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ABSTRACT:

Land cover change information plays an indispensable role in environmental monitoring, climate change research, agricultural planning,
urban development, biodiversity conservation, and natural disaster risk assessment. Recently, the free access of Landsat imagery and
improvement of computation capacity especially supported by Google Earth Engine platform provides great chance in time-series
land-cover change monitoring. We used the stratified land-cover monitoring strategy and time-series Landsat imagery to develop a
novel global 30 m land-cover dynamic product with fine classification system from 1985 to 2022 (GLC_FCS30D). Firstly, we used
the multitemporal classification to generate the time-series impervious surfaces, wetlands and tidal flat products. Then, we proposed
to combine the continuous change detection algorithm and local adaptive updating model to capture the land-cover changes, and to
generate a new global 30 m land-cover dynamic product (impervious surfaces, wetlands and tidal flat types were excluded in this step).
Next, after overlapping the three multitemporal classification products and the time-series dynamical land-cover dataset, the novel
GLC_FCS30D was developed, which contained 35 fine land-cover types. Lastly, using the global 84526 validation points in 2020, the
GLC_FCS30D was validated to show the great performance with an overall accuracy of 80.88%, and had obvious advantages over

other global land-cover products in diversity of land-cover types and mapping accuracy.

1. INTRODUCTION

Land cover and its change information is vital and basic
information in climate-change analysis, ecological environment
assessment, food security research and sustainable development
(Liuet al., 2021; Zhang et al., 2021b; Zhang et al., 2019; Zhang
et al., 2018). Over the last millennium, approximately 3/4 earth’s
land surfaces experienced the land-cover changes (Winkler et al.,
2021). As the global population grows and economic
development demands, this rate of land cover change is
accelerating (Zhang et al., 2024b), which directly caused a series
of ecological and environment issues such as: global warming,
extreme climate, rising sea levels, etc. (Song et al., 2018). Thus,
understanding and quantifying the global land-cover changes and
its temporal dynamic is greatly important in pursuing the
sustainable development goals.

Remote sensing technique, owning to its large-scale and repeated
observations, has been widely used to land-cover mapping and
change monitoring (Chen et al., 2015; Friedl et al., 2010; Wang
et al., 2023; Zhang et al., 2024b). Overall, the land-cover
mapping have made great progresses and continually released a
lot of global land-cover products, ranging from 1km to 10 m,
which provides important support for understanding the current
status of land cover (Ban et al., 2015; Grekousis et al., 2015).
Comparatively, how to accurately capture the land-cover changes
from the multitemporal satellite observations was more difficult,
and the corresponding global land-cover dynamic products are
also sparser. Nowadays, there are two widely used and coarse
land-cover dynamic datasets (MCD12Q1 (Friedl et al., 2010) and
CCI_LC (Defourny et al., 2016)), both of them gave global land-
cover change information every year and spanned the period
more than 20 years. However, the previous work in Song et al.
(2018) demonstrated that the 60% global land-cover changes
associated with human activities, and human-induced changes
were usually fragmented and small. Namely, the coarse global
land-cover dynamic products cannot fulfil the goal of accurately
quantifying the global land-cover changes.

Recently, the improvement of computation capacity and free-
access the medium-resolution satellite imagery (especially for the
open access of Landsat in 2008 (Woodcock et al., 2008)) gave
great opportunity in the high-resolution land-cover change
monitoring. For example, the multitemporal GlobeLand30
products in 2000, 2010 and 2020 were developed by combining
time-series Landsat imagery and POK (pixel- and object-based
methods with knowledge) based method (Chen et al., 2015).
These sparse temporal global land-cover dynamic products can
capture land-cover change details but miss the land-cover change
process and some short-time changes (cropland fallow). So, the
annual land-cover change monitoring has been pursuing and also
generate some products (Friedl et al., 2022; Potapov et al., 2022;
Xianetal., 2022; Yang and Huang, 2021). For example, Friedl et
al. (2022) used all available Landsat observations to generate
annual 30 m maps of global land-cover during 2001-2020
(named as: GLanCE) and achieved good accuracy of 77.0+2.0%.
This dataset is an important milestone because it was the first
global 30 m annual land-cover maps, however, its simple
classification system (containing seven land-cover types) and
lacking of land-cover change information before 2000 might
affect its widespread use.

