definitions and classification of cropland are diverse in these 643 

evaluated datasets. For example, in GLC2000, CGLS-LC100 and Esri, the croplands are “pure” 644 

cropland, including rainfed croplands and flooded crops, such as cereal, corn, wheat, rice. The 645 

croplands in GLASS, GlobeLand30, CLCD, GLC_FCS30 and FROM-GLC mainly refer to 646 

rainfed/irrigated cropland, orchard and temporally bare farmland, etc. However, in GLCNMO, 647 

the cropland includes herbaceous crop(s), the paddy field of graminoid crops and non-graminoid 648 

crops, and the mosaic of cropland and other vegetation. In CCI-LC, the cropland incorporates 649 

rainfed/irrigated cropland, herbaceous, tree or shrub cover, and the mosaic of cropland and 650 

natural vegetation (Table S5). In general, the mixture of herbaceous or shrubs and cropland and 651 

the narrow definition result in different overestimates and a little underestimation of cropland 652 

area respectively. The cropland definition of GLC2000, CGLS-LC100 and Esri are “pure” 653 

cropland, and their estimation of cropland area should be somewhat underestimated. However, we 654 

found that the cropland area of CGLS-LC100 is very high, while GLC2000 and Esri are relatively 655 

normal, and there must be some other reason for this (we suspect it may be because the cropland 656 

in CGLS-LC100 is an independent thematic cropland file rather than a single land cover layer). 657 

In addition to that, the cropland of GLASS, GLC2000, CLUDs, GlobeLand30, CLCD, and 658 

GLCFCS30 contains several different subcategories (as shown above), while FAO-GLCshare and 659 

CGLS-LC100 are thematic files of cropland, which only considered cropland and non-cropland. 660 

We found that both FAO and CGLS-LC100 have high cropland area. 661 

Secondly, different classification strategies and mapping methods were adopted by 662 

these datasets. There is no doubt that they will lead to difference in classification accura-663 

cies. Some other factors such as the mapping extent and training samples may also affect 664 

the performance of accuracy. Through relevant reference, we find that CLCD data was 665 

produced by massive Landsat images, a large number of stable sufficient training samples 666 

and advanced algorithms. [55]. GLC_FCS30 was generated using Landsat imagery time 667 
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series, high-quality training data of GSPECLib and random forest model, and 44,043 val-668 

idation samples show that it has more spatial details and more diverse land-cover types 669 

[21]. Esri was produced by Impact Observatory’s deep learning artificial intelligence land 670 

classification model which uses a massive training dataset of billions of human-labeled 671 

image pixels [41]. The resolution and precision of these data are very high. However, the 672 

accuracy of other data is not good in different aspects, such as rough resolution, old time, 673 

unadvanced satellite and classification algorithm, which lead to the differences in the 674 

identification of cropland in mixed regions. It should be stated that, our validation sam-675 

ples simply evaluated the Northeast China cropland and may be not representative for 676 

other regions accuracy assessments, more representative truth points of ground need to 677 

be collected for quantitative implementation in other regions in the future. Also, in this 678 

work, we merely pay attention to the cropland cover, and our conclusions on the accuracy 679 

evaluation of these datasets may not be representable for other land cover classes. Thirdly, 680 

there are mountains, hills, plains, rivers, wetlands and transition zones in Northeast China. 681 

This complicated landscape condition is also one of the reasons leading to the difference 682 

and uncertainties among these datasets. 683 

4.2. Other potentialpossible influencing factors of the dataset uncertainties performance 684 

The diverse definitions and classification of cropland in these evaluated datasets can 685 

also introduce uncertaintiesthe difference of classification performance. For example, in 686 

GLC2000, CGLS-LC100 and Esri, the croplands are “pure” cropland, including rainfed 687 

croplands and flooded crops, such as cereal, corn, wheat, rice. The croplands in GLASS, 688 

GlobeLand30, CLCD, GLC_FCS30 and FROM-GLC mainly refer to rainfed/irrigated 689 

cropland, orchard and temporally bare farmland, etc. However, in GLCNMO, the 690 

cropland includes herbaceous crop(s), the paddy field of graminoid crops and non-grami-691 

noid crops, and the mosaic of cropland and other vegetation. In CCI-LC, the cropland 692 

incorporates rainfed/irrigated cropland, herbaceous, tree or shrub cover, and the mosaic 693 

of cropland and natural vegetation (Supplementary Table S5). In general, the mixture of 694 

herbaceous or shrubs and cropland and the narrow definition inevitably result in differ-695 

entsome overestimationes and a little underestimation of cropland area, respectively. The 696 

cropland definition of GLC2000, CGLS-LC100 and Esri are “pure” cropland, and thus 697 

their estimation of cropland area should be somewhat underestimated. However, we 698 

found that the cropland area of CGLS-LC100 is very high, while GLC2000 and Esri are 699 

relatively normal,. and there must beIt could be attributed to some other reasons for this 700 

(we suspect it may be because the cropland in CGLS-LC100 is an independent thematic 701 

cropland file rather than a single land cover layer). In addition to that, the cropland of 702 

GLASS, GLC2000, CLUDs, GlobeLand30, CLCD, and GLCFCS30 contains several differ-703 

ent subcategories (as shown above), while FAO-GLCshare and CGLS-LC100 are thematic 704 

files of cropland, which only considered cropland and non-cropland. We found that both 705 

FAO and CGLS-LC100 have high cropland area. 706 

AlsoAdditionally, there are mountains, hills, plains, rivers, wetlands and transition 707 

zones in Northeast China. This complicated landscape condition is also one of the reasons 708 

leading to the difference and uncertainties among these datasets. It should be stated that, 709 

in this work, our validation samples simply evaluated the Northeast China cropland and 710 

our conclusions on the accuracy evaluation of these datasets may be not representative 711 

for other land cover classes or other regions accuracy assessments, more representative 712 

truth points of ground need to be collected for quantitative implementation in other re-713 

gions in the future. 714 

 715 

4.23. Some other factors that causes the errorsUncertainties existing in our evaluation work 716 

One potential source of error in our accuracy assessment is the use of validation sam-717 

ples from the same phase year to evaluate datasets from different years, particularly when 718 
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land cover changes occur in specific regions.One possible reason for potential errors in 719 

accuracy assessment is the use of validation samples from the same phase year to evaluate 720 

datasets from different years, especially when land cover changes occur in certain regions. 721 

In this study, validation samples of four phrase years were generated through visual in-722 

terpretation of high-resolution images. For example, samples collected in the same phase 723 

year of 2010 can be used for Phase-2010, GLCNMO-2008, GlobCover-2009, and Glob-724 

Cover-2005. Using validation samples from the same phase year (2010) to evaluate da-725 

tasets from different years (2008/2009/2005) may be problematic if land cover changes oc-726 

cur in some regions, reducing the reliability of commission/omission errors.  For instance, 727 

for Phase-2010, GLCNMO-2008, GlobCover-2009 and GlobCover-2005 use the samples 728 

collected in the same phase year of 2010. There is no doubt that using validation samples 729 

from the same phase year (2010) to evaluate datasets from different years (2008/2009/2005) 730 

may be problematic if the land cover changes occur in some regions and further affecting 731 

the reliability of commission/omission errors. However, this situation occurred primarily 732 

in a few datasets, includingBut this situation mainly happened in a few datasets, 733 

CLCNMO-2003 and GlobCover-2005 in Phase-2000, CLCNMO-2008, GlobCover-2005 and 734 

GlobCover-2009 in Phase-2010, FAO-GLCshare-2014 and FROM-GLC-2017 in Phase-2015, 735 

and CLCD-2019 in Phase-2020. And, wWhile the land cover type in some traditional 736 

cropland regions will not change in the short term, some changes will occur at the inter-737 

section of land cover types, such as cropland and grassland, shrub or bare land. And in 738 

some traditional region of cropland, the land cover type will not change in a short term, 739 

some changes tend to occur at the intersection of land cover types, such as cropland and 740 

grassland, shrub or bare land. The mismatch between the period of these verification sam-741 

ples and the data leads to the commission/omission errors, and the extent of this error 742 

cannot be quantifiable, which is a shortcoming point of our research. Another reason for 743 

this issue is limited to the accessibility of high-resolution imagery at the annual timescale. 744 

We cannot obtain the high-frequency reference imagery series in this study area. 745 

Another factor issue that caused the error evaluation uncertainty is the cropland sub-746 

categories mosaic. In terms of the mosaic cropland found in some land cover datasets, the 747 

cropland mosaic which accounts for more than 50% is directly divided into cropland in 748 

the data processing section. Such an issue is mainly related to three products GLCNMO, 749 

