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1. Introduction

Land-coverdataare importantandnecessaryfor supportingsustainabledevelopmentgoals, maintainingbiodiversity,

andmonitoringnaturalresources.

Fine-resolution land-cover monitoring at theregionalor globalscaleis regardedasan importantscientificgoal,while

it is usuallytime-consumingandinvolvesa lot of manualparticipation.



1. Introduction

Over pastdecades,the quickly developmentof remotesensingtechniquesaswell asstorageandcomputationcapabilities,the global

land-cover mapping makesgreat progresses, a seriesof global land-coverproductshavebeencontinuouslyreleasedrangingfrom

1km~10m. Theoverall developmenttrend is from low resolution to high resolution andfrom single-epochland-cover mapping to

time-seriesland-coverchangemonitoring .

Data source Resolution Update frequency Classificationsystem Time period

IGBP-Discover NOAA AVHRR 1km One-epoch IGBP (17 classes) 1992.04-1993.03

UMD NOAA AVHRR 1km One-epoch IGBP (14classes) 1992.04-1993.03

GLC2000 SPOTVGT 1km One-epoch LCCS (22 classes) 1999.11-2000.12

GLCNMO MODIS TerraandAqua 500m Two-epochs LCCS (20 classes) 2008ɻ2013

MCD12Q1 MODIS TerraandAqua 500m Annual IGBP (17 classes) 2001.01-present

GlobCover MERISSPOTVGT 300m Two-epochs LCCS (22 classes) 2005 and2009

ESACCI_LC MERISSPOTVGT 300m Annual LCCS (22classes) 1992.01-2015.12 (annual)

FROM_GLC 30 LandsatTM/ ETM+ 30m Three-epochs 10classes/26 classes 2013ɻ2015ɻ2017

GlobeLand30 LandsatTM/ ETM+, HJ-1 30m Two-epochs 10classes 2000ɻ2010ɻ2020

GLC_FCS30 LandsatTM/ETM+/OLI 30m Six-epochs 29classes 1985-2020(5yearinterval)

FROM_GLC 10 Sentinel-2 10m One-epoch 10classes 2017  



1. Introduction

There is hugeuncertainty in the understanding of global land coverchanges. 

Winkler, K., et al. (2021). Global land use changes are four times greater than previously

estimated . Nature Communications , 12, 2501

Therearegreatdifferencesbetweendifferent monitoringdatasets. Winkler et al. quantitativelycalculated

theglobalannualtotal landusechangearearangingfrom 0.249× 106 km2 (ESACCI product)to 1.123× 106

km2 (NASA MCD12Q1 product).



1. Introduction

There is great uncertainty in the total amount and changeof global forest cover.

Chen et al. (2020 RS) quantitatively analyzed the total global forest change area of six products from 2001 to 

2012, ranging from a decrease of 1.6× 106 km2 (UMD GLAD Forest product) to an increase of 1.7× 106 km2 

(Vegetation Continuous Fields product).

Chen, H., Zeng, Z., Wu, J., et al. (2020). 

Large uncertainty on forest area change in the 

early 21st century among widely used global 

land cover datasets.Remote Sensing, 12(21), 

3502.



1. Introduction

Å The Landsat series: long-term data record(50years), higher spatial resolution (30-60m), free approach(USGS,

CEODE). NASA fundedsomeLandsatreflectanceproductionproject: LEDAPSandWELD.

Å Cloud computing platform , representedby GoogleEarthEngine, liberatesissuessuchasdatacollectionandpre-

processing,andalsoprovidesacomputingandstorageplatform.

Challenge: canwe reconstructthehistoryof globallandcoverfrom long time-seriesLandsatstacks?



Contents

1. Introduction

2. Quantitative pre-processing for time-series Landsat imagery

3. Forest disturbance monitoring and biomass mapping 

4. GLC_FCS30: GLC with fine classification system at 30 m

5. GLC_FCS30D: global land-cover change monitoring during 1985-2022

6. Global land-cover change analysis and applications using GLC_FCS30D



Surface reflectance is a necessary product for quantitative remote sensing, especially in the long-term or 

large-area land cover monitoring with multiple remote sensors

2. Quantitative pre-processing for Landsat imagery

Background

Surface reflectance is the basis of surface parameters 

inversion:

VISȁBRDF/Albedoȁ
FAPRȁGPP/NPPéé

Surface reflectance is the basis for developing  remote 

sensing model:

Forest change monitoring,

Water quality monitoring,

Crop growth monitoringéé.



2. Quantitative pre-processing for Landsat imagery

TheLandsatseries: long-termdatarecord(40years),higherspatialresolution(30-60m), freeapproach(USGS,

CEODE)

NASA fundedsomeLandsatreflectanceproductionproject: LEDAPSandWELD

Background



2. Quantitative pre-processing for Landsat imagery

Flowchart of quantitative pre-processing ð Flowchart

Å Dueto thescatteringandabsorptionof atmosphere,thereflectancesensedby thesensors(TOA SR)cannotbeequated

with thesurfacereflectance(BOA SR);

Å As variancesof slopeand aspectcausethe variation in observedreflectancefor similar targets,the SR imageryin

terrainareasneedto betopographicallycorrected.



2. Quantitative pre-processing for Landsat imagery

Topographical correction ð Theoretical basis

Topographiccorrectionis animportantstepin thepre-processingof fine-resolutionremotesensingimages. It

includescompensationfor differencesin solarirradianceandminimizesthevariationin observedreflectance

for similar targetswith differentslopeandaspect.