In this study, we present a novel global 30 m land-cover dynamic
product with fine classification system (named as:
GLC_FCS30D), which contains 35 fine land-cover types, covers
the long periods from 1985 to 2022 with 26 time-steps (1985,
1990, 1995, 2000, 2001, 2002, ..., 2021, 2022). The 5-years
updating cycle before 2000 is because the sparse availability of
Landsat imagery (Roy et al., 2014). The goal of the study is to
describe the basic principle of the methods, the performance of
data products and the land-cover change analysis of
GLC_FCS30D, while the specific details can be followed at
corresponding data description articles.

2. METHODS

We used the stratified land-cover monitoring strategy and time-
series Landsat imagery to develop a novel global 30 m land-cover
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dynamic product with fine classification system from 1985 to
2022 (GLC_FCsS30D). Figure 1 illustrates the main flow of how
to generate the GLC_FCS30D land-cover change monitoring
datasets. It can be found that three multi-temporal thematic
products (including, impervious surfaces, wetlands and tidal flats)
are indepdentently developed (the land covers were independtly
classified for each epoch). Then, we used the continuous change-
detection algorithm and full time-series Landsat observations to
generate the long time-series land-cover dynamic dataset for othe
land cover types. Finally, we combined the three multi-temporal
thematic products and the long time-series land-cover dynamic
dataset to create the comprehensive GLC_FCS30D.

GIS30 GWL_FCS30 GTF30 GLC_FCS30
2015 2020 2020 2015
GIS30D GWL_FCS30D GTF30D CCD algorithm
1985-2020 1985-2022 1985-2022 +
Landsat 1985-2022
GLC_FCS30D
1985-2022

Figure 1. The main flow of how to generate the GLC_FCS30D
dataset.

2.1 GISD30: the global 30 m impervious surface dynamic
products

The impervious surface is independently developed because it is
a human-induced land-cover type and spatial fragmented and
spectral heterogeneity (Zhang et al., 2021a; Zhang et al., 2020).
Although a lot of works have been paid to capture impervious
surface expansion, most works concentrated on the urban areas,
that is, the small and fragmented rural areas usually suffered the
obvious omission and commission errors (Wang et al., 2022). To
accurately capture global impervious surface dynamics and solve
the problem of collecting training samples, we proposed a novel
automated monitoring strategy for capturing impervious surface
dynamics.

Specifically, we assumed that the land-cover conversion from
natural surfaces to impervious surface is irreversible, and then
derived the pervious surfaces and impervious surfaces training
samples in 2020 from several existing impervious surface
products (GAIA (Gong et al., 2020), GHSL (Florczyk et al.,
2019), GlobeLand30 (Chen et al., 2015) and GLC_FCS30
(Zhang et al., 2021b)) after applying the refinement rules.
Afterwards, we directly migrated the pervious surfaces training
samples according to the irreversible assumption and
simultaneously spectrally generalized impervious surface
reflectance spectra in 2020 to other periods after radiometric
normalization. Next, combining the generalized reflectance
spectra of impervious surfaces and migrated pervious surface
samples, the local adaptive random forest classification models
were trained and the spatiotemporal consistency optimization
algorithm was applied to develop the time-series impervious
surface products (Zhang et al., 2022a).

In terms of the quality of GISD30, it was validated in the previous
work in Zhang et al. (2022a) using 23322 globally distributed
ground-truths samples with an overall accuracy of 90.1% and a
kappa coefficient of 0.865, which were higher than other global
30 m impervious surface products. Meanwhile, the qualitative
comparisons with other datasets also explained the superiority of
the GISD30 in capturing the spatiotemporal dynamic of

impervious surfaces in complex landscapes such as: rural areas,
cloud-contamination tropical areas.

2.2 GWL_FCS30D: the global 30 m wetland dynamic
products

Due to the serious spectral heterogeneity and quick temporal
variations, there was great uncertainty in wetland mapping and
dynamic monitoring (Pekel et al., 2016; Zhang et al., 2023b).
More attentions were paid on the single wetland analysis (water
body, mangrove forest, tidal flats) (Hu et al., 2017), and still
lacking the comprehensive global 30 m wetland maps. Several
open-access coarse wetland products still have significant
differences in global wetland area (Guo et al., 2017), that is, the
estimation of global wetlands is still challenging and necessary.
To quantify the spatial distribution of global 30 m wetlands, we
also develop a novel global 30 m wetland dynamic products
(named as: GWL_FCS30D).

Table 1. The description of fine wetland classification system
came from work of Zhang et al. (2023b).