CCI-LC and GlobCover. We calculated the proportion of mosaic cropland pixel pixels in 750 

the whole cropland pixel. Mosaic cropland accounted for 9.6% in GCLNMO-2003, 4.3% in 751 

GCLNMO-2008, and 14.5% in GCLNMO-2013. In CCI-LC, the proportion of these mosaics 752 

was 7.2% in CCI-LC-000, 7.0% in CCI-LC-2010, and 7.0% in CCI-LC-2015, respectively. 753 

However, in the GlobCover, this proportion is relatively large, 35.5% in GlobCover-2005 754 

and 39.8% in GlobCover-2009. We looked up the definition of the mosaic class in Glob-755 

Cover, which is “mosaic cropland (50-70%)/ vegetation (grassland/ shrubland/ forest) (20-756 

50%)”. Therefore, in these 35.5% or 39.8% of cropland mosaic pixels, the proportion of 757 

non-cropland is pretty small (e.g., 8.0%~-19.9% in GlobCover-2009). However, there is no 758 

doubt that some omission and commission errors are also caused by these cropland mo-759 

saic pixels. 760 

4.34. Comparison with the existing prior assessment articlework 761 

In the recent study by Zhang et al.' s [65] article, a comparative analysis and accuracy 762 

assessment of six products with 30 m resolution of China in 2015 were conducted, where 763 

GLAD and GFSAD are thematic cropland data. Four accuracy indexes were used, includ-764 

ing the overall accuracy, commission error, omission error, and Matthews correlation co-765 

efficient. We collected 13 sets of data for our study In our study, we collected 13 sets of 766 

data and conducted a comparative analysis and assessment of the cropland in Northeast 767 

China for the four years phases of around the years 2000, 2010, 2015, and 2020. During the 768 

evaluation process, we recognized that the years are not uniform, the data resolutions are 769 

different, and all data are land cover products and not thematic cropland products. The 770 

accuracy evaluation indexes we used include overall accuracy, producer’s accuracy, user’s 771 
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accuracy, and the Matthews correlation coefficient. Through our rigorous methodology, 772 

we aimed to provide valuable insights into the cropland changes in Northeast China and 773 

contribute to the scientific community’s understanding of land use dynamics. 774 

Both papers studies compare and analyze the spatial consistency of data at regional 775 

(China, Northeast China), provincial, meridional and zonal scales. However, Zhang et al’ 776 

paper study goes into more detail on provincial agreements and differences, not only cal-777 

culating the proportion of cropland area at different agreement levels in each province 778 

but also the relative area difference between each data and the statistics for each province. 779 

An important difference between the two papers is that in the discussion section, Zhang 780 

et al found the relationship between elevation and slope, and concluded that the area pro-781 

portion with high agreement decreases with an increase in elevation and slope. When the 782 

elevation and slope increase, the data difference is obvious. Our paper study did not in-783 

vestigate either aspect, which should be strengthened in the next work. 784 

5. Conclusions 785 

As more and more global or national land cover datasets are published and available, 786 

it is becoming easier to obtain cropland information from these open-access products. 787 

However, the accuracy evaluation results of these datasets at a global/national scale for 788 

all LULC elements (classes) may not be replaceable for local-area or class-specific accuracy. 789 

Northeast China is a major agricultural region of China and have has complicated land-790 

scapes and varied terrains. This paper takes Northeast China to evaluate the performances 791 

of our collected thirteen sets of land cover datasets in the accuracy, spatial location, and 792 

area of croplands. The similarities and differences are shown in a multi-scale comparison 793 

between datasets. 794 

Accuracy validation based on ground truth samples indicates that, in general, com-795 

pared with other datasets, CLCD, GlobeLand30, GLC_FCS30, and Esri have the best per-796 

formance in cropland classification with the overall accuracies of more than 0.89. On the 797 

contrary, the OAs of CGLS-LC100-2019 and GlobCover are lower than 0.75. For commis-798 

sion and omission error, CGLS-LC100 has a severe overestimation, while GLASS suffers 799 

from a significantly underestimation of cropland area, and the bias situation of CLCD is 800 

the least. In the aspect of spatial consistency and difference, the traditional agricultural 801 

regions such as Sanjiang-Songnen-Liaohe Plain in Northeast China have the highest spa-802 

tial consistency. Lower consistency regions are distributed in mountainous, hilly regions 803 

and the transition areas between them. For the scatter plots between pairwise data, the 804 

agreement between CLCD and GLC_FCS30 is the highest (r2 = 0.96), followed by 805 

GlobeLand30 with CLUDs (0.89), and GlobeLand30 with CLCD (0.88), all their RMSEs are 806 

less than 12 km2. CGLS-LC100 is in poor agreement with any data, with r2 lower than 0.56 807 

and RMSE higher than 30 km2. 808 

In exploring the influence factors of the difference and uncertainties in the cropland 809 

range and location among all datasets, although the purpose of these datasets was to pro-810 

vide accurate cultivate information, factors such as the definitions of cropland, the land-811 

scape characteristics of Northeast China, classification scheme, and different satellite sen-812 

sors, jointly produced different mapping results. It is arbitrary to say that this dataset is 813 

more suitable for this particular application, however, with the increasing demand for 814 

high-precision cropland datasets, users should consider the accuracy of cropland class 815 

when selecting a dataset. The accuracy evaluations and comprehensive comparison anal-816 

ysis of this work are expected to provide a meaningful and valuable reference for those 817 

(e.g., cropland surveyorsurveyors) who use using these datasets in Northeast China. In 818 

addition, the detailed evaluation of this work could provide feedback to data generators, 819 

facilitate the improvement of data processing algorithms and classification techniques, 820 

better service with future cropland applications and mapping or cropland data fusion. 821 

Supplementary Materials: The following supporting information can be downloaded at: 822 

www.mdpi.com/xxx/s1. 823 
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Abstract: The provision of precise and dependable information regarding the extent and distribu-13 

tion of cropland is imperative for the evaluation of food security, agricultural planning, and re-14 

source management. Cropland is an important component of land cover type and is offered in mul-15 

tiple existing global/regional land cover products. However, global-scale accuracy evaluation may 16 

not be representative for class-specific or local-area accuracy, such as Northeast China, which is an 17 

important grain-producing region of China and has various types of cultivated land (e.g., wheat, 18 

rice) and diverse terrains. It poses a great challenge in generating precise cropland classification by 19 

automated mapping. Thus, it is indispensable to evaluate the accuracy and reliability in these vari-20 

ous land cover datasets before using them. In this study, we collected thirteen sets of global or na-21 

tional-scale land cover datasets. Through visual interpretation of high-resolution images, ground 22 

“truth” samples were collected to evaluate the data accuracy across Northeast China. The overall 23 

accuracy (OA) evaluation results in Phase-2020 shows that CLCD has the highest value with 0.914, 24 

followed by GlobeLand30 (0.906), GLC_FCS30 (0.902), and Esri (0.896) for cropland classification in 25 

Northeast China. CGLS-LC100 has the lowest OA (0.710). For the commission and omission errors 26 

of six datasets of Phase-2020, CGLS-LC100 has an obvious overestimation (larger commission error), 27 

while the two national-scale datasets (CLCD and CLUDs) performs relatively better. In the aspect 28 

of spatial consistency, high spatial agreement among the nine Phase-2015 datasets or in the six 29 

Phase-2020 datasets could be discovered in traditional agricultural regions like the Sanjiang-30 

Songnen-Liaohe Plain, and low agreement is found in the transition areas of mountains (hills) and 31 

plains with the mixed landscape of forest (grassland) and farmland. In the aspect of comparison 32 

pairwise data, CLCD is in good agreement with GLC_FCS30, GlobeLand30, and Esri, while the 33 

CGLS-LC100 is in the poorest agreement with any other dataset. The comparison and evaluation 34 

results are expected to provide the reference on which aspects and what extent these land cover 35 

products may be consistent and guide the cropland data product selection for Northeast China. 36 

Keywords: land cover; Northeast China; cropland classification; accuracy assessment; spatial agree-37 

ment; regional comparison 38 
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by National Mapping Organizations; CCI-LC, Climate Change Initiative-Land Cover; 46 

GlobCover, Global Land Cover Map; CGLS-LC100, Copernicus Global Land Service-47 

Land Cover 100m; GlobeLand30, World's First Global Land Cover Datasets at a 30m; 48 

GLC_FCS30, Global Land Cover product with Fine Classification System at 30m; CLUDs, 49 

China’s Land-use/cover datasets; CLCD, China Land Cover Dataset 50 

1. Introduction 51 

Agricultural land meets global demands such as human food, stock feed, and biofuel. 52 

