

  sustainability-13-08857




sustainability-13-08857







Sustainability 2021, 13(16), 8857; doi:10.3390/su13168857




Article



Uncertainty Analysis of Multisource Land Cover Products in China



Longhao Wang 1 and Jiaxin Jin 1,2,*[image: Orcid]





1



College of Hydrology and Water Resources, Hohai University, Nanjing 210024, China






2



National Earth System Science Data Center, National Science & Technology Infrastructure of China, Beijing 100101, China









*



Correspondence: jiaxinking@hhu.edu.cn







Academic Editor: Sharif Ahmed Mukul



Received: 7 July 2021 / Accepted: 6 August 2021 / Published: 8 August 2021



Abstract

:

Satellite-based land cover products play a crucial role in sustainability. There are several types of land cover products, such as qualitative products with discrete classes, semiquantitative products with several classes at a predetermined ratio, and quantitative products with land cover fractions. The proportions of land cover types in the grids with coarse resolution should be considered when used at the regional scale (e.g., modeling and remote sensing inversion). However, uncertainty, which varies with spatial distribution and resolution, needs to be studied further. This study used MCD12, ESA CCI, and MEaSURES VCF land cover data as indicators of qualitative, semiquantitative, and quantitative products, respectively, to explore the uncertainty of multisource land cover data. The methods of maximum area aggregation, deviation analysis, and least squares regression were used to investigate spatiotemporal changes in forests and nontree vegetation at diverse pixel resolutions across China. The results showed that the average difference in forest coverage for the three products was 8%, and the average deviation was 11.2%. For forest cover, the VCF and ESA CCI exhibited high consistency. For nontree vegetation, the ESA CCI and MODIS exhibited the lowest differences. The overall uncertainty in the temporal and spatial changes of the three products was relatively small, but there were significant differences in local areas (e.g., southeastern hills). Notably, as the spatial resolution decreased, the three products’ uncertainty decreased, and the resolution of 0.1° was the inflection point of consistency.
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1. Introduction


Multisource land cover products are the basis for studying the Earth’s surface and atmosphere [1] and have had a profound impact on the survival and development of humanity. Reasonably classified and accurate land cover products have been essential for studying Earth surface processes and information [2]. Land cover products play a crucial role in studying terrestrial surface processes, ecosystem assessments, environmental modeling, geographic national condition monitoring, remote sensing inversion, etc. [3,4]. In short, land cover products are the basis for sustainability research [5].



In recent decades, the rapid development of remote sensing technology and algorithm improvements have resulted in many land cover products [6,7]. Twenty-three categories of global land cover products and 41 categories of regional land cover products were summarized by Grekousis [8]. Among them, the most widely used global land cover products include IGBP-DISCover from the US Geological Survey, UMD from the University of Maryland, CCI-LC from the European Space Agency, and FROM-GLC from Tsinghua University in China, etc. Due to the diverse types of data, different data sources, different classification methods, and different systems, the quality of these products is not the same, and the differences are large [9]. High-resolution products have high accuracy at regional and global scales [10] and have an extensive imaging range, low cost, and wide application [11,12,13]. When research has been conducted by scholars, products of a certain resolution have been selected, and the uncertainty brought about by spatial resolution has needed to be considered [14]. The types of land cover products can be divided into three categories: Qualitative products, semiquantitative products, and quantitative products. Qualitative products are represented by MCD12 products with discrete classes [15]; semiquantitative products are represented by ESA CCI products with several classes at a predetermined ratio [16]; and quantitative products are represented by VCF products with land cover fractions. The percentage of land cover types for each pixel of VCF products has been recorded, and the area of land cover types can be calculated quantitatively, which is a quantitative product. Land cover products act as an essential foundation for scholars to carry out remote sensing inversion and model simulation. Land cover products have essential applications when subgrid schemes, parameter assignment, and parameterization scheme determination are considered—the uncertainty of different products in these processes needed to be explored. For example, in the leaf area index (LAI) inversion, land cover data are needed. Due to the significant differences in multisource land cover products’ spatial distribution and accuracy [17], different land cover data had greater accuracy in influencing LAI inversion. Researchers have pointed out that the main land cover products for China’s land area cannot meet the needs of land surface process simulation, and there is great uncertainty [18]. With different spatial resolutions of land cover data at regional and global scales, gross primary productivity (GPP) model simulation results have considerable differences [19]. Land cover is the most significant uncertainty factor in estimating carbon storage and release in terrestrial ecosystems [20]. Due to the limited spatial resolution of remote sensing images, the existence of subpixels needs to be considered. That is, several different land cover types may be included in a single pixel [21], which would bring greater uncertainty to the research results [22,23]. This uncertainty varies with spatial resolution [24]. Therefore, how the uncertainty of multisource land cover products changes with resolution urgently needs to be quantitatively explored. It is of great significance for scholars to carry out remote sensing inversion and numerical simulation.