Category I Category 11 Description

T'he forest or shrubs which grow in the coastal

Mangrove blackish or saline water
Tidal Salt marsh Herbaceous vegetation (grasses, herbs and low
wetland shrubs) in the upper coastal intertidal zone
Tidal flat The flooded zones between the coastal high and
low tide levels including mudflats and sandflats,
Swamp The forest or shrubs which grow in the inland
freshwater
Marsh Herbaceous vegetation (grasses, herbs and low
shrubs) grows in the freshwater
Inland Flooded  The non-vegetated flooded areas along the rivers
wetland flat and lakes
Saline Characterized by saline soils and halophytic (salt
tolerant) plant species along saline lakes
Permanent

Lakes, rivers and streams that are always flooded
water

Table 1 gave the description of the fine wetland classification
system in the GWL_FCS30D, which contained two level-1
groups (inland wetland and coastal wetland), and further divided
into 5 inland subcategories (swamp, marsh, flooded flat, saline
and permanent water) and 3 coastal subcategories (mangrove,
salt marsh and tidal flat) (Zhang et al., 2023Db).

One of the biggest challenge in wetland mapping is how to collect
the globally distributed training samples. To solve the problem,
we proposed to make full use of these open-access global wetland
products, and combine the visual interpretation, expert prior
knowledge and some refinement rules to generate high-
confidence training samples. Then, we generate the highest and
lowest water-levels and phenological features from time-series
Landsat and Sentinel-1 observations, and further adopted the
stratified classification strategy and local adaptive classifications
to develop the coastal wetland and inland wetland maps.

Using the globally distributed and confident training samples,
multisourced and time-series satellite imagery, and stratified
classification strategy, we characterize the 1985-2022 wetland
dynamics at 30 m resolution (Zhang et al., 2024a). To ensure the
spatiotemporal consistency of the GWL_FCS30D, the temporal
consistency optimization algorithm, benefiting from the
spatiotemporal pixels, to remove the ‘salt and pepper’ noise
caused by the pixel-based classification in each wetland map.

In terms of the accuracy metrics of the GWL_FCS30D wetland
maps, we firstly collected a total of 25708 validation points
(including 15151 wetland points and 10558 non-wetland points)
by integrating high-resolution imagery, time-series Landsat
observations (auxiliary dataset) and visual interpretation. Then,
the GWL_FCS30D was validated, giving an overall accuracy of
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86.9540.44% and a kappa coefficient of 0.822. Meanwhile, using
the third-party time-series validation datasets (LCMAP(Stehman
et al., 2012) and LUCAS (d'Andrimont et al., 2020)), our
GWL_FCS30D also showed great stability in the producer’s and

user’s accuracies (P.A. and U.A.), with an U.A. of 88.98%-90.52%

in LCMAP dataset and 84.67%-85.71% in LUCAS dataset.
(Zhang et al., 2024a).

2.3 GTF30D: the global 30 m tidal flat products

Tidal flat, as a special coastal wetland subcategory, was defined
as the tidal flooding zones during the high and low tides of a
coastal spring tide (Dyer et al., 2000). The tidal flats affected the
daily tide variations, thus, how to accurately capture tidal flats’
distribution and dynamic is also difficult. Although Murray et al.
(2019) and Murray et al. (2022) proposed the classification-based
method to generate the global 30 m tidal flat products, however,
they cannot cover the high latitude areas in the Northern
Hemisphere (>60°=N) and were analyzed to suffer commission
error (Jia et al., 2021; Zhang et al., 2022b). To characterize the
global tidal flats (also covering the >60°N areas), we proposed
an automated tidal flat mapping method by combining the lowest
and highest tide information (Zhang et al., 2023a).

Specifically, we analyzed the spectra sensitivity of water body,
tidal flats and inlands, and proposed a novel low tide index (hame
as: LTidel), which was demonstrated to be more robust and
accurate in capturing the low tides from time-series satellite
imagery. Then, we composited the lowest and highest tide
information using the proposed LTidel index and time-series
Landsat imagery to generate the potential tidal flat areas after
using the Ostu algorithm (Otsu, 1979), and further import the
prior tidal flat products and refinement rules to generate a
globally distributed tidal flat training sample pool. Afterwards,
the local adaptive random forest classifier at each 5°X 5°
geographical tile (global coast was split into 588 tiles) was
independently trained using the regional training samples and
multi-temporal tide-level features. Finally, the time-series global
30 m tidal flat maps were generated, and the temporal changes of
tidal flats were also captured (Zhang et al., 2023a).