These demands are growing rapidly due to the increasing population and consumption 53 

[1,2]. Therefore, understanding the range, distribution and dynamics change of cropland 54 

is required for food demands and environmental sustainability, especially for agricultural 55 

planning, cropland monitoring, and food security assessment, among others. An increas-56 

ing number of global and regional land use/cover (LULC) datasets [3], including the farm-57 

land category, have been produced by the researchers and are freely available to the pub-58 

lic with the rapid development of remote sensing and new technologies (i.e., cloud com-59 

puting, big data and machine learning). Coarse resolution images (i.e., pixels of 5 km or 1 60 

km) were generally used in the early period [4-6]; however, their application at national 61 

or regional levels is limited by the low precision and image quality. Then, the spatial res-62 

olution of products was enhanced to 500 m or 300 m [7,8]. Nowadays, land cover mapping 63 

using high-resolution images, such as 30 m or 10 m resolution satellite data [9,10], has 64 

received increasing attention from the scientific community. All these datasets offer pre-65 

cious cropland information for multi-discipline research and applications. However, there 66 

are considerable inconsistencies and uncertainties among these LULC datasets, especially 67 

in the areas with complex transition landscapes, since they have been generated using 68 

different satellites/sensors, classification features, classifiers and methods, etc. [11,12]. A 69 

few previous studies have also shown that discrepancies and uncertainties of cropland 70 

also arise due to cropland definitions or different classification schemes [13-15]. Therefore, 71 

the accuracy assessment and comparative studies of these LULC datasets are necessary 72 

for relevant application research before using them [16,17]. 73 

In the existing studies, many researchers have performed accuracy evaluations for 74 

various LULC datasets. For example, multiple prior studies have compared and evaluated 75 

the spatial (in)consistency of global land cover products from various perspectives, e.g., 76 

at the same spatial resolution (i.e., 1 km or 30 m) [18-21], for certain type of satellite sensors 77 

[22], on a global scale [20,21,23], local regions (like China or one basin) [24-28], or the 78 

global and continental scales by elevation and climate partitions [29]. Others have com-79 

pared and summarized an uncertainty analysis of global land cover datasets using an er-80 

ror budget approach [14]. In addition, a few researchers compared a certain element or 81 

land cover theme (such as grassland, wetland, etc.) in some land cover datasets to inves-82 

tigate their comparative advantages [30-32]. The prior evaluation work provides im-83 

portant references for choosing land cover products and understanding the spatial char-84 

acteristics of LULC in global and national scales. However, findings on the global/national 85 

evaluations of the product accuracy for all LULC elements (classes) may not be replacea-86 

ble for local-area or class-specific accuracy. For example, a total number of 159,874 valida-87 

tion samples were selected by the producers for the assessment of GlobeLand30-2010. The 88 

product overall accuracy was estimated to be 80.3% [9]. Regional or country-wide accu-89 

racy evaluations of GlobeLand30 have also been evaluated by many researchers and re-90 

ported different assessment results. For instance, a number of 1467 sample points were 91 

used by Meng et al. [33] to verify the performance of GlobeLand30-2010 in Shaanxi Prov-92 

ince, which indicates an overall accuracy of 80.0%. The overall accuracy of GlobeLand30-93 

2010 performed by Ma et al. is 81.5% for the study area in Henan province [34]. Another 94 

assessment based on 8400 verification sample pixels by Wang et al. [35] indicates that the 95 

overall accuracy of GlobeLand30-2010 data in China is 84.2%. Regional accuracy evalua-96 

tions of GlobeLand30 were also being carried out in other countries and their evaluation 97 

results are also different. Overall accuracies were evaluated by Kussul et al. [36] at about 98 
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89.7% for Ukraine, while assessments in Iran by Jokar Arsanjani et al. [37] and in Thessaly 99 

by Manakos et al. [38] indicated the overall accuracies of 77.9% and 86.0%, respectively. A 100 

summary of the comparison of the regionally achieved accuracies from different land 101 

cover datasets vs the claimed global accuracies typically reported by global land cover 102 

datasets can be found in Supplementary Table S1. 103 

Northeast China is an important production base of grain and other agricultural 104 

products, and is one of the three main grain-producing regions in China, which provides 105 

the highest grain food production and the highest grain commodity rate to the country. 106 

Thus, it plays a critical supporting role to ensure the national food security. Moreover, in 107 

Northeast China, the different types of croplands and the diversity of terrains and land-108 

scapes have led to an obvious transitional zone of cropland distribution. Under these com-109 

plex conditions, the remote sensing extraction of cropland is very challenging. At present, 110 

cropland information can be obtained from various remote sensing data. However, due 111 

to the different purposes, study areas, evaluation methods, and other reasons, results on 112 

the accuracy evaluation of global/national land cover datasets are inconsistent and incon-113 

gruous. Thus, it is essential to investigate the accuracy of different land cover datasets 114 

over Northeast China for better depicting its cropland distribution. 115 

The purpose of this study is to examine and contrast the farmland category of distinct 116 

land cover datasets with varying resolutions and satellite data sources over Northeast 117 

China. The evaluation proceeds from the following three aspects: (1) approximately 2,000 118 

“ground-truth” samples for each epoch (the years around 2000, 2010, 2015, and 2020) were 119 

manually interpreted across Northeast China to verify the dataset accuracies. (2) The spa-120 

tial agreement among these datasets was compared and analyzed at different scales, in-121 

cluding provincial, longitudinal, and latitudinal dimensions. (3) The possible causes for 122 

the uncertainties and discrepancies of the accuracies among these evaluated datasets were 123 

discussed eventually. Motivated by these targets, this paper conducts a relatively compre-124 

hensive comparison analysis and accuracy evaluation of various datasets collected across 125 

Northeast China, which is hoped to further understand the accuracies and abilities of 126 

these datasets to represent the cropland area in Northeast China and to provide an im-127 

portant reference for data users and to improve the cropland mapping and advanced ap-128 

plications in the future. 129 

2. Materials and Methods 130 

2.1. Study area 131 

Northeast China is a major agricultural region (115°52′-135°09′ E, 38°72′-53°55′ N), 132 

including the provinces Heilongjiang, Jilin, and Liaoning, and several prefecture-level cit-133 

ies in the east of Inner Mongolia Autonomous Region (Hulunbuir, Xing’an League, 134 

Tongliao, and Chifeng). With the altitude ranging from 0 to 2665 m, Northeast China has 135 

various types of landforms, including the mountains of the Greater Khingan Mountains, 136 

the lesser Khingan Mountains and the Changbai Mountains, the eastern Liaoning and the 137 

western Liaoning, Horqin Sandy Land, Sanjiang-Songnen-Liaohe Plains, Songhua River 138 

and Nenjiang River, wetlands of various sizes, and transition zone of these mega-land-139 

forms, which leads to its complicated natural landscape conditions. Figure 1 shows its 140 

geographic location and topographic distributions. 141 

From east to west, the territory is divided into temperate, warm temperate, and cold 142 

temperate zones, with monsoon and continental climate types. The elevation over the 143 

study area increases significantly from the hinterland to the outer, and the terrain changes 144 

are mainly shaped by the surrounding mountains and drainage network. All these factors 145 

contribute to the complex and diversified landforms of the region. Cropland is concen-146 

trated in the Sanjiang-Songnen-Liaohe Plain and mosaic with forest, grassland, wetland 147 

and other land cover types. Therefore, Northeast China is a typical representative of the 148 

cropland classification evaluation. 149 
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 150 

Figure 1. Geographical location and topography map of Northeast China. 151 

2.2. Datasets 152 

2.2.1 Global/regional land cover datasets 153 

Global/regional land cover datasets are important information sources for under-154 

standing the complex interactions between human activities and global change. In this 155 

study, we focus on comparing and assessing the cropland classification performance of 156 

land cover data products at a global scale. Additionally, in order to confirm whether the 157 

classification with more input samples of land cover types at local scales can enhance the 158 

data accuracy, we add two another national-scale datasets in China. This study totally 159 

collected eleven global-scale datasets, among which the GLC2000, FAO-GLCshare-2014, 160 

FROM-GLC-2017 and Esri-2020 products only contain one year data layer, the GLASS-161 

GLC, GLCNMO, CCI-LC, GlobCover, CGLS-LC100, GlobeLand30, and GLC_FCS30 con-162 

tain multi-year data layers. The two national-scale data products are CLUDs and CLCD. 163 

CLUDs has a 5-year interval from 1990 to 2020, while CLCD has annual data layers from 164 