Some scholars have realized these issues, and the uncertainty of land cover products at the regional scale has begun to be explored. Shao et al. studied the consistency of GlobeLand30 and FROMGLC in the Beijing-Tianjin-Hebei region of China, and their differences in land cover types and landscape pattern indexes were compared and analyzed [25]. A single resolution was selected in their study, only two sets of products were selected, and the area differences of the land cover types in the two types of products were directly compared, without focusing on spatial differences between the products. Bayer et al. explored five sets of land use models and found that different regions were very inconsistent and had high uncertainty [26]. A method to resolve these differences was proposed using high-resolution land cover datasets [27]. Bai et al. studied the consistency of five global land cover datasets in China. The five datasets were compared in pairs. The results showed that the forest classification differed significantly, and the consistency was the lowest [28]. These studies mainly focused on comparisons between qualitative products, they rarely involved quantitative products and semiquantitative products, and they did not involve the impact of resolution on the uncertainty of land cover products. The uniqueness of this study was that it considered three completely different types of land cover products, including qualitative products, semiquantitative products, and quantitative products. It explored the impact of resolution on the uncertainty of land cover products.



Land cover products have a wide range of sources and different classification methods. There may be differences when the same area is described by different products, and there is high uncertainty in the land cover types in areas with large differences. Before these land cover products with different resolutions are used by researchers, the uncertainty of various products must be evaluated. That is, the difference in the area and the uncertainty of the change must be determined with different spatial resolutions [29]. Therefore, this study used three types of land cover data, and the methods of maximum area aggregation, deviation analysis, and least squares regression were used to analyze the difference in the areas and spatiotemporal changes of forest and nontree vegetation of MCD12, ESA CCI, and VCF land cover classification products. China was chosen as the study area due to its large variations in land cover, the junction of vegetation cover types, and a large number of mixed pixels, making it an ideal study area. When different products and resolutions are selected by scholars for research, our research helps reduce the uncertainty of multisource land cover products.




2. Materials and Methods


2.1. Land Cover Data


The multisource land cover products used in this study were representatively qualitative, semiquantitative, and quantitative land cover products. The source, resolution, and land cover classification systems, and classification methods of the three products were different. The parameters are shown in Table 1.



The MODIS land cover products (MCD12) classification system has 17 categories. The overall evaluation accuracy was 78.3%, and the spatial resolution was 1 km. It is a commonly used land cover data product of the IGBP system [30]. The product was obtained based on the artificial neural network and decision tree classification method, which can be downloaded at https://modis.gsfc.nasa.gov/data/ (accessed on 22 October 2014). It was a qualitative product with discrete classes.



ESA CCI land cover data divided the land surface into 37 land cover categories according to the United Nations Land Cover Classification System (UN-LCCS), with an overall accuracy of 71.5%. The data came from http://maps.elie.ucl.ac.be/CCI/viewer/download/ (accessed on 22 December 2019) with a spatial resolution of 300 m. The data had high user accuracy for paddy fields, evergreen broad-leaved forests, cities, bare land, water bodies, and permanent glaciers [31]. In addition, the proportion of plant functional types (PFTs) in qualitative land cover types was considered in this study. Therefore, the initial data of 37 types of ESA CCI were summarized into 0.5 × 0.5° resolution and then converted into PFT data. The PFTs included forests, shrubs, farmland, and grassland [32]. Combined with the actual situation in the study area, Classes 2 and 1 were calculated through the PFT cross-walking table, as shown in Table 2. The ESA CCI PFT-based land cover products were converted from qualitative pixel types to land cover percentages and from qualitative products to quantitative products, which are semiquantitative products.