In order to analyse the performance of GTF30D, a globally
distributed validation dataset including 6,828 tidal flat points and
7,166 non-tidal flat points were collected. The overall accuracy
and kappa coefficient metrics were calculated from the confusion
matrix, and reached 90.34% and 0.807, respectively. Meanwhile,
the cross-comparisons with other national and global tidal flat
products also indicated that the GTF30D can be more accurate in
capturing the tidal flats and supressing the commission error
(Zhang et al., 2023a).

2.4 Monitoring global land-cover changes from continuous
Landsat observations

In terms of the remaining land-cover changes, we proposed to use
the continuous change detection (CCD, (Zhu and Woodcock,
2014; Zhu et al., 2012) to capture the time-points of land-cover
changes. The key-point of CCD is to fit the time-series
observations into two components: trend term, seasonal term as
following equation:

pl,t) =ag;+ ¢ Xt+ YR (ak_,v X cos (Zan t) + by X sin (%t))
Where the harmonic terms represented the seasonal variations,

and the order of n was determined by the number of valid
Landsat observations, and usually selected as 3 (Xian et al., 2022).

Using the CCD continuous land-cover change detection method,
we can identify the temporal stable areas and the time-points of

changed areas. As previous studies have demonstrated that the
spatiotemporal stable areas usually achieved the higher
accuracies (Radoux et al., 2014; Zhang and Roy, 2017), we
further generate the spatiotemporal stable training samples from
the temporal stable areas. Afterwards, we combined the
phenological and texture features to train the random forest
models at each 5°X5<global land surfaces was split into 961
tiles) and then combine the changed information (deriving from
CCD algorithm) to update their land-cover information (Zhang et
al., 2024b).

To improve rationality of time-series land-cover changes, the
spatiotemporal optimization algorithm was still necessary to
supress the ‘salt-and pepper’ noisy caused by the pixel-based
classifications. In the GLC_FCS30D products, the
spatiotemporal homogeneity was calculated for each changed
pixel in the local window of 3X3X3 (Zhang et al., 2024b). It
should be noted that the GLC_FCS30D, only applying the change
detection and dynamic updating, didn’t contain impervious
surface, wetland and tidal flat, thus, we needed to further overlay
the GISD30, GWL_FCS30D and GTF30D into the
GLC_FCS30D according to their definitions.

2.5 The validation of GLC_FCS30D dynamic products

Quantifying the performance of GLC_FCS30D was also an
indispensable step, we collected a globally distributed validation
datasets (name as: SRS_Val) (Zhao et al., 2023). It used the
stratified random sampling strategy to increase the sample size in
the heterogeneity areas and rare land-cover types, and collected
by combining the visual interpretation, quality-controlling and
multisourced auxiliary datasets based on the Google Earth
Engine platform (https://eliza-
ting.users.earthengine.app/view/crd-vit). It contained 84526
validation points at 17 fine land-cover types for the basic year of
2020.
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Figure 2. The spatial distribution of SRS_Val validation dataset
in 2020, which came from our previous work in Zhao et al. (2023).

In terms of the accuracy metrics, four classical metrics, came
from the confusion matrix, were calculated including: overall
accuracy and kappa coefficient (measuring the comprehensive
performance between the map and reference data), user’s
accuracy (measuring the omission error of each land-cover type)
and producer’s accuracy (measuring the commission error of
each land-cover type) (Olofsson et al., 2014).
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3. RESULTS

3.1 The overview of GLC_FCS30D land-cover dynamic
maps

Figure 3 illustrates the schematic diagram of the GLC_FCS30D
during 1985-2022, and two enlargements gave the land-cover
changes in two typical areas, in which experienced obvious
deforestation (Amazon rainforest area) and urban expansion
(China’s Yangtze River Delta). Overall, the GLC_FCS30D
accurately captured the global land-cover distributions (left
figure), that is, the dominated land-cover types were forest,
cropland, bare land and grassland, and the permanent snow and
ice mainly distributed on the Greenland and high altitude
mountains. In terms of capturing land-cover changes, the obvious
deforestations in the Amazon rainforest were clearly captured in
the GLC_FCS30D, especially during 2000-2010 (right figure).
Similarly, the rapid urban expansion during 2000-2010 in the
Yangtze River Delta was also revealed in our GLC_FCS30D
dataset.

2
2!

