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Abstract—China has undergone significant land cover changes
since the 1980s. However, there are limited consistent and continu-
ous dataset of national scale. Using advanced very high resolution
radiometer and moderate resolution imaging spectrometer data
from the land long-term data record, we developed a large-scale
classification approach to produce a decadal 5-km resolution land
cover dataset for China (ChinaLLC) from 1981 to 2010. A total of
19 classes of training and validation samples were obtained from
visual interpretation of high-resolution Google Earth images and
historical vegetation maps. Combined efforts of standard criteria,
rigid check, and detailed recording were conducted to strengthen
the robustness of the multitemporal samples. The different compo-
sitions of metrics and parameters were tested to obtain the optimal
support vector machine (SVM) classification results. The ChinaL.C
dataset has an average overall accuracy of approximately 75%,
which is much higher compared with other large-scale land cover
datasets. Furthermore, a high consistency was found between the
land cover changes of ChinaLC and other studies using higher
spatial resolution data. The decadal spatial-temporal transition
patterns were analyzed and the important reasons for accelerated
landscape changes were also explained over the 30 years.

Index Terms—China, land cover change, land cover classifica-
tion, land long-term data record (LTDR), support vector machine
(SVM).

I. INTRODUCTION

AND cover is defined as the observed physical cover on the
Earth’s surface, which includes natural and planted vege-
tation, forest, human construction, water bodies, barren land or
sand surfaces, and snow cover or ice caps [1]. This nonstatic
and dynamic variations, resulted from human activity and natu-
ral processes, is a crucial variable for studies including climate,
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conservation biology, soil erosion, hydrology, atmospheric qual-
ity, and food security [2].

China has experienced rapid land cover changes from the ef-
fect of continued and intense economic globalization together
with the “Reform and Opening up” policy from 1978. The phe-
nomenon of urban expansion, extensive land cover transforma-
tion, and serious land deterioration [3], [4] made the subsequent
decades an important period worthy of detailed investigation.
In view of the impacts of global environmental change, only
with accurate land cover data will it be possible to improve the
performance of ecosystem, hydrological, and climate models at
national scale [5].

Remote sensing has been widely recognized as the most
economic and feasible approach to derive land cover in-
formation over large areas [6]. To date, many global land
cover datasets have emerged from different initiatives using
satellite data. The main freely available datasets are shown
in Table I. Extensive studies focused on land cover map-
ping include the updated production of land cover datasets
[25]-[27], the comparison of classification methods and ac-
curacy assessment [28]-[31], as well as the challenges and
efforts [32]-[35].

Comparative analyses of these global land cover datasets
have revealed considerable disagreements and uncertainties
[36], [37]. One of the major drawbacks of the datasets is
the lack of interoperability among them. Since their devel-
opment has been driven by different national or international
initiatives, they have been developed for different purposes
and hold diverse technical characteristics. Many of these clas-
sifications, however, were aimed at a particular project and
are often not comparable with each other. Each was pro-
duced using different data inputs and algorithms; therefore,
they were not designed to be comparable and exist as inde-
pendent datasets with low overall consistency. Agreement on
the global distribution of individual land cover classes is lim-
ited, although in many cases, a reasonable agreement exists
at a global level in terms of the total area and general spatial
patterns [38].

In our previous study, GLC2000, IGBP-DISCover,
MCD12Q1 2001, UMD, and GlobCover 2005 were evaluated
over China [39]. The results indicated that disagreement existed
among the datasets over large areas. There are several possible
reasons for the low consistency of the datasets:

1) a limited number of valid samples in China is the main

reason for low accuracy and consistency;
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TABLE I
MAIN FREELY AVAILABLE GLOBAL LAND COVER DATASETS

Name Data Spatial Year Classification Classification Validation Overall
source resolution method scheme data accuracy
IGBP-DISCover AVHRR [7] 1 km Apr. 1992-Mar. 1993 Unsupervised IGBP 17 classes Landsat TM and SPOT  66.9% [16]
clustering with images
postclassification
refinement
UMD AVHRR [4] 1 km Apr. 1992-Mar. 1993 Supervised decision IGBP 14 classes Other digital datasets 69% [17]
tree
GLC2000 SPOT-4 1 km Nov. 1999-Dec. 2000 Unsupervised LCCS 22 classes High resolution satellite  68.5 + 5% [18]
VEGETATION (8], classification data and ancillary
[9] information
MCDI12Q1 MODIS [9], [10] 1 km 2001, 2010 Supervised IGBP 17 classes High-resolution land 75% [19]
classification and cover information
single class
extraction
GLCNMO MODIS [11] 500 m 2003, 2008 Supervised LCCS 20 classes Landsat, MODIS NDVI, 76.5% [20]
classification and Google Earth
single class
extraction
GlobCover MERIS [12] 300 m 2005, 2009 Unsupervised LCCS 22 classes SPOT-VEGETATION 67.1% [21]
classification NDVI, Virtual
Earth/Google Earth
CCI-LC MERIS, SPOT, 300 m 2000 (1998-2002), 2005  Supervised and LCCS 22 classes Systematic sampling of ~ 70.8% [22]
MODIS, ASAR (2003-2007), 2010 unsupervised the TREES dataset by
(2008-2012) classification external parties
FROM-GLC Landsat TM /ETM+ 30 m ~2000,~2010 Supervised 11 classes Landsat TM/ETM+ 69.50% [23]
[14] classification
GlobeLand30 Landsat TM/ETM+, 30 m 2000, 2010 Pixel- and 10 classes Google Earth, Landsat 83.51% [24]
HJ-1 object-based TM/ETM+-, Degree
classification Confluence Project

2) a greater landscape heterogeneity can significantly com-
plicate the spectral characteristics of the Earth’s surface,
rendering land cover mapping less accurate;

3) the disparities in data source, classification method, and
classification scheme result in low consistency among dif-
ferent datasets [40]; and

4) the different years of the land cover datasets may also
result in disagreement within these datasets.

The existence of these discrepancies hinders the development
of a reliable land cover dataset over China for accurate climate
change and other environmental studies, indicating the need for
improved national land cover data [7]. As aresult, we produced a
decadal 5-km resolution land cover dataset for China (ChinalLC)
with a time span of 30 years: from 1981 to 2010. Our aims
included:

1) finding a suitable data source documenting the 30 years

of national land cover changes;

2) using a strategy to compensate for a lack of references;

3) producing a dataset with a consistent spatial resolution,
taking into account the deviation of results from different
Sensors;

4) ensuring consistency in the classification results; and

5) overcoming issues relating to the accuracy and accessibil-
ity of recent national-scale samples.