1990 to 2019. The investigated land cover datasets are briefly described below. In addition, 165 

we have sorted out and summarized the satellites used in data production, the spatial 166 

resolution, and the classification techniques and algorithms used in land cover types, 167 

those key information about the thirteen datasets is shown in Table 1. 168 

(1) The Global Land Cover 2000 (GLC2000) dataset was developed by the Euro-169 

pean Commission’s Joint Research Center with a spatial resolution of 1 km. The GLC2000 170 

legend is classified into 22 classes using unsupervised clustering and its overall accuracy 171 

is 68.6% [39]. 172 

(2) FAO-GLCshare (the Global Land Cover-share created by FAO (Food and Ag-173 

riculture Organization)), produced by the United Nations’ (UN) FAO in 2014 [40]. It uses 174 

the data fusion method to integrate the available national, regional, and global datasets 175 

with a resolution of 1 km. The product encompasses 11 classes and has an accuracy of 80%. 176 

(3) The Finer Resolution Observation and Monitoring of Global Land Cover 177 

(FROM-GLC) was produced by using the data of Landsat Thematic Mapper (TM) and 178 

Enhanced Thematic Mapper Plus (ETM+) [10]. This data represents the land cover around 179 

2017 with a spatial resolution of 30 m and encompasses ten land-cover classes. 180 

(4) Another global land cover map, which we named Esri in this paper, is a 10 m 181 

resolution imagery derived from ESA Sentinel-2. It was generated using a deep learning 182 
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model that used more than 5 billion Sentinel-2 pixels and sampled from more than 20,000 183 

sites. These sites are found in all major biomes in the world [41,42]. 184 

(5) The Global Land Surface Satellite-Global Land Cover (GLASS-GLC) is an an-185 

nual dynamic record of global land cover product from 1982 to 2015. It was generated on 186 

the Google Earth Engine (GEE) platform with the latest version of GLASS (the Global 187 

Land Surface Satellite) CDRs (Climate Data Records) [43]. It has a resolution of 5 km and 188 

an average overall accuracy is 82.81%. 189 

(6) The National Mapping Organizations (GLCNMO) Global Land Cover was 190 

generated by the International Steering Committee for Global Mapping. Version I (2003) 191 

has a spatial resolution of 1 km and version II (2008) and version Ⅲ (2013) datasets [44,45] 192 

have an improved spatial resolution at 500 m [46]. 193 

(7) The Land Cover (LC) project of the Climate Change Initiative (CCI) by the Eu-194 

ropean Space Agency (ESA) provides a series of annual datasets with 300m resolution 195 

from 1992 to 2015, termed as CCI-LC dataset [47]. The product uses the unsupervised 196 

spatio-temporal clustering and machine learning classification method, with a total of 22 197 

land cover classes. 198 

(8) The GlobCover global land cover map is developed by the ESA in collaboration 199 

with international network of partners [8,48,49]. This dataset contains 22 classes defined 200 

by the UN LCCS. 201 

(9) The Copernicus Global Land Service Land Cover at the 100 m resolution 202 

(CGLS-LC100)-collection 3 was released by the Copernicus Global Land Service. It was 203 

derived from high quality land cover training sites based on PROBA-V satellite observa-204 

tions and multiple auxiliary datasets [50]. This global LULC map contains 23 classes. 205 

(10) The GlobeLand30 was a 30-m global land cover product generated by the Na-206 

tional Geomatics Center of China using the Pixel-Object-Knowledge operational method 207 

[9,51]. It has an overall classification accuracy of more than 80% worldwide [52]. It com-208 

prises 10 land cover classes. 209 

(11) The global 30 m land cover dataset with a fine classification system 210 

(GLC_FCS30) in 2015 was produced using a time series image of Landsat and high-quality 211 

training data of the Global Spatial Temporal Spectra Library (GSPECLib) on the GEE plat-212 

form. Then the GLC_FCS30-2020 was generated with the prior knowledge of experts and 213 

the multi-source auxiliary datasets. Both of them contain 30 land-cover classes [21]. 214 

(12) The China's land-use/cover datasets (CLUDs) were provided by the Resource 215 

and Environment Science and Data Center. Its resolution is 1 km and documented in de-216 

tail China’s land cover in the 1980s, 1990, 1995, 2000, 2005, 2010, 2015 and 2020. It includes 217 

6 level-1 classes, which are cropland, grassland, forest, built-up area, water and barren, 218 

and 25 level-2 classes [53,54]. 219 

(13) The annual China Land Cover Dataset (CLCD) was derived from Landsat im-220 

agery on the GEE platform by Yang et al. [55], which contains annual land cover data 221 

layers at the 30 m spatial resolution in China from 1990 to 2019. Including 9 land cover 222 

types: cropland, forests, shrub, grasslands, water, snow/ ice, barren, impervious, and wet-223 

lands, its overall accuracy is reported at 79.31 %. 224 

Table 1. The summary of main information of all collected datasets in this study. They are sorted in 225 

order of the spatial resolution from lowest to highest. 226 

Datasets Satellites or sensor Time Spatial resolution Classification technique Classification scheme 

GLASS-GLC AVHRR GLASS CDR 1982-2015 5 km Random forest & LandTrendr 7 classes 

GLC2000 SPOT VGT 2000 1 km 
Generally unsupervised 

classification 
22 classes 

FAO-GLCshare ---- 2014 1 km Data fusion 11 classes 

CLUDs Landsat 1980 1990 1995  1 km Extraction of remote 6 classes* 
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2000 2005 2010  

2015 2020 

sensing information 

GLCNMO Terra MODIS 2003 1 km Supervised classification 20 classes 

 
Terra and Aqua MODIS 2008 2013 500 m Supervised classification 20 classes 

CCI-LC 
ENVISAT MERIS  

SPOT VGT 
1992-2015 300 m 

Unsupervised spatio-temporal 

clustering & Machine learning 

classification 

22 classes 

GlobCover MERIS 2005 2009 300 m 
Generally unsupervised 

classification 
22 classes 

CGLS-LC100 PROBA-V 2015-2019 100 m 
Supervised classification 

 & Random forest 
23 classes 

GlobeLand30 Landsat TM/ETM+ HJ-1 2000 2010 2020 30 m 
Pixel-Object-Knowledge 

classification approach 
10 classes 

CLCD Landsat 1990-2019 30 m Random forest 9 classes 

GLC_FCS30 Landsat TM/ETM+/OLI 2015 2020 30 m 
Operational SPECLib-based 

approach & Random forest 
30 classes 

FROM-GLC 
Landsat TM/ETM+/OLI 

Sentinel-2 
2017 30 m Random forest 10 classes 

Esri Sentinel-2 2020 10 m Deep learning model 10 classes 

Note: 6 classes* means 6 classes in the first level and 25 classes in the second level. 227 

According to the time characteristics of the mapping data sources, we classified all 228 

data into four phases: 2000, 2010, 2015 and 2020. The Phase-2000 comprises eight datasets, 229 

Phase-2010 also includes eight datasets, Phase-2015 predominantly consists of nine da-230 

tasets, and Phase-2020 comprises six datasets. Table 2 displays the data contained in these 231 

four periods. 232 

Table 2. The datasets included in four phases. 233 

Phase-2000 Phase-2010 Phase-2015 Phase-2020 

GLASS-GLC GLASS-GLC GLASS-GLC  

GLC2000 
 

FAO-GLCshare-2014 
 

CLUDs CLUDs CLUDs CLUDs 

GLCNMO-2003 GLCNMO-2008 GLCNMO-2013 
 

CCI-LC CCI-LC CCI-LC 
 

  
CGLS-LC100 CGLS-LC100-2019 

GlobeLand30 GlobeLand30 
 

GlobeLand30 

CLCD CLCD CLCD CLCD-2019 

 
GlobCover-2009 GLC_FCS30 GLC_FCS30 

GlobCover-2005 GlobCover-2005 FROM-GLC-2017 Esri 

2.2.2 Other auxiliary dataset 234 

We also collected the auxiliary data of cropland distribution in Northeast China re-235 

constructed by Yu et al. [56] as statistical data. This dataset was reconstructed by a multi-236 

source data fusion method. By coordinating the data accuracy, time and spatial resolution 237 

of diverse data sources, the continuous annual cropland distribution dataset of China was 238 

reconstructed using the spatialized cropland distribution approach. Four statistical da-239 

tasets were used in this process, including the Land and Resources Statistical Yearbook, 240 

the National Land and Resources Bulletin, the Chinese Agriculture Yearbook, and the na-241 

tional crop production from the Chinese Statistical Yearbook, as well as multiple remote 242 
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sensing products, including global cropland data provided by the Global Food Security 243 

Analysis-Support Data, GlobeLand30, the China Land Use and Cover Change, FROM-244 