Figure 3. ‘The schematic diagram of the GLC_FCS30D from
1985-2022.

3.2 Quantifying the accuracy of GLC_FCS30D products

Table 2 gives the quantitative accuracy metrics of GLC_FCS30D
using the SRS_Val dataset in 2020. Overall, the GLC_FCS30D
reached the overall accuracy of 80.8840.27%. In terms of the
specific land-cover type, the GLC_FCS30D achieved the higher
accuracy in the cropland, forest, water body, permanent snow and
ice and impervious surface and because 1) the former four types
owned the obvious unique spectra characteristics or were the
dominated land-cover types over the globe; 2) impervious
surfaces were independently developed in the work of Zhang et
al. (2022a). Comparatively, the grassland, shrubland and bare
land had lower accuracies because they usually distributed on the
semi-arid or arid areas, and there were confusions between them
due to their similar spectra or the co-existence relationships
(Zhang et al., 2024b).

Using the SRS_Val validation datset, we further calculated the
accuracy metrics of six widely used global land-cover products
(GlobeLand30 (Chen et al., 2015), FROM_GLC30 (Gong et al.,
2013), GLC_FCS30 (Zhang et al., 2021b), FROM_GLC10
(Gong et al., 2019), ESA World Cover (Zanaga et al., 2021) and
ESRI Land Cover (Karra et al., 2021)) in Figure 4. Overall, the
GLC_FCS30 reached the highest overall accuracy, followed by
the ESA World Cover, GlobeLand30, FROM_GLC10,
FROM_GLC30 and ESRI Land Cover (Zhao et al., 2023). In
terms of the producer’s and user’s accuracy, six products
performed similar accuracies in most land-cover types, that is,
performing better in forest, water body, snow and ice, while
suffering poor porformance in wetland, shrubland and grassland.
It should be note that the ESRI Land Cover product performed
the worst in six products because it overestimated the grassland
and bare land into the shrubland, so the producer’s accuracuy of
grassland and bare land in ESRI LC was obviously lower than

other products. It should be noted that the Dynamic World
(Brown et al., 2022) was excluded in the comparison because it
was a near real-time dataset, that is, its performance was affected
by the compositing method (synthesizing real-time dataset into
the intra-annual products).

Table 2. The confusion matrix of GLC_FCS30D products
against the SRS_Val validation dataset in 2020. The unit of the
values in the table is percentage.

CRP FST GRS SHR WET WTR TUD IMP BAL PSI Total P.A.(SE)
CRP 1544 079 0.68 039 0.09 003 000 017 0.12 0.00 17.70 87.2(0.54)
FST 051 2871 032 0.81 037 0.02 001 006 011 0.00 3093 92.8(0.31)
GRS 104 117 591 118 023 001 0.08 0.05 118 0.01 10.86 54.4(1.02)
SHR 056 1.80 0.86 539 016 001 002 005 050 000 936 57.6(1.09)
WET 0.07 047 0.6 0.16 405 035 003 002 022 0.00 552 73.4(1.27)
WTR 0.04 009 002 002 030 331 001 001 0.04 0.00 3.83 86.3(1.12)
TUD 001 012 0.17 017 002 0.03 244 0.00 047 002 345 70.8(1.65)
IMP 008 006 002 004 000 001 0.00 504 0.02 0.00 528 955(0.61)
BAL 0.13 005 078 059 004 005 058 0.05 924 013 11.63 79.5(0.80)
PSI 000 0.00 003 001 000 002 000 0.00 0.03 135 144 93.6(1.38)
Total 17.88 3325 894 874 526 3.83 3.8 546 1194 152
U.A. 8638 86.35 66.05 61.68 76.96 86.33 76.97 92.29 77.38 88.89
(SE) -0.55 -0.40 -1.07 -1.11 -120 -1.35 -1.60 -0.77 -0.82 -1.72
O.A. 80.88% (40.27%)