II. STUDY AREA AND DATA
A. Study Area

The study area spans ~8670 km? across East Asia, includ-
ing the entire territory of China and parts of Russia, Central

Asia, and Southeast Asia. In order to produce input parame-
ters for climate models, we included a rectangular area that
extended from 48°24’8"N to 0°53’17"S and from 38°29'20"E to
178°28'48"E. However, we focused only on China for the anal-
yses of classification results. Generally, this area experiences a
temperate climate with cold winters and warm summers. Specif-
ically, the Eastern China, located in eastern Asia and facing the
Pacific Ocean, displays strong seasonal monsoons and signifi-
cant variations in temperature. Plenty of rainfall enable intensive
agriculture cycles and diversified vegetation classes. The west-
ern China, located in center of the largest continent, has an
arid continental climate. The rugged topography of the Tibetan
Plateau also results in a complex land cover types over there.

B. Data for Classification

The National Aeronautics and Space Administration land
long-term data record (LTDR) project reprocesses the global
area coverage (GAC) dataset from 1981 to the present for the
whole globe. Specifically, it creates daily surface reflectance
product as a fundamental climate data record, and derives daily
normalized difference vegetation index (NDVI) and leaf area
index/fraction of absorbed photosynthetically active radiation
as two thematic climate data records.

As shown in Table II, the LTDR archive (ID 1-4) was selected
as the main data source for producing the proposed dataset for
reasons:

1) the GAC is the only available dataset with dynamic data

continuity from 1981 to 2010;

2) the GAC is reprocessed by applying the preprocessing

improvements identified in the Pathfinder advanced very
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TABLE II
DATA SOURCES USED FOR PRODUCING THE CHINALC DATASET

1D Data source Main usage Year Resolution/Scale
1 LTDR GAC reflectance data Reflectance for metric calculation 1981-1999  5km

2 LTDR MOD09CMG Reflectance for metric calculation 2000-2010 1 km

3 LTDR NDVI data Vegetation indexes for metric calculation 1981-1999  5km

4 LTDR AVH13C1 monthly global vegetation indices ~ Vegetation indexes for metric calculation 2000-2010 1 km

5 Chinese Vegetation Map Reference data for vegetation sample selection 1980s 1:4 000 000
6 Chinese Vegetation Map Reference data for vegetation sample selection 1990s 1:1 000 000
7 ASTER GDEM Elevation, aspect, and slope for metric calculation 2009 1 km

8 DMSP-OLS nighttime data Urban and built-up area extraction 1981-2010 500 m

9 Google Earth images High resolution images for sample selection 2000-2010 <10m

10 Google Earth images Landsat images for sample selection 1981-2010 <10m

11 Panorama photos and historical documents Auxiliary data for visual interpretation of samples 1981-2010 -

high resolution radiometer (AVHRR) Land II project and
the atmospheric corrections used in the moderate resolu-
tion imaging spectrometer (MODIS) preprocessing [41];
and

3) repeated quality assurances have been implemented such

as radiometric in-flight vicarious calibration, inverse nav-
igation, and atmospheric corrections [42].

Generally, the GAC represents a credible and high-quality
data source that is suitable for studying the 30-year dy-
namics of land use trends. The version 3 of LTDR dataset
(http://Itdr.nascom.nasa.gov) was used in the study, including
the daily reflectance and NDVI data from June 1981 to Decem-
ber 2010.

Furthermore, studies have indicated that using spectral im-
ages alone is insufficient for accurate land-cover classification.
Adding the topographic data as alternative metrics has been
shown to effectively improve the accuracy [43]. Thus, the ver-
sion 1 of advanced spaceborne thermal emission and reflection
radiometer (ASTER) global digital elevation model (GDEM)
dataset [44] (https://wist.echo.nasa.gov) was used in the study
and derived into 5-km elevation and aspect data in order to match
the LTDR dataset.

Finally, because of the small sizes of urban areas relative
to the total land area, they are difficult to detect at the na-
tional scale using coarse-resolution optical remote sensing.
Fortunately, the defense meteorological satellite program op-
erational linescan system (DMSP-OLS) nighttime light data are
capable of effectively mapping urban areas at regional or global
scales [45]. Thus, the annual average nighttime light dataset
(http://www.ngdc.noaa.gov/eog/dmsp.html) was used to depict
urban and built-up areas.

C. Auxiliary Data for Generating Samples

Multisource auxiliary data including historical vegetation
maps, high or medium resolution images, panorama photos, and
documents were used to depict training and validation samples
at different phases.

The 1:4 000 000 vegetation map of China was used as ref-
erence for the 1980s, which realistically depicts the national
geographical distribution of natural and agricultural vegetation.
It was digitized from the vegetation data collected from 1972 to
1976 [46]. Likewise, the 1:1 000 000 vegetation map of China
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Fig. 1.  Flowchart of the production of the ChinaLC dataset.

was used as the reference historical data for the 1990s [47]. It
was digitized from the Chinese vegetation map of 2001. These
two maps were provided by the Environmental and Ecological
Science Data Center for West China.

Meanwhile, we used Google Earth (GE) as the main data
source for the selection of training and validation samples from
2000 to 2010. Based on the availability, quality, and date of pro-
curement, GE superimposes widely distributed high-resolution
images over coarser images which are easy to navigate and free
to access. These images cover more than 20% of the Earth’s land
surface and more than a third of the human population [48]. An-
other advantage of GE over other map services accessed within
webpages (e.g., Google Maps, Microsoft Bing) is that histori-
cal high-resolution images before 2000 are available, allowing
temporal sampling that can span ten or more years. Besides, the
panorama photos and historical documents were also helpful for
better identification of samples.

III. METHODOLOGY

In order to produce a decadal land cover dataset for China
from 1981 to 2010, we developed a new large-scale land cover
classification approach based on the LTDR dataset. A suit-
able classification scheme was determined to adapt to China’s
land cover classes and to be compatible with other datasets.
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D Class Description

1 Evergreen Needleleaf Lands dominated by trees with a percent canopy over 60% and height exceeding 2 m. Almost all trees remain green all
Forest year. Canopy is never without green foliage.

2 Evergreen Broadleaf Lands dominated by trees with a percent canopy cover >60% and height exceeding 2 m. Almost all trees remain green
Forest all year. Canopy is never without green foliage.

3 Deciduous Needleleaf Lands dominated by trees with a percent canopy cover >60% and height exceeding 2 m. Consist of seasonal needle-leaf
Forest tree communities with an annual cycle of leaf-on and leaf-off periods.

4 Deciduous Broadleaf Lands dominated by trees with a percent canopy cover >60% and height exceeding 2 m. Consist of seasonal broad-leaf
Forest tree communities with an annual cycle of leaf-on and leaf-off periods.

5 Mixed Forest Lands dominated by trees with a percent canopy cover >60% and height exceeding 2 m. Consist of tree communities
with interspersed mixtures or mosaic of the other four forest cover classes. None of the forest classes exceed 60% of the
landscape.

6 Closed Shrubland Lands dominated by bushes or shrubs. Bush and shrub percent canopy cover is >40%. Bushes do not exceed 5 m in
height. Shrubs or bushes can be either evergreen or deciduous. Tree canopy cover is < 10%. The remaining cover is
either barren or herbaceous.