GLC, and so on. Overall, Yu et al. [56] assimilated the trend information and spatial pat-245 

tern of various satellite datasets to produce series of cropland percentage maps, which are 246 

spatially explicit and span the time period from 1900 to 2016. Through intensive compar-247 

isons, the authors are confident that this data provides reliable sources of cropland maps 248 

[56]. 249 

2.3. Data processing procedures 250 

The flowchart of this study is shown in Figure 2. The following sections describe the 251 

key data processing steps. Three key steps are involved in the accuracy assessment and 252 

product comparison. First, a random sampling approach was employed to obtain valida-253 

tion sample data. t This process resulted in four-phase validation samples (about 2000 254 

samples for each) in 2000, 2010, 2015, and 2020, respectively. These validation sample 255 

points were put into the Google Earth and World Imagery Wayback platform, and inter-256 

preted by referring to the high-resolution images. Here the images of Phase-2000 and 257 

Phase-2010 are provided by Google Earth Pro, and the images of Phase-2015 and Phase-258 

2020 are from September 20th, 2015 and 2020 of the World Imagery Wayback platform. 259 

Those sample points were marked according to the actual situation of the ground (marked 260 

1 represents cropland, 0 represents non-cropland). Second, the function of “Extract Multi 261 

Values to Points” was used in ArcGIS to assign the cropland and non-cropland of each 262 

data here to the attributes of the sample point. Third, we constructed the confusion matri-263 

ces of all datasets in the four years, that is, the number of products and interpretive sample 264 

points simultaneously identified cropland/cropland, cropland/non-cropland, non-265 

cropland/cropland and non-cropland/non-cropland were counted (The confusion matrix 266 

is shown in supplementary data). The accuracy evaluation indexes were calculated ac-267 

cording to the formula, and the comparison chart of the accuracy evaluation indexes of 268 

each data was drawn. 269 

About spatial agreement comparison, in order to facilitate the comparison of these 270 

different land cover products (different coordinate systems and resolution), we first pro-271 

cessed the global/national land cover datasets for the study area by using the boundary of 272 

Northeast China. Secondly, we carried out reprojection, resampling and reclassification 273 

processing successively in ArcGIS. The datasets were reprojected using the Albers Equal-274 

Area projection. Using the nearest neighbor method, all data were resampled to 30 m. We 275 

combined all cropland subclasses of each dataset into one class to integrate cropland in-276 

formation. Here, the mosaic cropland (>50%) with other elements in some data (e.g., 277 

GLCNMO, CCI-LC, and GlobCover) are classified into cropland and the classification of 278 

cropland subcategory is shown in Supplementary Table S5. After this processing, the da-279 

tasets were only reclassified into cropland and non-cropland. Finally, the “Raster Calcu-280 

lator” was used to obtain the agreement levels of consistency and discrepancy of cropland 281 

in the same spatial position of different land cover datasets, and the area proportion of 282 

different agreement levels was calculated. 283 

In the comparison of cropland area in Section 3.4, we used pixel counting to calculate 284 

the cropland area of Northeast China under the projection of Albers, which is the pixel 285 

number of all cropland areas multiplied by the single pixel area. 286 
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 287 

Figure 2. The workflow of this research. OA = overall accuracy, PA = producer’s accuracy, UA = 288 

Use's accuracy, MCC =the Matthews correlation coefficient. 289 

2.4. Methodology 290 

2.4.1 Accuracy assessment metrics 291 

First, the accuracy assessment is performed by the error matrix or confusion, which 292 

is a crosstab of various land cover products and the ground truth sample point. It directly 293 

reflects the overall accuracy of the mapping [57-59]. Using the confusion matrix, four clas-294 

sical evaluation parameters are calculated, which are the user’s accuracy (UA) (commis-295 

sion error), producer’s accuracy (PA) (omission error), overall accuracy (OA), and the 296 

Matthews correlation coefficient (MCC), respectively. The UA, PA, and OA respectively 297 

refer to the percentages of the products classified correctly, the validation points classified 298 

correctly, and the correctly classified number.  The Matthews correlation coefficient gen-299 

erates reliable results independently the ratios of positive and negative elements on the 300 

binary classification predictions [60]. 301 

The four evaluation metrics are the most commonly used methods in the accuracy 302 

assessment of land cover datasets [11,61-63]. They are defined as 303 

User's accuracy=
Xii

Xi+
×100%                  (1) 304 
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Producer's accuracy=
Xii

X+i
×100%          (2) 305 

Overall accuracy=
∑ Xii

2
i

N2
×100%          (3) 306 

 307 

MCC=
TP × TN - FP × FN

√(TP + FP)(TP + FN)(TN + FP)(TN + FN)
(4) 308 

 309 

where Xii is the amount of class i pixels that were correctly classified, in this study it 310 

refers to the amount of cropland and non-cropland are correctly classified. N refers to the 311 

total number of the examined pixels, Xi+ represents the number of class i pixels of the 312 

classification result, which is the total number of pixels of cropland in various land cover 313 

datasets; X+i on behalf of the class i pixel number for the reference data, it is the total pixel 314 

number of cropland in the validation sample. TP (true positive) indicates the reference 315 

positive is correctly classified as positive; TN (true negative) indicates the reference nega-316 

tive is correctly classified as negative; FP (false positive) represents the reference negative 317 

is wrongly classified as positive; FN (false negative) represents the reference positive is 318 

wrongly classified as negative. 319 

2.4.2 Inter-comparison method 320 

The comparative assessments of various land cover datasets include the location and 321 

the quantity of each class [64]. In this study, 13 sets of LULC datasets were compared and 322 

analyzed in Northeast China from the two aspects of spatial location and cropland quan-323 

tity. The comparison of location is usually a matter of spatial (dis)agreement pixel by pixel. 324 

The purpose of spatial agreement analysis is to explore the characteristics of the spatial 325 

distribution of cropland in various datasets. Spatial agreements include visual compari-326 

son and pixel-by-pixel comparison. Visual comparison can show the spatial variation of 327 

the datasets among regions subjectively. Per-pixel comparison is to calculate the propor-328 

tion of pixels with the same attributes in the total pixels of various datasets in the same 329 

spatial location. The comparison of quantity mainly refers to areal comparison of cropland. 330 

We calculate the cropland area of Northeast China before reprojection and resampling. 331 

2.4.3 Pairwise data and prefecture-level city cropland area validation 332 

Correlation analysis can verify the relationship of the pairwise data and the ability of 333 

represent the prefecture-level cropland area. The following formulas (5), (6) and (7) are 334 

used for correlation analysis to detect the goodness of fit between datasets: 335 

∆xi=xi-yi
(5) 336 

RMSE=√
∑ ∆xi

2n
i-1

n
(6) 337 

r2=
( ∑ (xi-x̅)(y

i
-y̅)n

i-1 )
2

∑ (xi-x̅)2n
i-1 ∑ (y

i
-y̅)2n

i-1

(7) 338 

 339 

where ∆xi is the difference between the cropland area (xi) of a data and another data 340 

(yi), n is the total number of regions of aggregation. x̅ and y̅are the average of cropland 341 

area. 342 

3. Results 343 

3.1. Accuracy evaluation of the thirteen datasets in the four phases 344 
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Figure 3 shows the distribution of sample points across Northeast China for four 345 

years. The distribution of ground-truth points in four periods is roughly similar in Figure 346 

3, and the majority of cropland is distributed in the Sanjiang-Songnen-Liaohe Plain, with 347 

the main types of non-cropland being mountains, hills, lakes and rivers, grasslands, sandy 348 

and bare land, such as the Greater Khingan Mountains, the Changbai Mountains, and so 349 

on. Scattered cropland distribution is found at the transition areas of plains and hills, be-350 

side lakes and rivers, or in areas such as grassland or bare, the difference between 351 

cropland and non-cropland in the four phases were mainly concentrated in these areas. 352 

 353 

 354 

Figure 3. Distribution of validation samples across Northeast in Phases 2000, 2010, 2015 and 2020. 355 

The graduated red points represent true non-cropland, graduated green indicate real cropland. 356 

Based on the ground truth validation samples, we constructed the confusion matrices 357 

of all datasets in four phases and obtained the spatial accuracy measures (i.e., producer’s 358 

accuracy, user’s accuracy, overall accuracy, and the Matthews correlation coefficient), 359 

they were computed from confusion matrices (Figure 4). In Phase-2020, the average over-360 

all accuracy of six datasets is the highest at 0.86., followed by Phase-2000, Phase-2010, and 361 

Phase-2015, all around 0.83 (Figure 13). CLUDs and CLCD data are available in all the 362 

four phases, while GLASS and CCI-LC data are available in three phases, 2000, 2010 and 363 