MEaSURES vegetation continuous field (VCF) products were divided into three layers: Tree cover, nontree vegetation, and bare ground. VCF products represent a new revolutionary method to characterize plant land cover [33]. Traditional land cover maps assigned each pixel to a single land cover category. VCF products used fractional vegetation coverage (FVC), which was a primary means of measuring global forest cover change [11,34,35]. FVC was defined as the ratio of the vertical projection area of green vegetation on the ground to the total area. The spatial resolution was 5 km, and the data came from https://lpdaac.usgs.gov/productsearch/ (accessed on 19 February 2020). Since the percentage of vegetation coverage was directly recorded by the VCF product, it was a qualitative product.




2.2. Method


Three aspects were included in the uncertainty evaluation of land cover products: Area uncertainty, spatial location uncertainty, and spatiotemporal change uncertainty. Area uncertainty was used to evaluate the quantitative characteristics of land cover products, spatial uncertainty was used to evaluate the spatial distribution of land cover products, and spatiotemporal uncertainty was used to evaluate changes in land cover types over time. The methods used in this study mainly included the following:



(a) Data preprocessing: Before the uncertainty analysis of land cover products, data preprocessing was carried out, including research area tailoring, upscaling transformation, and classification system merging. First, three kinds of land cover products were obtained based on the ArcGIS software, and land cover products with the same boundary were obtained. The maximum area aggregation method was used to unify products with different spatial resolutions to the same resolution for research. It aligned the raster of the output dataset (coarse raster) with the input data raster (fine raster) and assigned the type with the most occurrences in the input raster to the output raster. The three multisource land cover products have different land cover classification systems, they needed to be merged into a new unified and generalized classification system: Forest, nontree vegetation, and bare land.



(b) Area uncertainty analysis: According to the forest and nontree vegetation in the study area from 2001 to 2012, the change in the area of the three products in the past 12 years was calculated. In order to explain the uncertainties and differences among the different land cover products, this study used relative deviation to express the difference of forest and nontree vegetation. The coefficient of deviation formula was used to calculate the coefficient of deviation of the three products [36]. The deviation coefficient D was an effective index to measure the classification accuracy of land cover products.


   D  x k   =  (     x k    k ¯   − 1  )  × 100  



(1)







In formula (1),  x  is the land cover classification product;  k  is the land cover type of the product;   k ¯   is the mean value of the area of the three products of a certain type  k ; and    D  x k     is the deviation coefficient of the area of the type  k  in product  x  [37]. The mean value (MEAN) and root mean square error (RMSE) were used to calculate the variation in the resolution consistency in the entire study area [38] using Formula (2).
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(c) Spatial uncertainty analysis: The area uncertainty analysis can quantitatively give the difference between different products, but the result was statistical information, and the spatial characteristics were removed. Therefore, this study adopted the method of spatial superposition with three products. The difference was made pixel-by-pixel, and the difference in different products was judged pixel-by-pixel.



(d) Temporal and spatial uncertainty analysis: The changing trend of forest and nontree vegetation from 2001 to 2012 was evaluated, and the entire area was analyzed pixel-by-pixel. The 12-year trend of forest and nontree vegetation coverage of each pixel was analyzed by the least squares method. For example, using a moving window of 18 × 18 pixels (about 0.5°) across the entire area, we calculated the proportion of forest in the window year by year. Then, a linear regression on the forest proportion was performed, and the regression slope was assigned to the window pixels. The temporal and spatial distribution of forest and nontree vegetation changes for different products in the study area were obtained.





3. Results


3.1. Area Uncertainty


A comparison of the forest and nontree vegetation areas of the three land cover products for 2001–2012 was shown in Figure 1, and the area percentage and deviation coefficient of the land cover types are shown in Table 3. In general, the three products were highly consistent in the study area, and nontree vegetation was the main land cover type. Nontree vegetation accounted for approximately 40% of the total area in the study area, and forests accounted for approximately 13–18%.



The uncertainty in the land coverage for the three products was explored. The overall deviation of the range was 2–17%. The uncertainty between the quantitative VCF product and the semiquantitative ESA CCI product was small for the forest area. The difference in the area was 8%, and the deviation range was 4.56 and 12.22%, respectively. When studying the area of nontree vegetation, the uncertainty between the qualitative MODIS product and the semiquantitative ESA CCI product was small, and the consistency was strong. The area difference was 8%, and the deviation ranges were 2.87 and 9.52%, respectively. Semiquantitative products performed better when the area coverage was monitored since semiquantitative products are the conversion of qualitative products to quantitative products, and as a result have both qualitative and quantitative properties. The time series changes in forest cover were monitored. The results showed that between 2001 and 2012, the forest coverage area of MODIS products continued to increase, with an average annual increase of 1.3%. VCF products first increased and then decreased, and they increased overall, with an average annual increase of 0.6%. The increase in ESA CCI products was not obvious, and the total amount remained unchanged. The time series change in nontree vegetation cover was monitored. The results showed that between 2001 and 2012, the nontree vegetation coverage area of MODIS products continued to decrease, with an average annual decrease of 0.3%. VCF products first decreased and then increased, and the total amount remained unchanged. The increase or decrease in ESA CCI products was insignificant, and the total amount remained unchanged. The three products had large uncertainties in the area and time changes, and the opposite conclusions were obtained. The quantitative VCF product was more sensitive to land cover changes, while the semiquantitative ESA CCI product was not sensitive to land cover changes.