7 Open Shrubland Lands dominated by shrubs. Shrub canopy cover is > 10% and <40%. Shrubs do not exceed 2 m in height and can be
either evergreen or deciduous. The remaining cover is either barren or of annual herbaceous class.

8 Woody Savannas Lands with herbaceous and other understorey systems, and with forest canopy between 30% and 60%. The forest cover
height exceeds 2 m.

9 Savannas Lands with herbaceous and other understorey systems, and with forest canopy between 10% and 30%. The forest cover
height exceeds 2 m.

10 Grassland Lands with continuous herbaceous cover and < 10% tree or shrub canopy cover.

11 Permanent Wetlands Lands with a permanent mixture of water and herbaceous or woody vegetation that covers extensive areas. The
vegetation can be present in either salt, brackish, or fresh water.

12 Tundra Lands where the subsoil is permafrost, or permanently frozen soil, or refers to the treeless plain in general.

13 Urban and Built-up Land covered by buildings and other man-made structures. Note that this class will not be mapped from the LTDR
imagery but will be developed from the DMSP-OLS nighttime light data.

14 Cropland/Natural Lands with a mosaic of cropland, forest, shrub lands, and grassland in which no one component comprises more than

Vegetation Mosaic 60% of the landscape.

15 Snow and Ice Lands under snow and/or ice cover throughout the year.

16 Barren Lands of exposed soil, sand, rocks, or snow that never have more than 10% vegetated cover during any time of the year.

17 Water Bodies Oceans, seas, lakes, reservoirs, and rivers. Can be either fresh or salt water.

18 Irrigated Cropland Lands of cropland with ridge and water storage, where aquatic crops such as rice, especially in paddy fields, or others
are grown.

19 Rainfed Cropland Lands of cropland without irrigation equipment, where xeromorphic crops, which basically depend on rain, are grown.

Reflectance and NDVI data were then preprocessed to produce
monthly integrated cloud-free images with the Lambert con-
formal conic projection. The multitemporal relative radiance
correction was conducted for consistence. Guiding by criteria,
multisource referenced data were uniformly selected for a visual
interpretation of the training and validation samples. The best
metrics were then determined from different compositions, in-
dicating the best accuracy and efficiency for distinguishing land
cover classes. A support vector machine (SVM) based classifi-
cation method was selected to produce the primary land cover
dataset using parameters with the highest cross validation accu-
racy. Efforts were made to modify the potential omission that
existed in the preliminary result from the SVM classification.
Finally, the accuracy of the proposed method was assessed by
validation samples, also including reference data extracted from
higher-resolution data (see Fig. 1).

A. Classification Scheme

The classification scheme (see Table I1I) was developed based
on the 17-class IGBP scheme [7], [10], [11], because it is re-
quired by the climate model and widely used by datasets such as
IGBP-DISCover, UMD, and MCD12Q1. The commonly used
IGBP scheme is exhaustive and exclusive [49], which embraces
a canopy component philosophy and climate independence [50].
It has also been modified to be compatible with the present clas-
sification schemes for environmental modeling.

We made the following modifications to the IGBP scheme:

1) the cropland category was subdivided into “irrigated crop-
land” and “rainfed cropland.” China’s agricultural sector
uses unique cultivation methods to transition between ir-
rigated cropland and rainfed cropland, and the differences
were found to increase during the study period [51]. Crop
productivity and water composition also differ signifi-
cantly between these two classes of cropland [52]. These
differences in ambiguous reflectance features could result
in erroneous climate simulations, e.g., incorrect relative
contributions of different cropland to evapotranspiration
to the atmosphere [53]; and

2) the tundra class was added to the scheme owing to a sig-
nificant carbon contribution to ecosystems. Tundra areas
exist at high altitudes in the north of the study area and
methane emissions from tundra areas contribute ~ 10% to
the global atmospheric budget [54].

B. Data Integration and Cloud Removal

To fill the missing data and remove the undesired noise effects
after radiometric and geometric corrections, monthly composite
images were generated from the component images of 30 con-
secutive days from 1981 to 2010. As described in our previous
work [42], the fact that clouds are generally bright in visible
channels and cold in thermal channels is the basic principle of
this composition method. The process was conducted by
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TABLE IV

ALTERNATIVE METRICS DESIGNED FOR THE PROPOSED LAND COVER CLASSIFICATION, ADAPTED FROM [5]

ID Metrics description ID Metrics description ID Metrics description
1 Maximum NDVI value 17 Channel 1 value from month of 33 Maximum channel 4 value of 8
maximum NDVI greenest months
2 Minimum NDVI value of 8 18 Mean channel 1 value of 4 34 Minimum channel 4 value of 8
greenest months warmest months greenest months
3 Mean NDVI value of 8 greenest 19 Channel 1 value of warmest 35 Mean channel 4 value of 8
months month greenest months
4 Amplitude of NDVI over 8 20 Maximum channel 2 value of 8 36 Amplitude of channel 4 over 8
greenest months greenest months greenest months
5 Mean NDVI value of 4 warmest 21 Minimum channel 2 value of 8 37 Channel 4 value from month of
months greenest months maximum NDVI
6 NDVI value of warmest month 22 Mean channel 2 value of 8 38 Mean channel 4 value of 4
greenest months warmest months
7 Maximum EVI value 23 Amplitude of channel2 over 8 39 Channel 4 value of warmest
greenest months month
8 Minimum EVT value of 8 greenest 24 Channel 2 value from month of 40 Maximum channel 5 value of 8
months maximum NDVI greenest months
9 Mean EVI value of 8 greenest 25 Mean channel 2 value of 4 41 Minimum channel 5 value of 8
months warmest months greenest months
10 Amplitude of EVI over 8 greenest 26 Channel 2 value of warmest 42 Mean channel 5 value of 8
months month greenest months
11 Mean EVI value of 4 warmest 27 Maximum channel 3 value of 8 43 Amplitude of channel 5 over 8
months greenest months greenest months
12 EVI value of warmest month 28 Mean channel 3 value of 8 44 Channel 5 value from month of
greenest months maximum NDVI
13 Maximum channel 1 value of 8 29 Amplitude of channel 3 over 8 45 Mean channel 5 value of 4
greenest months greenest months warmest months
14 Minimum channel 1 value of 8 30 Channel 3 value from month of 46 Channel 5 value of warmest
greenest months maximum NDVI month
15 Mean channel 1 value of 8 31 Mean channel 3 value of 4 47 Elevation value
greenest months warmest months
16 Amplitude of channel over 8 32 Channel 3 value of warmest 48 Aspect value
greenest months month

Note: 1) the 8 greenest months are selected from March to October per year; 2) the 4 warmest months are selected from June to September; 3) the month of maximum NDVI and
EVIis August within China; 4) the warmest month is selected as July; and 5) the channel number represents the AVHRR surface reflectance data for channels 1, 2, 3, and the top of
atmosphere (TOA) brightness temperature for channels 4, 5 from 1981 to 2000, and the corresponding MODIS surface reflectance data for channels 1, 2, 20, and the TOA brightness

temperature for channels 31, 32 from 2001 to 2010.