2015. The following is a comparison of the data evaluation metrics by phase. 364 

The overall accuracies of the eight datasets in Phase-2000 all exceed 0.73. 365 

GlobeLand30 has the highest OA of 0.90, followed by CLCD (0.89), CCI-LC (0.87). From 366 

the perspective of PA, ClobCover-2005 ranks the lowest with the accuracy of 0.57, fol-367 

lowed by GLC2000 (0.66). As for UA, ClobCover-2005 also has the lowest value of 0.62, 368 
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followed by GLCNMO-2003 (0.63). Overall, GlobeLand30 has the balanced performance, 369 

with higher OA, UA and PA in 2000, followed by CLCD, and their MCC are all over 0.75. 370 

In Phase-2010, GlobCover-2005 has the lowest UA, PA and OA, followed by GlobCover-371 

2009. CLCD has the highest UA, PA and OA, followed by ClobeLand30. Other datasets 372 

have medium accuracy. The overall accuracies in the nine datasets of Phase-2015 are over 373 

0.76, CLCD has the highest OA value of 0.90, followed by CCI-LC (0.87) and GLC_FCS30 374 

(0.85). From the perspective of PA, GLASS ranks the lowest with 0.68. As for UA, 375 

GLCNMO-2013 has the lowest value of 0.63, followed by CGLS-LC100 (0.64) and FAO-376 

GLCshare (0.68). In general, CLCD has the higher OA, UA and PA in Phase-2015, its MCC 377 

is over 0.77. Following it, CCI-LC and GLC_FCS30 also have good performances with 378 

MCC greater than 0.70. The overall accuracies in the six datasets of Phase-2020 are more 379 

than 0.70, the OA of CLCD is 0.914, followed by GlobeLand30 (0.906), GLC_FCS30 (0.902), 380 

and Esri (0.896). In terms of PA, CLUDs ranks the lowest with 0.69. This corresponds to a 381 

higher omission error, indicating that the estimation of cropland area across Northeast 382 

China is low (Figure 5 and Figure 6). As for UA, CGLS-LC100 has the lowest value of 0.57, 383 

and it is clear to observe that the cropland area in CGLS-LC100 data is overestimated than 384 

other data (Figure 5, Figure 6, Figure 8, and Figure 9). CLCD has the best performance in 385 

Phase-2020, followed by GlobeLand30, and all of their MCC are greater than 0.79. (Figure 386 

4, Figure 5 and Figure 6). Following them are GLC_FCS30 and Esri, both of which have 387 

MCCs greater than 0.77. For detailed numerical information, please see Supplementary 388 

Table S2. 389 

In summary, CLCD has the highest accuracy in four phases, followed by 390 

GlobeLand30, GLC_FCS30, and Esri. The low PAs values of GlobCover, GLC2000, CLUDs, 391 

GLASS and GLCNMO reflect a low estimation of the area in different regions of Northeast 392 

China. The UAs of CGLS-LC100, GlobCover, GLCNMO and FAO-GLCshare are all rela-393 

tively low, all of which have different degrees of commission errors of cropland in differ-394 

ent regions of the Northeast, and the cropland area is relatively overestimated than other 395 

datasets. 396 

 397 

 398 

Figure 4. Comparisons of the spatial accuracy indexes of the datasets in 2000, 2010, 2015 and 2020. 399 

 400 

3.2. Commission and omission error analysis on cropland in Northeast China 401 
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The Phase-2015 and Phase-2020 contain higher precisions and more products, cover-402 

ing almost all data products except for GLC2000 and GlobCover, thus we choose the two 403 

phases to further analyze the omission and commission error of these datasets. Based on 404 

ground verification points, the omission and commission error distribution of datasets in 405 

2015 and 2020 across Northeast China is illustrates in Figure 5 and Figure 6. The ginger-406 

pink points indicate the higher commission errors and the spruce-green points represent 407 

the higher omission issues. 408 

Lots of ginger-pink points exist in CGLS-LC100 in Figure 5 and Figure 6, indicating 409 

serious commission issues and illustrating the overestimation of cropland area in both 410 

meridional and zonal dimensions (Figure 8 and Figure 9). Followed by GLCNMO and 411 

FAO-GLCshare, they are suffered from commission issues in different regions. 412 

GLCNMO-2013 has serious commission errors in western Inner Mongolia, especially in 413 

the western part of Hulunbuir City, where the overestimation is more serious, followed 414 

by Heihe City in Heilongjiang Province. Chifeng City in Inner Mongolia has a lower omis-415 

sion phenomenon. FAO-GLCshare has high misclassification in the north of Heihe City in 416 

Heilongjiang, the central part of Hulunbuir City, as well as the junction of mountains and 417 

plains (the Greater Khingan Mountains, the Changbai Mountains, etc.), while it has low 418 

leakage in Greater Khingan Mountains. GLASS has many spruce-green points and it has 419 

less cropland area than other datasets (Figure 8 a, Figure 5, Figure 6). CLUDs have omis-420 

sion issues in the Sanjiang-Songnen-Liaohe Plain and Chifeng of Inner Mongolia with 421 

many spruce-green points. It is clear that CGLS-LC100 and GLCNMO-2013 have lower 422 

omission errors with fewer spruce-green points, but they suffer from a little more com-423 

mission issue, CLUDs is higher omission errors with more spruce-green points (Figure 5 424 

and Figure 6). Furthermore, CLCD has the fewest spruce-green and ginger-pink points, 425 

indicating that it has few omission and commission errors, which corresponds to the high-426 

est accuracy evaluation in Figure 4. The numbers of the commission and omission error 427 

in each product in phrase 2015 and phrase 2020 is shown in Supplementary Table S3. 428 

 429 

 430 
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 431 

Figure 5 The commission and omission error distribution of nine data in 2015. 432 

 433 

 434 

Figure 6 The commission and omission error distribution of six data in 2020. The disagreements 435 

distribution of verified points and the corresponding position in each dataset. In Figure 5 and Figure 436 

6, the ginger-pink dots represent that true pixels of non-cropland are classified as cropland (repre-437 

senting commission error). The spruce-green dots indicate that true pixels of cropland are classified 438 

as non-cropland (representing omission error). 439 

To better understand the spatial accuracies of these datasets in more detail, we select 440 

four regions for Phase-2015 (as it contains the most data products) for zoom-in exemplifi-441 

cation to better observe the varied accuracies, as shown in Figure 7. It can be seen that 442 

except GLASS, the other eight datasets could capture the distribution of cropland in the 443 

Sanjiang and Songnen Plain. GLASS not only has low resolution, but also suffers from 444 

omission and commission issue. In the southeast of Hulunbuir city of Inner Mongolia 445 

(Figure 7 B), FROM-GLC and GLASS have a large number of missing, and fail to detect 446 

the cropland, followed by FAO-GLCshare and CLUDs. CLCD and GLC_FCS30 have a 447 

good description of mountains and farmlands, and CGLS-LC100 has a significantly over-448 

estimation of cropland area. Five datasets perform well in the Liaohe Plain except FAO, 449 

GLASS, GLCNMO, and CLUDs which suffer from a commission issue (Figure 7 D). 450 
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458 

 459 

 460 

Figure 7. Demonstration of the cropland magnified performances of four regions in different da-461 

tasets. Dark-green indicates cropland and white indicates non-cropland. The positions of A-D are 462 

shown in Fig. 8 b. 463 
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3.3. Spatial agreement and discrepancies 464 

The spatial agreement is shown in Figure 8 and Figure 9, which illustrates spatial 465 

similarities and differences of cropland. In terms of longitudinal cropland distribution 466 

curve, most croplands of all datasets are clustered between 125°E and 130°E. In summary, 467 

the region with agreement level 9 or 6 (highest spatial consistency) is mainly distributed 468 

in traditional agricultural regions of Northeast China, such as the Sanjiang-Songnen-469 

Liaohe Plain, which include Harbin, Hegang, Jixi, Jiamusi, Qiqihar, and Suihua in Hei-470 

longjiang. Liaoyuan City, Siping City, Song yuan City, Changchun City in Jilin Province, 471 

and Fuxin City, Jinzhou City, Shenyang City, and Tieling City in Liaoning Province. All 472 

of these zones have homogeneous and clustered cropland and can be easily captured by 473 

remote sensing imagery. The regions of lower spatial consistency (agreement level ≦2) 474 

are distributed in mountainous, hilly zones and transition areas between them in the east 475 

of Inner Mongolia, Jilin, and Liaoning, and the north of Heilongjiang. 476 

The overlapping result of nine datasets in Phase-2015 is shown in Figure 8 (a-c), the 477 

area identified as cropland by the nine datasets accounts for 19.7% of the total cropland 478 

area. From the meridional area curve, we can see that CGLS-LC100 has the highest area 479 

curve between 121°E and 128°E, FAO-GLCshare has the highest area curve between 128°E 480 

and 135°E compared with other datasets. FROM-2017 at around 121-125°E, CLUDs at 481 

about 126-129°E, and GLASS at 130-132°E are the lowest. From the perspective of zonal 482 

area distribution, FAO-GLCshare, CGLS-LC100 and GLCNMO-2013 have the highest area 483 

curves in the range of about from 40°N to 42°N, from 42°N to 48°N, and from 48°N to 484 