3.2. Spatial Uncertainty


The spatial uncertainty of the forest cover of the three products was studied. The percentage of the forest cover of the three products was calculated first, and then the two products were differentiated pixel-by-pixel. The products were divided into three groups with three resolutions, as shown in Figure 2a. The spatial distribution of the forest cover of the three products was relatively consistent but differed significantly in different regions. The North China Plain, Northeast Plain, and Xinjiang Basin in China have good consistency, with a difference in the area of less than 10%. The Greater Khingan Mountains, Southeast Hills, Hengduan Mountains, and Yunnan-Guizhou Plateau had poor consistency and more significant spatial uncertainty, with a difference in the area of more than 20%. The reason for this difference was the influence of mixed pixels in hilly areas. The impact of resolution on the uncertainty between products was explored. The percentage of various pixels varied with the resolution, as shown in Figure 2b. In general, the uncertainty between products decreased as the resolution decreased. Pixels with high uncertainty between products were counted (the difference between products was >40%). When the resolution was reduced from 0.1 to 0.3°, such pixels were reduced by 3% on average, and the uncertainty was reduced. The low-uncertainty pixels were counted (the difference between products was >10%). This type of pixel increased by 5.8% as the resolution decreased. CCI-VCF had the fewest high-uncertainty pixels, accounting for 0.1% of the total pixels, while the low-uncertainty pixels were the most numerous, accounting for 81% of the total pixels. The semiquantitative ESA CCI product had the highest consistency with the qualitative VCF product.



The spatial uncertainty of the nontree vegetation cover of the three products was studied. The percentage of the nontree vegetation cover of the three products was calculated first, and then the two products were differentiated pixel-by-pixel. The products were divided into three groups with three resolutions, as shown in Figure 3a. More significant differences appear in different regions, with great uncertainty. For example, the nontree vegetation of VCF products in the Qinghai-Tibet Plateau was more than 40% different from that of the other two products. The reason is that under the VCF classification system, the percentage of nontree vegetation in the Qinghai-Tibet Plateau was considered to be large, while the other two products showed very little nontree vegetation there. The nontree vegetation coverage of ESA CCI products and MODIS products in the North China Plain was relatively consistent, with an area difference of less than 10%, while the difference between VCF products and these two products in the North China Plain was 10–20%. The percentage of various pixels varied with the resolution, as shown in Figure 3b. In general, the uncertainty between products decreased as the resolution decreased. As the resolution decreased from 0.1 to 0.3°, pixels with high uncertainty were reduced by 2.6% on average, and pixels with low uncertainty increased by 10%. Pixels with a difference greater than 0.2 decreased by 7.8% as the resolution decreased. According to the histogram of the pixel difference, the two products of CCI-MODIS had the fewest high-uncertainty pixels (13%), and the consistency was strong, while the two products of VCF-MODIS had the highest uncertainty pixels (18%), and the consistency was the worst.



In general, the consistency of nontree vegetation cover was worse than that of forest cover since the classification system of nontree vegetation was quite different. The spatial consistency of the three products in the study area was strong, but there were significant differences in local areas. The consistency of plains and basins was better than that of mountains and hills; the consistency of northern China was better than that of southern regions; and the consistency of the inland areas was better than that of the coastal areas. In general, the uncertainty between products decreased as the resolution decreased. When the forest cover was studied, the semiquantitative ESA CCI product and qualitative VCF product had the least uncertainty. When the nontree vegetation cover was studied, the qualitative MODIS product and semiquantitative ESA CCI product had less uncertainty. This conclusion was the same as that obtained when discussing the area uncertainty.