1) using the maximum bright temperature of the thermal
channel to remove the pixels with potential cloud or cloud
shadow to composite the reflectance images;

2) replacing the residual cloudy pixels within water areas
with the pixels of the maximum visible channel/thermal
channel that were not removed in the previous step; and

3) following the same approach, replacing the pixels with
the maximum NDVT of 30 consecutive days to composite
the NDVI data.

We applied the composition method on the time series con-
sisting of more than 480 reflectance data (four periods of data,
~ 120 acquisitions per year, one observation every three days)
and more than 96 NDVI data (four periods of data, ~24 ac-
quisitions per year, one observation every 15 days) from 1981,
1990, 2000, and 2010. Finally, the integrated and cloud-free
reflectance and NDVI data, thus, consisted of 12 x 4 observa-
tions representing the interannual average and variance of land
cover changes.

C. Metric Design

A successful detection of land cover requires appropriate clas-
sification metrics [5], [55]. First, spectrotemporal statistical met-
rics are viable means for discriminating land cover classes [56].

Multitemporal spectral data in the same or consecutive years can
be considered as statistical metrics, which in turn can function
as descriptive variables that improve the separability between
land cover classes. Therefore, as shown in Table IV, the metrics
of ID 13-46 were calculated or recomposed by reflectance and
brightness temperature values in individual bands.

Second, vegetation indexes (VIs) were included. Most phe-
nology studies use VI time series to derive phenological metrics
to identify critical measures that match phenological phases of
vegetation development [57]. The mean NDVI reflects the basic
growth curve of vegetation, and the maximum, minimum, and
amplitude of NDVI reflect the class-specific dependence on in-
terannual changes in climatic drivers. Thus, the NDVI, including
its mean, maximum, minimum, and amplitude, is indispensable
in the effective identification of deciduous and evergreen vege-
tation [58], [59]. As shown in the metrics of ID 1-6, the annual
maximum, minimum, mean, and amplitude of NDVI were cal-
culated or recomposed as alternative metrics. In the metrics of ID
7-9, the maximum, minimum, mean, and amplitude of enhanced
vegetation index (EVI) were added as alternative metrics.

Third, the timing and greenness for the start, peak, and end
of the growing season helps to represent vegetation interactions
with climate-based factors [60]. Researchers have suggested the
use of metrics that describe an annual NDVI temporal profile,
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TABLE V
TRAINING AND VALIDATION SAMPLES FOR THE PROPOSED LAND COVER CLASSIFICATION

D Class Number of Pixels of Average pixels of ~ Number of validation  Pixels of validation Average pixels of
training samples  training samples training samples samples samples validation samples

1 Evergreen Needleleaf Forest 90 492 547 24 149 6.20
2 Evergreen Broadleaf Forest 109 592 543 28 56 12.00
3 Deciduous Needleleaf Forest 75 402 5.36 19 198 10.42
4 Deciduous Broadleaf Forest 106 571 5.39 27 220 8.16
5 Mixed Forest 88 490 5.57 22 127 5.76
6 Closed Shrubland 81 1535 18.95 20 61 3.05
7 Open Shrubland 105 707 6.74 27 113 4.20
8 Woody Savannas 28 142 5.08 7 35 5.00
9 Savannas 24 122 5.09 5 25 5.00
10 Grassland 139 1174 8.45 35 257 7.36
11 Permanent Wetlands 63 317 5.04 16 85 5.31
12 Tundra 25 128 5.12 4 18 4.50
13 Urban and Built-up - - - 25 65 2.60
14 Cropland/Natural Vegetation Mosaic 123 627 5.10 31 114 3.68
15 Snow and Ice 85 425 5.00 21 105 5.04
16  Barren 123 615 5.00 31 186 6.02
17 Water Bodies 119 595 5.00 30 190 6.34
18 Irrigated Cropland 115 600 5.22 29 155 5.32
19  Rainfed Cropland 119 690 5.80 30 179 5.96

Note: The training sample for the “urban and built-up” is null since this land cover class was thematically extracted.

such as growing season length and the rate of greenup, rather
than direct NDVI values and a rule-based approach to deter-
mining land cover classes [61]. Therefore, all the NDVI, EVI,
and reflectance of channels in the eight greenest months (from
March to October) and the four warmest months (from June to
September) were selected from the 12-monthly data in order
to emphasize the vegetation growing season and highlight the
vegetation interactions that influence land cover classes.

Finally, to overcome the insufficiency of spectral data for
land cover classification, topographic data were added as alter-
native metrics. Specifically, we added the elevation and aspect
value calculated from ASTER GDEM. This is due to their repre-
sentation of temperature variables, incident angle, and sunshine
duration [62]. These factors influence the vegetation distribution
under different topographic conditions.

D. Sampling Data Selection

The land cover samples in 1981 and 1990 were conducted
with help from field-investigation vegetation maps collected in
the 1980s [43] and 1990s [44]. The distributions of 868 basic
vegetation units were recorded in the vegetation maps, including
11 vegetation classes: needleleaf forest, mixed forest, broadlead
forest, shrub, desert, steppe, grass-forb community, meadow,
swamp, alpine vegetation, and cultural vegetation. This vegeta-
tion scheme was reclassified to match the proposed classification
scheme. Available Landsat MSS and TM images from 1981 to
1990 were also used as an auxiliary reference to interactively
identify land cover class. The land cover samples were annually
chosen in stable areas of the image with pure texture or color to
avoid areas of potential change and from dormant season (May
to August). In these months, the vegetation is supposed to be
fully developed and thus representative for the definition of land
cover classes. The visual interpretation of land cover samples

in 2000 and 2010 was conducted manually from GE. The avail-
able images of QuickBird, IKONOS, or WorldView were used
as main reference for visual interpretation. Totally, we collected
2047 samples, each class with an average of 110 samples sepa-
rately (see Table V). The principles for sample collection were
as follows (see Fig. 2).

First, the samples were visually extracted only in homoge-
neous areas of ~100-225 km? (4-9 pixels of 5 km resolution).
Areas containing mixed land cover classes were avoided as
much as possible.

Second, a uniform distribution of samples was attempted con-
cerning the uneven distribution of available GE high-resolution
images. A hollow grid network was built and overlaid on
the GE. The number of samples of each class in each grid
(500km x 500 km) was controlled to be averaged. These pro-
cedures were conducted for the main classes (e.g., forests and
croplands) as far as possible. For other small areal and regional
distributed classes, we put effort to sparsely extract the most
typical samples.