51°N. 485 

Figure 9 (a-c) shows the overlapping result of six datasets in Phase-2020. The stacked 486 

bar shows that 28.5% are simultaneously labeled as cropland in the total identified 487 

cropland regions, and 42.2% of the data are identified as cropland in agreement level five 488 

or higher. According to the distribution of meridional cropland area, the area curve of 489 

CGLS-LC100 is the highest in all longitudes, this indicates that CGLS-LC100 has a high 490 

estimation value of cropland area. CLUDs ranks lowest between 123°E and 129°E, reveal-491 

ing low area estimation within this longitude range. In the zonal distribution curve of 492 

cropland area, CGLS-LC100 also showed the highest regional distribution among the six 493 

curves. Esri has the lowest area around 45°N, corresponding to the omission phenomenon 494 

in Songyuan and Changchun city of Jilin Province. Supplementary Table S4 of supple-495 

mentary data is the area proportion of different consistency levels. 496 
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 497 

Figure 8. Illustration of the spatial agreement level, cropland area curves of meridional and zonal 498 

of nine datasets in 2015. Charts (a) and (c) are the area curves of the meridional and zonal of datasets, 499 

respectively. The overlapping result of datasets is shown in subplot (b), representing the resampled 500 

evaluated data at a resolution of 30 m, and the digital numbers indicate different consistency levels. 501 

The stacked bar chart is the cropland area proportion (%) in the agreement levels. 502 

 503 

Figure 9. Illustration of the spatial agreement level, cropland area curves of meridional and zonal 504 

of six datasets in 2020. Charts (a) and (c) are the area curves of the meridional and zonal of datasets, 505 

respectively. The overlapping result of datasets is shown in subplot (b), representing the resampled 506 
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evaluated data at a resolution of 30 m, and the digital numbers indicate different consistency levels. 507 

The stacked bar chart is the cropland area proportion (%) in the agreement levels. 508 

 509 

Because the overall accuracy of six data in Phase-2020 is higher, we further explore 510 

their agreement relationships with each other. We compared the pairwise data of six data 511 

and their scatterplots is shown in Figure 10. CLCD has the highest agreement with 512 

GLC_FCS30 (r2 = 0.96), followed by GlobeLand30 with CLUDs (r2 = 0.89), GlobeLand30 513 

and CLCD (r2 = 0.88), all their RMSEs are less than 12 km2. The CLUDs have the lowest 514 

agreement with CGLS_LC100, with the lowest r2 of 0.38 and the highest RMSE of 36.15 515 

km2. CGLS-LC100 is in poor agreement with any data, and we can see that almost all 516 

points are above or below the 1:1 line. This is because the cropland area in CGLS-LC100 517 

data is relatively overestimated than other data. 518 

 519 

 520 

 521 

 522 

 523 
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 524 

Figure 10. Scatterplots between the CLCD and the CGLS-LC100, CLUDs, Esri, GLC_FCS30, 525 

GlobeLand30. The axes represent the cropland area aggregation within the grid cell of 8.438 526 

km×9.537 km across Northeast China of six datasets, which only includes the comparison of 527 

cropland area. The unit of RMSE is km2. 528 

3.4. Comparative analysis by referring to the statistical data 529 

Figure 11 compares the cropland area from collected datasets to statistical data in 530 

Northeast China. CLUDs-1980s slightly underestimates cropland area, whereas CGLS-531 

LC100 and GLCNMO-2013 significantly overestimate cropland area in Northeast China. 532 

Compared with the reconstructed cropland data, the cropland area value of CLUDs, Glob-533 

Cover, and GlobeLand30 products are relatively closer to the statistics. The area of GLASS, 534 

FAO-GLCshare, CCI-LC, CLCD, GLC_FCS30, FROM-GLC and Esri are concentrated 535 

around 600×103 km2. The three-year areas of GLCNMO-2003, 2008 and 2013 are signifi-536 

cantly different, and all products in the statistics of cropland area increase with time. On 537 

the whole, the cropland areas based on remote sensing are higher than the statistical data. 538 

The differences may be caused by inconsistent spatial resolutions of remote sensing prod-539 

ucts and official statistics. The remote sensing mapping probably tends to induce biases 540 

in the mixed pixels while the official yearbook statistical data was generated by field sur-541 

veying, multi-level estimates, and census. 542 

 543 

Figure 11. Comparison of the cropland area of all examined datasets with the statistic result by Yu 544 

et al. [56]. 545 

Based on the Phase-2015 datasets, we explored the correlation between datasets and 546 

the reconstructed data on the cropland area of aggregated in prefecture-level (Figure 12). 547 

We find that the r2 of CLUDs is the highest (0.97) and the RMSE is the lowest (1.63 km2), 548 

followed by CLCD (0.95, 4.04 km2), and CCI-LC (0.96, 4.10 km2). CGLS-LC100 has the 549 

lowest r2 of 0.53 and the highest RMSE of 15.96 km2, besides, the fitting effect of FROM-550 

GLC-2017 is also better. Compared with other datasets, CLUDs performs best in regional 551 
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accuracy (prefecture-level). FROM-GLC-2017 and GLASS also have good manifestation 552 

with most the “plus” points centralized around the 1:1 line. On the contrary, CGLS-LC100 553 

and GLCNMO perform poorly, and they suffer from obvious overestimation on prefec-554 

ture-level cropland area. 555 

 556 

Figure 12. Scatterplots of the prefecture-level city reconstructed cropland area vs. the aggregated 557 

area of cropland from each dataset. The unit of RMSE is km2. 558 

4. Discussion 559 

4.1. Potential influencing factors of the data accuracy 560 

Multiple factors might have resulted in the difference and uncertainties in the 561 

cropland range among these datasets. We grouped and compared the overall accuracy of 562 

these datasets mainly from four dimensions, including the data resolution, producing 563 

time, satellite sensors, and classification algorithms. The results are illustrated in Figure 564 

13. It can be found the overall accuracy rises with the improvement of resolution and the 565 

development of mapping time in general. For example, GLASS with 5 km resolution has 566 

the lowest overall accuracy, and Esri with 10 m resolution has the highest overall accuracy. 567 

The average of the overall accuracy of the products derived from Sentinel and Landsat 568 

observations are overall better than the data produced by other satellite sensors, while the 569 

data produced by the PROBA satellite is the worst. In addition, different classification 570 

strategies and mapping methods adopted by these datasets may lead to difference in clas-571 

sification accuracies. The average overall accuracy of the data produced by random forest 572 
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classification method, Pixel-Object-Knowledge classification approaches and deep learn-573 

ing are all over 0.89, followed by the operational SPECLib-based approach & random for-574 

est models (0.88), the unsupervised spatio-temporal clustering & machine learning (0.87), 575 

and extraction of remote sensing information (0.84). 576 

 577 

 578 

 579 

Figure 13. Comparison of the overall accuracy of different datasets grouping by data resolution, 580 

producing time, sensor, and classification algorithm, with different individual colors markers for 581 

different land cover datasets. 582 

 583 

 584 

4.2. Other possible influencing factors of the dataset performance 585 

The diverse definitions and classification of cropland in these evaluated datasets can 586 

also introduce the difference of classification performance. For example, in GLC2000, 587 

CGLS-LC100 and Esri, the croplands are “pure” cropland, including rainfed croplands 588 

and flooded crops, such as cereal, corn, wheat, rice. The croplands in GLASS, 589 

GlobeLand30, CLCD, GLC_FCS30 and FROM-GLC mainly refer to rainfed/irrigated 590 

cropland, orchard and temporally bare farmland, etc. However, in GLCNMO, the 591 

cropland includes herbaceous crop(s), the paddy field of graminoid crops and non-grami-592 

noid crops, and the mosaic of cropland and other vegetation. In CCI-LC, the cropland 593 

incorporates rainfed/irrigated cropland, herbaceous, tree or shrub cover, and the mosaic 594 

of cropland and natural vegetation (Supplementary Table S5). In general, the mixture of 595 

herbaceous or shrubs and cropland and the narrow definition inevitably result in some 596 

overestimations and a little underestimation of cropland area, respectively. The cropland 597 

definition of GLC2000, CGLS-LC100 and Esri are “pure” cropland, and thus their estima-598 

tion of cropland area should be somewhat underestimated. However, we found that the 599 

cropland area of CGLS-LC100 is very high, while GLC2000 and Esri are relatively normal. 600 