Since the new unified classification system had only three classes, more classes were worthy of investigating. We investigated the spatial uncertainty of the grass cover and crop cover. The products were divided into three groups with three resolutions, as shown in Figure 4. The spatial distribution of the grass and crop cover of the three products was relatively consistent but differed significantly in different regions. The North China Plain and Xinjiang Basin in China have good consistency, with a difference in the area of less than 10%. The Greater Khingan Mountains, Hengduan Mountains, and Yunnan-Guizhou Plateau had poor consistency and greater spatial uncertainty, with a difference in the area of more than 20%. The reason for this difference was the influence of mixed pixels in hilly areas. In general, the uncertainty between products decreased as the resolution decreased.




3.3. Uncertainty of Temporal and Spatial Changes


The uncertainty of the spatial and temporal changes in the forest cover of the three products was studied, the pixel-by-pixel forest coverage of different resolutions from 2001 to 2012 was subjected to least squares regression, and the results are shown in Figure 5a. The forest increased slightly (<0.02/yr). The increase in forest mainly occurred in the northeast plain and inland China, and the loss mainly occurred on the southeast coast. The spatiotemporal changes in the forest were consistent, but the spatiotemporal changes in the forest derived from different products in different regions were quite different, and there was great uncertainty. In the ESA CCI products, there was an increase in forests (<0.02/yr) in China’s Xinjiang Basin and Qinghai-Tibet Plateau. The other two products did not show this change. In the VCF product, there was a larger area of forest increase in the North China Plain (<0.04/yr), while the other two products did not show this change. When the spatiotemporal changes in the forests were considered, the qualitative VCF product was better, and the result was between qualitative products and semiquantitative products, which can qualitatively reflect the spatiotemporal changes in the forest. The impact of the resolution on product uncertainty was explored, and the percentage of various pixel changes with the resolution was counted. As the resolution decreased, the products tended to be consistent. The average percentage of pixels with forest increases of less than 0.02/yr for the three products was 50%. At a resolution of 0.1°, the percentages of pixels with forest increases of less than 0.02/yr for the ESA CCI and MODIS products were 38 and 73%, respectively. When the resolution was reduced to 0.3°, their pixel ratios were 46 and 62%. As the resolution decreased, they both approached 50%. As the resolution decreased, the uncertainty between products also decreased. The various pixels of VCF products did not change much with changes in the spatial resolution and were not sensitive to changes in the resolution. When the scale increased and decreased, there was no significant uncertainty.



The uncertainty of the spatial and temporal changes in the forest cover of the three products was studied, and the results are shown in Figure 6a. The spatial and temporal variations in nontree vegetation derived from different products in different regions were quite different, the consistency of each product was low, and the uncertainty was large. The loss of nontree vegetation in coastal areas was severe (>0.02/yr), and the increase mainly occurred in western China, such as the Northeast Plain, Xinjiang Basin, and Qinghai-Tibet Plateau (<0.1/yr). The opposite conclusion may be drawn for different products in the same area. In the ESA CCI products, there was a decrease in nontree vegetation on the North China Plain (>0.02/yr), while in the MODIS products, there was an increase (0–0.02/yr). VCF qualitative products were highly sensitive to the temporal and spatial changes in nontree vegetation, and MODIS qualitative products were the least sensitive. The impact of resolution on product uncertainty was explored, and the percentage of various pixel changes with the resolution was counted. As the resolution decreased, the products tended to be consistent. The various pixels of the quantitative VCF product did not change much with the change in the spatial resolution and were not sensitive to the change in the resolution. When the scale increased and decreased, there was no significant uncertainty.



The uncertainty of the spatial and temporal changes in the grass and crop cover were investigated. The pixel-by-pixel grass and crop coverage of different resolutions from 2001 to 2012 were subjected to least squares regression, as shown in Figure 7. The impact of the resolution on product uncertainty was explored. As the resolution decreased, the products tended to be consistent. The crop and grass increased slightly (<0.02/yr). The increase in grass mainly occurred in the Qinghai-Tibet Plateau. The spatiotemporal changes in the crop derived from different products in different regions were quite different, and there was great uncertainty. In the MODIS products, there was an increase in crop (<0.02/yr) in North China Plain. The other product ESA CCI did not show this change.



Overall, the spatial and temporal changes in the three products in the research areas had strong consistency. However, the differences in local areas were considerable, the uncertainty was high, and the conclusions were the opposite. It is worth noting that the quantitative VCF product was not sensitive to changes in resolution and did not produce large uncertainties when the scale increased and decreased.