Third, multisource reference data were integrated to assist
sample selection:

1) GE high-resolution images were available for land cover
identification and sample extraction in 2000 and 2010;
the vegetation maps were overlain as target areas with
the Landsat images on GE, which helps to interactively
identify land cover class without high-resolution images;
panoramic photos and historical documents on the local
geography were used to validate samples where land cover
classes remained difficult to identify even in the high-
resolution images; and
if needed, additional Internet-based research was con-
ducted in order to reduce uncertainty.

Finally, along with the interpretation of preliminary samples,
we recorded information related to each sample, i.e., land cover

2)

3)

4)
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Visual interpretation of

samples

Panorama photos

Typical high-resolution
images from Google
Earth

Sample distribution map of
1981, 1990, 2000, and 2010

1980s and 1990s

Fig. 2.

class, multiple views of corresponding high-resolution images,
panoramic photos, and spatial location. Then, collaborative de-
cisions were made by nine experts participating in the project to
verify each preliminary sample according to the sample reports.
Only samples on which at least six experts agreed were used for
further analysis.

E. Land Cover Classification

We applied an SVM algorithm to conduct land cover clas-
sification. The SVM is a supervised machine learning algo-
rithm developed on the basis of statistical learning theory [63].
It is extensively applied for classification and regression with
hyper-dimensional space as one of the most stable and efficient
classifiers [64], [65].

The quality of the proposed samples is more suitable for the
nonparametric classification algorithm, which has no require-
ment for samples to have Gaussian distribution [66]. Research
has indicated that, when compared to conventional nonpara-
metric classification algorithms, SVM generates higher accu-
racies [67]. Many studies have also validated the suitability of
the SVM for images with the similar spatial resolution as our
dataset [68], [69].

The procedure of the classification was as follows:

1) the different compositions of the alternative 48 metrics
were processed by normalization, and the principal com-
ponent analysis (PCA) was used to reduce the redundancy
of the metrics;

2) the radial basis function kernel was used as it only requires
two parameters, i.e., penalty parameter C and kernel width
g, and is known to achieve reliable results [70];

Proposed sample selection approach for the proposed land cover classification.

1981 1900
Best C=320g=16.0 Best c=64 g=24.32
Cross validation accuracy=72.11% Cross validation accuracy=80.34%

2010
Best C=128 g=16
Cross validation accuracy=82 23%

2000
Best C=64 g=11.31
Cross validation accuracy=81.27%

(d)

Fig. 3. Proposed parameter selection and cross validation accuracy in 1981
(a), 1990 (b), 2000 (c), and 2010 (d).

3) the grid search approach and cross validation were used
together to find the best C and g by specifying the param-
eter space, the range of C and g, and stopping tolerance;
and

4) the “k-fold cross-validation” method was used to divide
the samples into ten subsets. The advantage was that it
covered every single sample as training and validation
sample, and each one of them was validated once. Af-
ter repeating the cross validation ten times, the average
accuracy value was determined.
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TABLE VI
PERFORMANCE OF DIFFERENT METRIC COMBINATIONS FOR THE PROPOSED LAND COVER CLASSIFICATION

Year Metric combination Best C  Bestg Cross validation accuracy (%) Running time (h)
1981 NDVIs+EVIs 8 13.68 55.89 3.95
NDVIs+EVIs (PCA) 16 128 53.76 2.37
Reflectance+NDVIs+EVIs 32 5.65 68.00 8.51
Reflectance +NDVIs+EVIs (PCA) 90.51 16 67.21 5.38
Reflectance+NDVIs+EVIs+DEM 32 16 72.11 11.34
Reflectance+NDVIs+EVIs+DEM (PCA) 32 8 71.07 5.50
1990  NDVIs+EVIs 16 64 60.23 3.26
NDVIs+EVIs (PCA) 53.18 128 55.58 2.09
Reflectance+NDVIs+EVIs 64 73.65 69.65 6.56
Reflectance +NDVIs+EVIs (PCA) 32 64 69.56 5.79
Reflectance+NDVIs+ EVIs+ DEM 64 24.32 80.34 10.78
Reflectance+NDVIs+EVIs+DEM (PCA) 32 8 79.56 5.68
2000  NDVIs+EVIs 8 128 70.19 3.16
NDVIs+EVIs (PCA) 128 64 68.40 2.823
Reflectance+NDVIs+EVIs 90.51 64 78.96 10.38
Reflectance +NDVIs+EVIs (PCA) 64 15.37 77.54 4.26
Reflectance+NDVIs+EVIs+ DEM 64 11.31 81.27 11.59
Reflectance+NDVIs+EVIs+DEM (PCA) 22.63 11.31 80.59 6.59
2010  NDVIs+EVIs 16 24.18 71.35 3.75
NDVIs+EVIs (PCA) 32 64 69.07 221
Reflectance+NDVIs+EVIs 32 14.36 79.61 9.68
Reflectance +NDVIs+EVIs (PCA) 64 128 76.23 4.67
Reflectance-+ NDVIs+EVIs+DEM 128 16 82.23 10.89
Reflectance+NDVIs+EVIs+DEM (PCA) 64 2.83 81.40 5.67

Parameter optimization was accomplished through a combi-
nation of LibSVM, Python SVM, and Gnuplot tools [71]. The
best values for the parameters in the four phases are marked
in Fig. 3. Each point on the curved surface has a correspond-
ing log2g, log2C, and cross validation accuracy value. Through
the grid-search method, the best C and g were found with the
highest accuracy. The grid search was repeated to test the per-
formance of different compositions of alternative metrics. The
running time, SVM parameters, and cross validation accuracy
of these alternative metrics before and after applying the PCA
are recorded in Table VI. The metric combination of reflectance,
NDVIs, EVIs, and DEM has the highest cross validation accu-
racy in the four phases.

E Classification Improvement

Classification results were improved in two ways. First, the
relative radiometric correction, with no need for original atmo-
spheric parameters, was used to diminish the exogenous error
in different periods. Multitemporal images are not often compa-
rable in terms of radiometric characteristics due to atmospheric
scattering and absorption, changes in the atmospheric condi-
tions, variations in solar illumination conditions, and radiomet-
ric performance. Therefore, in the case of the multitemporal
analysis for change detection, any two datasets must be adjusted
to compensate for radiometric divergence [72].

Second, thematic extraction was used on urban and built-up
class because of the difficulties in identifying subpixels with
urban proportions of less than 75%, which renders it nearly
impossible to extract urban samples from optical satellite images
at a resolution of 5 km. In this study, urban and built-up class
was extracted thematically from the DMSP-OLS nighttime light

data. As shown in our previous work [73], nighttime light and
NDVIdata were subjected to alocal SVM-based region-growing
method to semi-automatically distinguish urban pixels from the
nonurban background in each economic region. The method
effectively weakened the blooming effect of the nighttime light
data. The thematically extracted urban and built-up results were
then resampled to be consistent with the proposed classification
results. Then, we applied the mask of urban and built-up on the
preliminary SVM-based results.