It could be attributed to some other reasons (we suspect it may be because the cropland 601 

in CGLS-LC100 is an independent thematic cropland file rather than a single land cover 602 

layer). In addition to that, the cropland of GLASS, GLC2000, CLUDs, GlobeLand30, CLCD, 603 

and GLCFCS30 contains several different subcategories, while FAO-GLCshare and CGLS-604 
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LC100 are thematic files of cropland, which only considered cropland and non-cropland. 605 

We found that both FAO and CGLS-LC100 have high cropland area. 606 

Additionally, there are mountains, hills, plains, rivers, wetlands and transition zones 607 

in Northeast China. This complicated landscape condition is also one of the reasons lead-608 

ing to the difference and uncertainties among these datasets. It should be stated that, in 609 

this work, our validation samples simply evaluated the Northeast China cropland and our 610 

conclusions on the accuracy evaluation of these datasets may be not representative for 611 

other land cover classes or other regions accuracy assessments, more representative truth 612 

points of ground need to be collected for quantitative implementation in other regions in 613 

the future. 614 

4.3. Uncertainties existing in our evaluation work 615 

One potential source of error in our accuracy assessment is the use of validation sam-616 

ples from the same phase year to evaluate datasets from different years, particularly when 617 

land cover changes occur in specific regions. In this study, validation samples of four 618 

phrase years were generated through visual interpretation of high-resolution images. For 619 

example, samples collected in the same phase year of 2010 can be used for Phase-2010, 620 

GLCNMO-2008, GlobCover-2009, and GlobCover-2005. Using validation samples from 621 

the same phase year (2010) to evaluate datasets from different years (2008/2009/2005) may 622 

be problematic if land cover changes occur in some regions, reducing the reliability of 623 

commission/omission errors. However, this situation occurred primarily in a few datasets, 624 

including CLCNMO-2003 and GlobCover-2005 in Phase-2000, CLCNMO-2008, Glob-625 

Cover-2005 and GlobCover-2009 in Phase-2010, FAO-GLCshare-2014 and FROM-GLC-626 

2017 in Phase-2015, and CLCD-2019 in Phase-2020. While the land cover type in some 627 

traditional cropland regions will not change in the short term, some changes will occur at 628 

the intersection of land cover types, such as cropland and grassland, shrub or bare land.  629 

The mismatch between the period of these verification samples and the data leads to com-630 

mission/omission errors, and the extent of this error cannot be quantifiable, which is a 631 

shortcoming point of our research. 632 

Another issue that caused the evaluation uncertainty is the cropland subcategories 633 

mosaic. In terms of the mosaic cropland found in some land cover datasets, the cropland 634 

mosaic which accounts for more than 50% is directly divided into cropland in the data 635 

processing section. Such issue is mainly related to three products GLCNMO, CCI-LC and 636 

GlobCover. We calculated the proportion of mosaic cropland pixels in the whole cropland 637 

pixel. Mosaic cropland accounted for 9.6% in GCLNMO-2003, 4.3% in GCLNMO-2008, 638 

and 14.5% in GCLNMO-2013. In CCI-LC, the proportion of these mosaics was 7.2% in 639 

CCI-LC-000, 7.0% in CCI-LC-2010, and 7.0% in CCI-LC-2015, respectively. However, in 640 

the GlobCover, this proportion is relatively large, 35.5% in GlobCover-2005 and 39.8% in 641 

GlobCover-2009. We looked up the definition of the mosaic class in GlobCover, which is 642 

“mosaic cropland (50-70%)/ vegetation (grassland/ shrubland/ forest) (20-50%)”. There-643 

fore, in these 35.5% or 39.8% of cropland mosaic pixels, the proportion of non-cropland is 644 

pretty small (e.g., 8.0-19.9% in GlobCover-2009). However, there is no doubt that some 645 

omission and commission errors are also caused by these cropland mosaic pixels. 646 

4.4. Comparison with the prior assessment work 647 

In the recent study by Zhang et al. [65], a comparative analysis and accuracy assess-648 

ment of six products with 30 m resolution of China in 2015 were conducted, where GLAD 649 

and GFSAD are thematic cropland data. Four accuracy indexes were used, including the 650 

overall accuracy, commission error, omission error, and Matthews correlation coefficient. 651 

We collected 13 sets of data for our study and conducted a comparative analysis and as-652 

sessment of the cropland in Northeast China for the four phases around the years 2000, 653 

2010, 2015, and 2020. During the evaluation process, we recognized that the years are not 654 

uniform, the data resolutions are different, and all data are land cover products and not 655 
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thematic cropland products. The accuracy evaluation indexes we used include overall ac-656 

curacy, producer’s accuracy, user’s accuracy, and the Matthews correlation coefficient. 657 

Through our methodology, we aimed to provide valuable insights into the cropland 658 

changes in Northeast China and contribute to the scientific community’s understanding 659 

of land use dynamics. 660 

Both studies compare and analyze the spatial consistency of data at regional (China, 661 

Northeast China), provincial, meridional and zonal scales. However, Zhang et al’ study 662 

goes into more detail on provincial agreements and differences, not only calculating the 663 

proportion of cropland area at different agreement levels in each province but also the 664 

relative area difference between each data and the statistics for each province. An im-665 

portant difference between the two papers is that in the discussion section, Zhang et al 666 

found the relationship between elevation and slope, and concluded that the area propor-667 

tion with high agreement decreases with an increase in elevation and slope. When the 668 

elevation and slope increase, the data difference is obvious. Our study did not investigate 669 

either aspect, which should be strengthened in the next work. 670 

5. Conclusions 671 

As more and more global or national land cover datasets are published and available, 672 

it is becoming easier to obtain cropland information from these open-access products. 673 

However, the accuracy evaluation results of these datasets at a global/national scale for 674 

all LULC elements (classes) may not be replaceable for local-area or class-specific accuracy. 675 

Northeast China is a major agricultural region of China and has complicated landscapes 676 

and varied terrains. This paper takes Northeast China to evaluate the performances of our 677 

collected thirteen sets of land cover datasets in the accuracy, spatial location, and area of 678 

croplands. The similarities and differences are shown in a multi-scale comparison be-679 

tween datasets. 680 

Accuracy validation based on ground truth samples indicates that, in general, com-681 

pared with other datasets, CLCD, GlobeLand30, GLC_FCS30, and Esri have the best per-682 

formance in cropland classification with overall accuracies of more than 0.89. On the con-683 

trary, the OAs of CGLS-LC100-2019 and GlobCover are lower than 0.75. For commission 684 

and omission error, CGLS-LC100 has a severe overestimation, while GLASS suffers from 685 

a significantly underestimation of cropland area, and the bias situation of CLCD is the 686 

least. In the aspect of spatial consistency and difference, the traditional agricultural re-687 

gions such as Sanjiang-Songnen-Liaohe Plain in Northeast China have the highest spatial 688 

consistency. Lower consistency regions are distributed in mountainous, hilly regions and 689 

the transition areas between them. For the scatter plots between pairwise data, the agree-690 

ment between CLCD and GLC_FCS30 is the highest (r2 = 0.96), followed by GlobeLand30 691 

with CLUDs (0.89), and GlobeLand30 with CLCD (0.88), all their RMSEs are less than 12 692 

km2. CGLS-LC100 is in poor agreement with any data, with r2 lower than 0.56 and RMSE 693 

higher than 30 km2. 694 

In exploring the influence factors of the difference and uncertainties in the cropland 695 

range and location among all datasets, although the purpose of these datasets was to pro-696 

vide accurate cultivate information, factors such as the definitions of cropland, the land-697 

scape characteristics of Northeast China, classification scheme, and different satellite sen-698 

sors, jointly produced different mapping results. It is arbitrary to say that this dataset is 699 

more suitable for this particular application, however, with the increasing demand for 700 

high-precision cropland datasets, users should consider the accuracy of cropland class 701 

when selecting a dataset. The accuracy evaluations and comprehensive comparison anal-702 

ysis of this work are expected to provide a meaningful and valuable reference for those 703 

(e.g., cropland surveyors) who use these datasets in Northeast China. In addition, the de-704 

tailed evaluation of this work could provide feedback to data generators, facilitate the 705 

improvement of data processing algorithms and classification techniques, better service 706 

with future cropland applications and mapping or cropland data fusion. 707 
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