3.4. Resolution Uncertainty


The uncertainty among multisource land cover products decreased as the resolution became coarser. Although the uncertainty decreased, the coarser resolution inevitably led to a decrease in the classification accuracy of land cover products. Precision and consistency were two irreconcilable contradictions. The average and root mean square error of the percentage of land cover types were calculated, and the results are shown in Figure 8.



As shown in the figure, the overall consistency of quantitative VCF and ESA CCI products was the best, indicating that the uncertainty of VCF and ESA CCI was the smallest. As the resolution decreased, the difference in each product decreased rapidly at first and then slowly, and the consistency increased rapidly at first and then slowly. In the research area, the resolution was reduced, and the consistency was enhanced. The resolution of 0.1° was the inflection point of uncertainty and accuracy. Before 0.1°, the uncertainty of multisource land cover products decreased significantly as the resolution decreased, and after 0.1°, the uncertainty decreased slowly as the resolution decreased.





4. Discussion


In this research, the forest cover and nontree vegetation cover of three sets of land cover products in China from 2001 to 2012 were discussed to explore the uncertainty between the products. As shown in the conceptual illustration of the uncertainty of land cover products (Figure 9), the three selected products each had different characteristics: MODIS was a qualitative product with discrete classes in a pixel. This model was easy to express, but its shortcomings were quite obvious. When there were mixed pixels or the resolution was low, the accuracy would be very low. VCF was a quantitative product with land cover fractions. This qualitative feature had obvious advantages. It was quite sensitive to changes in land cover types but not sensitive to changes in spatial resolution. The disadvantage was that its data had only three layers: Tree cover, nontree vegetation, and bare ground. The ESA CCI land cover product was a semiquantitative product, which could be regarded as a transformation from qualitative to quantitative and had the properties of both qualitative and quantitative products (Figure 9b). The characteristics of these three representative land cover products are visually shown in the conceptual illustration (Figure 9). When different land cover types were studied, semiquantitative products were consistent with qualitative products or quantitative products. When the forest coverage in the study area was monitored, the semiquantitative ESA CCI product and the quantitative VCF product had good consistency (Figure 9c). When the nontree vegetation coverage in the study area was monitored, the semiquantitative ESA CCI product and the qualitative VCF product had good consistency (Figure 9a). The consistency increased when the resolution became coarser, but the coarser resolution inevitably decreased the classification accuracy. The decrease in uncertainty inevitably sacrificed the accuracy, including the accuracy and consistency of land cover products, which were two irreconcilable contradictions (Figure 9d). The overall consistency in the study area was counted with the change in resolution. As the resolution decreased (and the accuracy decreased), the uncertainty of multisource land cover products also decreased (and the consistency increased). This change was not linear, and there was an inflection point, which was approximately 0.1° (Figure 9e).



In exploring spatial consistency, we found that areas with more significant uncertainty were plateaus or hilly areas. The reason for this pattern was that there was a problem of mixed pixels in low-resolution remote sensing data, which led to considerable differences among the dataset. In the research, the pixel corresponded to a large area on the ground (>5 km). There were multiple vegetation types on the hills. The influence of mixed pixels was also difficult to eliminate using semiquantitative ESA CCI products and qualitative VCF products. The impact was further magnified in the complex mountainous areas. In this study, the areas with more significant spatial uncertainty included the Greater Khingan Mountains, the southeast hills, the Hengduan Mountains, and the Yunnan-Guizhou Plateau. The areas with less uncertainty included the North China Plain, the Northeast Plain, and the Xinjiang Basin. In addition, the pixel difference was quantified with the change in spatial resolution, which would help scholars select products with suitable resolution in combination with the uncertainty of different regions when performing regional remote sensing inversion and model simulation. The developing trend of land cover products was quantitative. Quantitative land cover monitoring was provided by VCF products, which solved the problem that land cover products could not capture subpixel and intrapixel changes. VCF products were also determined by the scientific community as earth system data records (ESDRs), but the current VCF data version only has three data layers, and further detailed land cover type monitoring cannot be provided.