IV. RESULTS
A. Classification Accuracy Assessment

The proposed approach produced land cover maps of China
for 1981, 1990, 2000, and 2010 (see Fig. 4). The classifica-
tion accuracy was estimated by a confusion matrix. The overall
accuracies and Kappa coefficients calculated from 431 valida-
tion samples (2388 pixels) for the ChinaLC maps are listed in
Table VII.

Given the compatible spatial resolutions and classifica-
tion schemes, IGBP-DISCover, UMD, GLC2000, MOD12Q1
2000/2010, and GlobCover 2009 were compared with the Chi-
nalLC dataset [74]. Comparisons were made using the same val-
idation samples, as long as their acquisition phases were close
to the ChinalLC dataset. The ChinalLC dataset has higher overall
accuracy and Kappa coefficient in each period, which validates
the effectiveness of the proposed approach.

The spatial consistency comparison was made in the four
periods by conducting per-pixel comparisons. The pixels with
the same land cover class in different datasets retained their
values, whereas pixels with a different land cover class were
labeled as a disagreement. The overall agreements were 83.68%
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OVERALL ACCURACIES AND KAPPA COEFFICIENTS BETWEEN THE CHINALC

I Evergreen Broadleaf Forests
] Deciduous Needleleaf Forests
I Deciduous Broadleaf Forests

Land cover maps of China in (a) 1981; (b) 1990; (c) 2000; and (d) 2010.

TABLE VII

DATASET AND OTHER LARGE-SCALE LAND COVER DATASETS

Year Land cover Overall Kappa
dataset accuracy (%) coefficient
1981 ChinalL.C 71.72 0.70
1990 ChinaLC 71.94 0.70
1992-1993  IGBP-DISCover 39.80 0.33
1992-1993 UMD 33.00 0.27
2000 ChinaLC 75.60 0.74
2000 GLC2000 51.70 0.46
2000 MODI12Q1 38.10 0.32
2009 GlobCover 42.40 0.36
2010 MOD12Q1 58.83 0.60
2010 ChinaLC 78.91 0.77

Closed Shrublands
Open Shrublands
Woody Savannas
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I Permanent Wetlands

[ Tundra

: : / . - | . : : ] - | \
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Legend
I Evergreen Needleleaf Forests Mixed Forests B Savannas I Urban and Builttup [ Barren

Cropland/Natural [T water Bodies
Vegetation Mosaics [l |rrigated Croplands
[ snow and Ice I Rainfed Croplands

from 1981 to 1990, 84.07% from 1990 to 2000, and 85.61% from
2000 to 2010. The overall agreement of the four periods was
75.48%.

Of the 182 misclassified samples, most belonged to mixed
forest, closed shrubland, savannas, woody savannas, and crop-
land/natural vegetation mosaic. Producer accuracy was lowest
for cropland/natural vegetation mosaic and highest for water
bodies. Savannas had the lowest user accuracy while urban and
built-up and tundra had the highest. Most misclassified (omitted)
samples of cropland/natural vegetation mosaic were transferred
to irrigated cropland. The lower accuracy for cropland/natural
vegetation mosaic was due to confusion between irrigated
cropland, rainfed cropland, and evergreen broadleaf forest,
while most misclassified irrigated cropland were confused with
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Land cover change maps from (a, b) 1981-1990; (c, d) 1990-2000; and (e, f) 2000-2010. (a), (c), and (e) represent the disappeared land cover classes,
while (b), (d), and (f) represent the emerging land cover classes within these three periods. The windows in the lower right-hand corner of the maps show an
enlarged sample area around Hebei Province, denoted on the main maps by red rectangles.
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rainfed cropland. Evergreen needleleaf forest was confused with
the other four forest classes. Closed shrubland was also difficult
to map since most misclassifications led to confusion between
evergreen needleleaf forest and mixed forest.

B. Spatial Analysis of Land Cover Changes

The significant spatial land cover changes were mapped over

the four periods.

1) As shown in Fig. 5(a) and (b), the land cover class with
significant loss was open shrubland in the Junggar Basin
from 1981 to 1990, where most of the open shrubland
changed into grassland. Two classes of croplands in parts
of northeast and eastern China mainly switched from one
to the other, as did the forest (ID 1-5). Vast grassland in the
Inner Mongolian Plateau converted into rainfed cropland.
In the Loess Plateau, closed shrubland partially turned into
grassland. Some forests in the Daxinganling diminished
together with emerging cropland.

2) As shown in Fig. 5(c) and (d), less drastic changes oc-
curred from 1990 to 2000. Partial changes occurred in
most of eastern China, where forest changed into differ-
ent forest or cropland. Similar transitions (from forest to
cropland and from shrub to forest) increasingly occurred
in southeast China. Along the Inner Mongolia Plateau,
some closed shrubland changed into grassland and open
shrubland. Degradation of rainfed cropland also emerged
along the Northern China Plain. Meanwhile, some grass-
land changed into open shrubland along the junction of
Kunlun Mountains and Tarim Basin.

3) As shown in Fig. 5(e) and (f), most changes occurred on
the North China Plain, while the eastern China saw partial
changes. Cropland/natural vegetation mosaic and crop-
land changed into grassland, mainly across central Inner
Mongolia, southern Inner Mongolia, and the junction of
Shaanxi and northwestern Xinjiang. Areas that changed
from mosaic to broadleaf forest (e.g., the return of farm-
land to forest) were mainly situated in Southwest China.

Fig. 6 concludes the classes and amounts of areal change

and ratio change for each period. As shown in Fig. 6(a), the
most significantly areal changes occur in forest (ID 1-5), open
shrubland (ID 7), grassland (ID 10), cropland/natural vegetation
mosaic (ID 14), and cropland (ID 18, 19). There was no signif-
icant areal change in closed shrubland (ID 7), woody savanna
(ID 8), savanna (ID 9), and tundra (ID 12). Among the other
classes, permanent wetland (ID 11) fluctuated every decade. The
open shrubland (ID 7) diminished from 1981 to 1990 before
stabilizing from 1990 to 2000. More areas of open shrubland
diminished from 2000 to 2010. As shown in Fig. 6(b), the ever-
green needleleaf forest (ID 1) has the highest change ratio in the
forest classes. The irrigated cropland (ID 18) has higher change
ratio than rainfed cropland (ID 19) in every decade. The urban
and built-up (ID 13) has the most remarkable gradual increase
of change ratio. Comparatively, the grassland (ID 10), snow and
ice (ID 15), and barren land (ID 16) changed less than 20%.

In order to further examine the land cover changes, the inter-

transformation and changing with urban and built-up of three
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Fig. 6. Changed area (a) and ratio (b) of land cover classes for each period

from 1981 to 2010.

typical land cover classes (i.e., cropland, grassland, and for-
est) were specialized investigated as follows. These changes
were also verified using reference data extracted from higher-
resolution dataset.