Note: CRP: cropland, FST: forest, GRS: grassland, SHR:
shrubland, WET: wetland, WTR: water body, TUD: tundra, IMP:
impervious surface, BAL: bare land, PSI: permanent ice and
snow, P.A.: producer’s accuracy, U.A.: user’s accuracy, SE:
standard error.
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Figure 4. The accuracy metrics of six global 10 m/30 m land-
cover products using the SRS_Val dataset.
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Figure 5. The time-series accuracy variations (producer’s
accuracy and user’s accuracy) of GLC_FCS30D based on the
LUCAS validation datasets.
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Figure 5 illustrates the time-series accuracy variations using the
LUCAS validation datasets, which was open-access and the
largest validation dataset (containing 1090863 points) over the
European Union during the period of 2006-2018 (d'Andrimont et
al., 2020; Gao et al., 2020). Overall, the GLC_FCS30D achieved
the stable performance on the temporal variations, and performed
better over the forest, cropland and water-body (dominated land-
cover types in the European Union), and suffered the lower P.A.
or U.A. in some sparse land-cover types including: shrubland,
grassland and bare land because of their complicated spectral
characteristics and small size of validation point in the LUCAS.
Similarly, our previous studies in Gao et al. (2020) also
emphasized that the GLC_FCS30, FROM_GLC and
GlobeLand30 (three widely used global land-cover products)
achieved the higher accuracy in the dominated land-cover types,
while suffered the commission or omission errors in the sparse
land-cover types.

3.3 Analysis of global
GLC_FCS30D products

land-cover changes from the

Figure 6 presents the net area change of 10 major land-cover
types in the GLC_FCS30D during 1985-2022. Intuitively, the
most obvious characteristics of global land-cover change was the
loss of forest and gain of cropland. The total loss of forest area
reached 2.5 million km?, while the gain of cropland area was 1.3
million km?, which was consistent with the actual land-cover
condition. Namely, a large amount of tropical rainforests were
deforested to the cropland for fulfilling the growing demand for
food (Potapov et al., 2021). Meanwhile, part of deforested forest
was converted into the shrubland with increasement of 0.4
million km?,

20
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Figure 6. The gain and loss of 10 major land-cover types in
GLC_FCS30D during 1985-2022, details were also given in
Zhang et al. (2024b).

4. CONCLUSION AND PERSPECTIVE

Quantifying global land-cover changes at 30 m is important and
necessary to analyse how human activities affect the global land
surfaces. In this study, we proposed to stratify land surfaces into
three thematic types (impervious surface, wetland and tidal flat)
and other land-cover types, and then used the automated
multitemporal classification methods to generate the time-series
GISD30, GWL_FCS30D and GTF30D thematic products.
Meanwhile, we combined the continuous change detection
algorithm and local adaptive updating method to capture and
update these land-cover changed areas. Next, after integrating the
thematic products and the continuous change monitoring
products, the novel GLC_FCS30D land-cover dynamic dataset
was generated, which contained 35 fine land-cover types and
spanned the period of 1985-2022. The accuracy assessment
indicated that the GLC_FCS30D reached the overall accuracy of
80.88%, which meant that the developed GLC_FCS30D products
can provide important data support in global climate change,
biodiversity protection, and sustainable development goals. It

should be noted that the GLC_FCS30D is also open access via:
https://doi.org/10.5281/zenodo.8239305.

Combining stratified land-cover monitoring strategy and
continuous change detection algorithm, we generate the first
global 30 m fine land-cover dynamic products (GLC_FCS30D).
It should be noted that a series of measures have been taken to
guarantee the high quality of GLC_FCS30D, including
continuous change detection, local adaptive modelling and
spatiotemporal optimization. However, there were still several
uncertainties: 1) the confidence of continuous change detection
algorithm was affected the number of clear-sky Landsat imagery,
that is, the land-cover changed accuracy before 2000 was lower
than that after 2000. 2) The errors in the continuous change
detection models might transform into the latter land-cover
updating. We used the spatiotemporal optimization algorithm to
minimize these transformed errors, but the residual effects still
should be taken seriously. 3) The uncertainties in thematic land-
cover change products (impervious surfaces, wetlands and tidal
flats) also affected the accuracy of GLC_FCS30D because we
overlap them into the GLC_FCS30D.

To further improve quality of the GLC_FCS30D, our further
works would concentrate on: 1) integrating multisourced remote
sensing data to achieve the annul land-cover change before 2000;
2) breaking through the land-cover change detection method for
capturing the gradient-change processes (such as: forest
degradation (Chen et al., 2023; Matricardi et al., 2020),
afforestation or recovery); 3) clarifying the driver factors of land-
cover changes for suppressing some natural-driven multiply
changes, for example, the mutual transformation of grass, bare
land and sparse vegetation in the semiarid/arid areas because of
the differences in annual precipitation; 4) generating a time-series
global validation dataset for comprehensively quantifying the
accuracy metrics of GLC_FCS30D in capturing the land-cover
changes.
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