The reliability of our results was confirmed by similar studies. Different land cover product classification systems, sources, and precisions were different, and the differences between products were also significant, especially the differences in nontree vegetation, and the classification systems of different products were different, such as in the Qinghai-Tibet Plateau. MODIS products had little vegetation coverage, and some products had more grass coverage [39]. In this research, the semiquantitative ESA CCI product based on PFTs was more reliable. First, compared to other products, the ESA CCI had good spatial resolution [40]. Due to the limitation of spatial resolution, the image contained mixed pixels of different land cover types. This may have led to uncertain results, but the PFT-based method quantified each land cover type, giving it quantitative characteristics [41]. Due to its qualitative and quantitative characteristics, it had good consistency with qualitative and quantitative products.



In order to enrich our study, more products were compared. Since only one semiquantitative product and one quantitative product were available at present, we selected an additional qualitative ChinaLC product for comparison. The ChinaLC products used a large-scale classification approach to produce a decadal 5 km resolution land cover dataset from 1981 to 2010. A total of 19 classes of training and validation samples were obtained. The ChinaLC dataset has an average overall accuracy of approximately 75% [42]. However, the years of these products were not continuous, and it was difficult to conduct the trend analysis. We used the ChinaLC products to compare with the other three products. The percentage of the forest cover of the four products was calculated first, and then the two products were differentiated pixel-by-pixel, the resolution was 0.2°, as shown in Figure 10. The spatial distribution of the forest cover of the four products was relatively consistent but differed significantly in different regions. The semiquantitative ESA CCI product had the highest consistency with the qualitative VCF product.



This study used three types of land cover products in China from 2001 to 2012 and explored their uncertainties. The development of land cover products was as follows: Qualitative to quantitative and rough to fine. Quantitative land cover products could be used to quantitatively describe the climate, carbon, and sustainability [43]. However, only three data layers were included in the current quantitative VCF product, version 1.0, and the time frame reached only to 2015. Due to the lack of long-term records and the lack of intermediate years, the semiquantitative ESA CCI product is currently a better choice. VCF products had fewer data layers, the “shrubs,” “grassland,” and “farmland” in ESA CCI products were all classified as “nontree vegetation.” In fact, more detailed and specific category consistency is worthy of further study. We investigated the uncertainty of the grassland and farmland of MODIS and ESA CCI and found that the conclusions reached were consistent with forests and nontree vegetation. In the current research, we noticed that the quantitative VCF product was more sensitive in characterizing land cover changes, leading to differences in landscape consistency. These differences will be quantified using the landscape index to obtain the uncertainty of different land cover products in our future research. In addition, the consistency of land cover products on a global scale will be studied to enrich our research system.




5. Conclusions


This study used three multisource land cover products from 2001 to 2012 in China to explore their area, spatiotemporal changes, and resolution uncertainty, revealing the essential differences between qualitative, semiquantitative, and quantitative products. The uncertainty of land cover products in different regions and the uncertainty of resolution have been explored, laying the foundation for the uncertainty evaluation of remote sensing inversion, model simulation, and subpixel estimation. The results showed that the overall consistency of the three land cover products was relatively strong, the area uncertainty was relatively small, and they were relatively consistent in China. Considering forest coverage, VCF and ESA CCI products had the slightest uncertainty, and considering nontree vegetation, ESA CCI and MODIS products had the slightest uncertainty. However, the spatial distributions of the three products were locally inconsistent, and different regions may show opposite conclusions regarding spatiotemporal changes. The regions with significant spatial differences were plateaus or hills. The products with the best overall consistency were VCF and ESA CCI, and the worst were VCF and MODIS. The semiquantitative ESA CCI product had both qualitative and quantitative characteristics and was a better choice. As the resolution increased, the consistency of each product was enhanced, but the accuracy was inevitably reduced. The contradiction between accuracy and resolution was balanced through an inflection point of resolution. When scholars conduct remote sensing inversion, model simulation, and subpixel program research, the uncertainty system of multisource land cover products can assess the reliability of different studies. Therefore, in future research, we will establish a global-scale, multiproduct consistency evaluation system.
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Figure 1. Interannual variabilities of (a) forests and (b) nontree vegetation for MODIS, CCI, and VCF products. 
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Figure 2. Spatial difference in forest coverage among the three products. Panel (a) shows the resolution and spatial difference between products, “CCI−MODIS” represents the difference between the forest percentage of ESA CCI and MODIS products, the horizontal is the product consistency comparison, and the vertical is the consistency comparison of different resolutions. The darker the color, the greater the product difference. Panel (b) shows the PFT statistics and the percentage of various pixels with the change in resolution. 