1) Cropland: The cropland area has experienced significant
changes since 1981. We combined irrigated and rainfed crop-
land to observe the overall variation patterns. The total area of
cropland underwent a decline, an increase, and then a decline
from 1981 to 2010 but maintained an overall balance over the
30 years (see Fig. 7).

The total area of irrigated cropland showed a reduction trend
from 1981 to 2010, including a decrease of 21% from 1981
to 1990, followed by a 9% increase from 1990 to 2000, and a
further drop of 24% from 2000 to 2010 (see Fig. 8). In contrast,
there was a continuous increase of 0.5%, 8%, and 3% for rainfed
cropland in the three decades (see Fig. 9). The rate of increase
was approximately equal to the inverse of the area change for
irrigated cropland.

From 1981 to 1990, the land cover class with the most dras-
tic changes to or from irrigated cropland was rainfed cropland,
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followed by forest (see Fig. 10). In total, there is a similar area
of irrigated cropland changed to rainfed cropland as the reverse.
More than twice the area of irrigated cropland changed into
forest than the reverse. Grassland and urban and built-up areas
showed small negative area values. From 1990 to 2000, less
area changed from irrigated cropland to rainfed cropland than
the reverse. More forest changed into irrigated cropland and
more irrigated cropland changed into urban and built-up areas
than during the 1980s. From 2000 to 2010, almost the same
area changed between rainfed and irrigated cropland, accompa-
nied by a greater area of irrigated cropland changed into forest
than the reverse. Furthermore, the area of irrigated cropland
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Fig. 9. Total area of rainfed cropland in China from 1981 to 2010.
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Fig. 10. Changed area between irrigated cropland and other land cover classes
(bright green = forest; light green = grassland; red = urban and built-up land;
brown = rainfed cropland) from 1981 to 1990, 1990 to 2000, and 2000 to 2010.
“—" indicates areas in which irrigated cropland changed to other classes. “+”
indicates areas in which other classes changed to irrigated cropland.

that changed to urban and built-up areas was notable, reaching
approximately four times the area during the 1990s [76].

Fig. 11 illustrates the changed area of rainfed cropland. The
area of forest that changed to rainfed cropland was nearly double
of which changed from rainfed cropland to forest from 1981 to
1990. Grassland shows the greatest change from 1990 to 2000.
An increasing amount of grassland changed to rainfed cropland,
while a decreasing area of rainfed cropland changed to grass-
land. The changed area between rainfed cropland and irrigated
cropland remained stable, but the area of rainfed cropland that
changed to forest was more than the forest area that changed to
rainfed cropland. A significant area of urban and built-up land
changed from 2000 to 2010, reflecting rapid urbanization during
this period.

To verify the cropland changes revealed, we compared our
results with those of different studies, with the following
findings:
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Fig. 11. Changed area between rainfed cropland and other land cover classes
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2010. “—" indicates areas in which rainfed cropland changed to other classes.
“+” indicates areas in which other class changed to rain-fed cropland.

1) the 1996 national land survey data and the second national
land survey data show similar cropland areas in 1986 [75];

2) the statistical results from the Ministry of Land and Re-
source of China were referenced from 1996 to 2007.
The result extracted from remote sensing images with
20-30 m spatial resolution (Landsat, CBERS, and HIJ-
1) was also used to indicate the crop area in 2000 [74].
These values fell between the overall cropland areas of
the ChinaLC 1981 and 1990 dataset; and

3) the result of China’s land use/cover datasets based on
Landsat images indicated a raise and drop trend in crop-
land from 1990 to 2000 and from 2000 to 2010 [77].
These trends and increasing areas are all consistent with
the variations observed in the ChinalL.C dataset.

2) Grassland: Generally, the grassland area steadily de-
creased from 1981 to 2000, and then increased slightly from
2000 to 2010 (see Fig. 12), with a reduction rate of 6.05% from
1981 to 2010. However, grassland area slightly recovered from
2000 to 2010.

During the 30 years, the area of grassland that changed to
urban and built-up land increased markedly (see Fig. 13). The
changed area between grassland and forest varied greatly be-
tween different periods. More grassland changed into forest
area than the reverse from 1981 to 1990 and from 2000 to 2010.
In contrast, the area of grassland that changed to rainfed crop-
land was less than the area of rainfed cropland that changed to
grassland from 1981 to 1990 and from 2000 to 2010.

Comparison of our results with other studies gave the follow-
ing results:

1) the long-term trends of grassland biomass conducted us-
ing an NDVI time-series dataset from 1982 to 2003 indi-
cated that grassland area increased in the mid-1980s, but
then decreased until 1998 [78]; and

2) dynamic change in China’s grassland, monitored using
Landsat data [68], showed that the total grassland area
decreased by approximately 80 000 km? from 1995 to
2000 (see Fig. 12).
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3) Forest: We combined the five classes of forest (class ID
1-5) in order to observe the spatial-temporal changes in forest.
The forest area of China increased first from 1981 to 1990, then
sank to the lowest level at 2000, and then increased and reached
the peak at 2010 (see Fig. 14).

The amount of forest area that changed to urban and built-up
land increased rapidly from 1981 to 2010 (see Fig. 15). The
change of forest area to and from rainfed cropland and irrigated
cropland showed opposite patterns. Less forest area changed to
rainfed cropland than to irrigated cropland from 1981 to 1990
and from 2000 to 2010.

Previous research result from the land-use/cover data set
of national resources and environment database illustrated the
overall forest area, and showed an increase from 1985 to 1995
[80]. From 1995 to 2000, the overall area of forest decreased,
with shrubland and sparse forest lost, although there was also an
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increase in dense forest cover. The observed dense forest cover
decrease from 1985 to 1995 was consistent with our result since
the definition of forest class in the ChinalLC dataset did not in-
clude the shrubland class. Excluding the net decrease of sparse
forest and shrubland, the remaining net increase in dense for-
est also agreed with our results of forest changes from 2000 to
2010.

Other studies incorporated MCD12Q1 and NDVI data in or-
der to obtain the NDVI time-series for 500-m resolution forest
coverage calculations from 2001 to 2011. The results indicated
that the forests distribution in China expanded slowly each year
between 2002 and 2011. New forest rose from 10% in 2002 to
44.2% in 2011 [81]. These trends are consistent with our 2000—
2010 observations from the ChinalLC dataset. In summary, the
validation data were broadly consistent with those of the Chi-
nalLC dataset.