Figure 2. Spatial difference in forest coverage among the three products. Panel (a) shows the resolution and spatial difference between products, “CCI−MODIS” represents the difference between the forest percentage of ESA CCI and MODIS products, the horizontal is the product consistency comparison, and the vertical is the consistency comparison of different resolutions. The darker the color, the greater the product difference. Panel (b) shows the PFT statistics and the percentage of various pixels with the change in resolution.
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Figure 3. The spatial difference in nontree vegetation coverage among the three products. Panel (a) shows the resolution and spatial difference between products, “CCI−MODIS” represents the difference between the forest percentage of ESA CCI and MODIS products, the horizontal is the product consistency comparison, and the vertical is the consistency comparison of different resolutions. The darker the color, the greater the product difference. Panel (b) shows the PFT statistics and the percentage of various pixels with the change in resolution. 






Figure 3. The spatial difference in nontree vegetation coverage among the three products. Panel (a) shows the resolution and spatial difference between products, “CCI−MODIS” represents the difference between the forest percentage of ESA CCI and MODIS products, the horizontal is the product consistency comparison, and the vertical is the consistency comparison of different resolutions. The darker the color, the greater the product difference. Panel (b) shows the PFT statistics and the percentage of various pixels with the change in resolution.
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Figure 4. Spatial difference in crop and grass coverage of the ESA CCI and MODIS products. The darker the color, the greater the product difference. 
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Figure 5. The spatiotemporal difference in forest coverage changes among the three products. Panel (a) shows the resolution and spatiotemporal difference between products, the horizontal is the product consistency comparison, and the vertical is the consistency comparison of different resolutions. Green indicates forest increase, red indicates forest loss, and the color shading indicates the degree. Panel (b) shows the PFT statistics and the percentage of various pixels with the change in resolution. 
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Figure 6. The spatiotemporal difference in nontree vegetation coverage changes among the three products. Panel (a) shows the resolution and spatiotemporal difference between products, the horizontal is the product consistency comparison, and the vertical is the consistency comparison of different resolutions. Blue indicates forest increase, red indicates forest loss, and the color shading indicates the degree. Panel (b) shows the PFT statistics and the percentage of various pixels with the change in resolution. 
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Figure 7. The spatiotemporal difference in grass and crop coverage changes of the products. Green indicates increase, blue indicates loss, and the color shading indicates the degree. 
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Figure 8. Overall variability of the uncertainty with an increase in the spatial resolution for forests and nontree vegetation of the three land cover products ((a,c) represent the mean value of the difference; (b,d) represent the root mean square error of the difference). 
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Figure 9. Conceptual illustration of (a–c) three types of land cover product characteristics and (d,e) consistency variations with resolution. 
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Figure 10. Spatial difference in forest coverage changes among the four products “ChinaLC−MODIS” represents the difference between the forest percentage of ChinaLC and MODIS products. The darker the color, the greater the product difference. 
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Table 1. Land cover products used in this work.
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	Product
	Organization
	Resolution
	Land Cover Category
	Classification
	Type





	MCD12
	Boston University
	1 KM
	17
	Decision tree
	Qualitative



	ESA CCI
	European Space Agency
	300 M
	37
	Unsupervised classification
	Semi-quantitative



	MEaSURES VCF
	University of Maryland
	5 KM
	3
	Linear Model Trees
	Quantitative
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Table 2. PFT-based integrated land cover category for the ESA CCI land cover data.
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Class 1

	
Class 2

	
Class 1

	
Class 2






	
Forest

	
Evergreen broad-leaved forest

	
Nontree vegetation

	
Deciduous broad-leaved shrub




	
Deciduous broad-leaved forest

	
Evergreen needle-leaved shrub




	
Evergreen needle-leaved forest

	
Deciduous needle-leaved shrub




	
Deciduous needle-leaved forest

	
Grassland




	
Nontree vegetation

	
Evergreen broad-leaved shrub

	
Crop
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Table 3. Sample selection categories and data statistics.






Table 3. Sample selection categories and data statistics.





	
Land Cover Type

	
ESA CCI

	
MCD12

	
VCF




	
Area (%)

	
Coefficient of Deviation

	
Area (%)

	
Coefficient of Deviation

	
Area (%)

	
Coefficient of Deviation






	
Forest

	
13.24

	
−0.1222

	
17.62

	
0.1677

	
14.40

	
−0.0456




	
Nontree vegetation

	
48.76

	
0.0952

	
45.81

	
0.0287

	
39.01

	
−0.1239
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