1385

V. DISCUSSION
A. Issues Related to Sample Selection

A collection of adequate and representative training and val-
idation samples is the key factor influencing land cover classifi-
cation. In this study, multisource reference data were integrated
to collect samples by visual interpretation and collaborative
decisions from experts, and to obtain a representative and valu-
able decadal sample dataset of the 30 years. At present, GE
has the largest collection of panoramic images for browsing
purposes, which are readily available, time-stamped, and use-
ful when lacking valid visual interpretation of high-resolution
images, as well as for double verification purposes. The sam-
ples used for producing current land cover datasets are far from
abundant and not totally uniformly distributed over China. This
case could also illustrate the low accuracy in some areas of
our datasets. Attempts should be made in the future to use in-
ternational and professional crowdsourcing to collect samples
with well representation in both geographical distribution and
product validation for land cover classes.

B. Metric Determination and Dimension Reduction

Until now, reflectance data, VIs, and DEM are still the main
data source for land cover mapping at global scale in consid-
eration of their responses to different land cover classes. The
reflectance data may be useful for separating classes with dif-
ferent characteristics but not for separating canopy closures. The
VIs are essential for land cover classification. Separation would
be easier using the amplitude of NDVI or EVI. Other environ-
mental information, such as climate and topography data, could
be used as additional features to improve classification accuracy
on a large scale. Moreover, the metrics were mainly designed
based on the vegetation phenology, which resulted in the classes
of grassland, forest, and cropland having better classification
accuracy. However, the representative metrics for classes with
mixed components such as wetland, mixed forest, and crop-
land/natural vegetation mosaic have not been determined yet
and more effective metrics that would help the separation are
needed.

Besides, the data volume, cross validation accuracy, and run-
ning time increased simultaneously as the metrics number in-
creased. We found that the dimension reduction by PCA would
remarkably decrease the running time but the cross validation
accuracy would also decrease slightly. We selected the metrics
without processing by PCA in order to achieve an approximately
2% increase in cross validation accuracy. However, if producing
monthly or seasonal products, the running time or repeatability
would be considered as a more important factor. Thus, the se-
lection of metrics should consider both accuracy and efficiency
of land cover dataset production.

C. Efforts Related to the Improvement of Accuracy

Multiple methods were integrated into the proposed classifi-
cation procedure. The thematic information extraction was used
to identify urban and built-up areas. The SVM was selected for
its ability in dealing with large number of alternative metrics and
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small number of training samples. The optimal classification pa-
rameters were obtained by the cross-validation method, so that
the classifier was robust, consistent, and repeatable in terms
of reference data error and heterogeneous classes. The land
cover classes with a small number of samples (e.g., wetlands,
tundra, closed shrubland, and open shrubland) were classified
with acceptable accuracies and showed reasonable patterns. The
scarcity of typical land cover classes in China (e.g., savanna and
woody savanna) may be a reason for the relative low accuracy.

Moreover, to produce the multiphase datasets, improvements
were made by using the relative reflectance correction to adjust
consistency in the four phases. The spatial consistency of the
ChinaLLC dataset validated the effectiveness of the correction.
Even so, almost every land cover class showed some distur-
bance during the study period, with these disturbances partially
explained by the misclassification of some large area land cover
fluctuations (e.g., cropland/natural vegetation mosaic). The lim-
ited number of representative samples was also responsible for
unusual fluctuations. The lowest overall accuracy of the map
in 1981, which can be explained by the deficiency of compre-
hensive samples than other phases, highlights the importance of
sample representation in land cover classification. By compar-
ing the overall accuracy with other global large-scale land cover
datasets, we see clear increases in accuracy with the ChinaLC
dataset.

D. Possible Drivers for the Land Cover Changes

The possible drivers that explained the land cover changes
can be analyzed in two phases. From 1980 to 2000, there was a
continuous transform from naturalized classes (e.g., grassland,
forest, and rainfed cropland) to human disturbed classes (e.g.,
irrigated cropland, urban and built-up). This can be explained
as an integrated result of 1) land degradation, cropland reclama-
tion, and deforestation; and 2) increasing food and land demands
driven by rapid population growth and fast urbanization. How-
ever, from 2000 to 2010, almost the same area changed between
rainfed and irrigated cropland, but a greater area of irrigated
cropland changed into forest than the reverse. The grassland
area also recovered slightly. This may result from

1) the national “Grain for Green” project in 1999, designed
for the sake of ecological conservation;

2) the national “Return Farmland to Forest” project, designed
to fulfill a huge demand for wood and industrial develop-
ment; and

3) ecological restoration programs implemented by the gov-
ernment to control grassland degradation.

By the analysis of the above-mentioned drivers for the trans-
formation, we found that the national eco-environmental poli-
cies indeed reduced the disappearance rate of original cropland,
and excessive reclamation resulted in the transition of more
grassland and forest into cropland especially from 2000; gen-
erally, human activity (e.g., urbanization) is the major cause of
accelerated landscape changes.

E. Applications of the ChinaLC Dataset

The ChinalLC dataset has been proved to be valid, reasonable,
and reliable after being used as a crucial and fundamental input
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parameter in many studies, including on aerosol transport [82],
precipitation simulations [83], changes in temperature ampli-
tude, and climate variability [84], [85] in eastern Asia or China.
Human influences on seasonal temperature changes in mid- to
high-latitude areas have also been analyzed [86]. Considering
these practical studies, there would be more applications of the
ChinalL.C dataset for the future. Further investigations should
include more detailed analyses of the dynamics related to detri-
mental climate events, land policy, and the physical environment
of China in order to deepen our understanding of land cover
changes in a socio-historical context.

VI. CONCLUSION

The aim of this study is to design a multitemporal classi-
fication chain which enables a standardized, repeatable, and
temporally transferable derivation of land cover information for
national land cover change analysis. The proposed land cover
classification approach was innovative in the following aspects:

1) the 30-year decadal maps were produced at 5-km reso-
lution with improved precision and consistency for the
different phases;

2) the multisource reference data were integrated for visual
interpretation, obtaining a representative decadal sample
dataset of 30 years;

3) considering the response to different land cover classes
and the factors from terrain, the final metrics with the
highest cross validation accuracy were selected from the
alternative metric combinations;

4) for robust, consistent, and repeatable land cover classifi-
cation in terms of reference data error and heterogeneous
classes, the optimal classification parameters were ob-
tained by the cross-validation method; and

5) the improvements were conducted by relative reflectance
correction to adjust consistency for reflectance and VIs in
the four phases.

Analysis results from the ChinalLC dataset indicated that
some land cover classes (e.g., grassland and forest) became frag-
mented and fragile in certain areas and the patterns of change
differed across the 30 years. Vast areas of shrubland diminished
and grassland emerged during the first decade while cropland
displaced forest and grassland. The decadal net loss of forest,
shrubland, and grassland was significantly greater than the net
loss of cropland. Subsequent analysis showed that this pattern
continued into the 2000s. Although national eco-environmental
policies reduced the rate of change of cropland to grassland and
forest area, excessive reclamation resulted in more grassland
and forest area changing into cropland. The eco-environment in
this region is fragile, and extensive human activities may be the
most important reason for accelerated landscape change, some
of which is difficult to restore (e.g., the evolution to barren).
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