” ‗ ” ‗
ÃÏÓʃ ὧ‗

ÃÏÓὭ ὧ‗

” is thecorrectedreflectanceobservedfor a horizontalsurface,” is thereflectanceobservedoversloping

terrain,ʃ is thesolarzenithangle,Ὥis therelativesolarincidenceangleandὧis thecorrectioncoefficient:

ÃÏÓὭ ÃÏÓʃ ÃÏÓʃ ÓÉÎʃ ÓÉÎʃ ÃÏÓʒ ʒ

where ʃ is the slope angle, ʒ is the aspect angle and ʒ is the azimuth angle. ʃ and ʃ are derivationsof the Digital 

Elevation Model (DEM). The correction coefficient, c, is a wavelength-dependent variable and is derived from a semi-

empirical function:

ʍ‗ ὥ ÃÏÓὭ ὦ

where Ã ÂȾÁ, ὥis theslope and ὦis the intercept of the linear relationship between the SR and the relative solar 

incidence angle



2. Quantitative pre-processing for Landsat imagery

Topographical correction ð Results

The comparison indicated that the topographical correction could efficiently remove the radiometric 

difference caused by the terrain slope. 

A
ft
e

r 
c
o

rr
e

c
ti
o

n
B

e
fo

re
 c

o
rre

c
tio

n



2. Quantitative pre-processing for Landsat imagery

Atmospheric correction ð Theoretic basis

Radiativetransferprocessbetween

surfacereflectance” and as-

sensorreflectance”

Atmospheric effects: 

Scatteringand absorption

” =”

These unknown parametersare

decided by the atmospheric

components(aerosol,watervapor

andozone).



2. Quantitative pre-processing for Landsat imagery

Atmospheric correction using MODIS products and 6S model 

Synchronization:
LandsatTM/ETM+/OLI and MODIS Terra sensorssharethe samepolar orbit, with Landsatobservationsoccurring

approximately0.5h beforeMODIS observations;

Atmospheric products:
MODIS could provide high resolution( 0.05 degree)and accurateatmosphericproducts including AOTȁWV and

OZONE.



2. Quantitative pre-processing for Landsat imagery

Atmospheric correction using MODIS products and 6S model 

Step1: interpolation of MODIS products;

Step2: building look-up table between

atmospheric products between correction

coefficientsusing6Smodel;

Step3: per-pixel atmosphericcorrectionusing

look-up tables and the aerosoloptical depth

product.

Hu, Y., Liu, L., Liu, L., Peng, D., Jiao, Q., & Zhang, H. (2014). A Landsat-5 atmospheric correction based on 

MODIS atmosphere products and 6S model. IEEE Journal of Selected Topics in Applied Earth Observations 

and Remote Sensing, 7(5), 1609-1615.



2. Quantitative pre-processing for Landsat imagery

Kriging interpolation for MODIS atmospheric products

Aerosol optical depth Water vapor Total ozone
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MODIS atmosphericproductssuffertheproblemof missingdataespeciallyfor aerosolopticaldepthproduct,

sowe firstly neededto interpolatethesemissingdatausingthekriging method.



2. Quantitative pre-processing for Landsat imagery

Visual comparison of the effects of atmospheric correction

BOA TOA

BOA

TOA

Yulin̔2011\06\20



2. Quantitative pre-processing for Landsat imagery

Atmospheric correction ð Results

TOA BOA

Figure (a). TOA reflectance displayed with true-color composite of China in 2013. 

(b). Surface reflectance displayed with true-color using the same contrast stretch as (a)

Wang Y, Liu L, Hu Y, et al. Development and validation of the Landsat-8 surface reflectance products using a

MODIS-based per-pixel atmospheric correction method[J]. IJRS, 2016, 37(6): 1291-1314.



2. Quantitative pre-processing for Landsat imagery

Cross-validation using MODIS daily products (MOD09A1)

The RADI SR (producedby the proposedmethod)is greatly consistentwith MODIS daily SR product

(MOD09A1) with ameanR2 of 0.93andanRMSEof 0.023.



2. Quantitative pre-processing for Landsat imagery

Cross-validation using Landsat SR provided by USGS

TheRADI SR(producedby theproposedmethod)is greatlyconsistentwith USGSSRproductwith a mean

R2 of 0.97andanRMSEof 0.01.



2. Quantitative pre-processing for Landsat imagery

Relative correction ð Radiometric normalization 

Question

Å Landsat long time-series imagery (1972-now);

Å TheMODIS-basedatmosphericcorrectionmethodis only suitablefor Landsatimageryafter2000becauseof thelack

of MODIS atmosphereproductsbefore2000;

Å How to guaranteetheradiometricaccuracyfor long time seriesLandsatimagery?

Atmospheric correction

After 2000

Radiometric normalization 

Before 2000

Long time-series surface 

reflectance=+

Solve method



2. Quantitative pre-processing for Landsat imagery

Radiometric normalization ð Flowchart

The key of radiometricnormalizationmethod

is to usethe correctedSR imageryafter 2000

as referenceto normalize the Landsatimage

before2000accordingto theimagingdate.

Liu, L., et al. (2013). Mapping afforestation and deforestation from 1974 to 2012 using Landsat time-series 

stacks in Yulin District, a key region of the Three-North Shelter region, China. Environmental monitoring and 

assessment, 185(12), 9949-9965.



2. Quantitative pre-processing for Landsat imagery

1.  A multivariate alteration detection transformation was used to select the ñno-changeò pixels between 

reference image and target image,

2.  using the ñno-changeò pixels, the relative radiometric normalization coefficients was determined based on 

orthogonal linear regression ,

3.  the coefficients were applied to normalize the target image

Radiometric normalization ð Method

scatterplots of ñno-changeò pixels, X-axis is target image, Y-axis is reference image 



2. Quantitative pre-processing for Landsat imagery

Radiometric normalization ð Results

Mosaic of reference and subject

images. The left is a mosaic of

original TOA reflectanceimages,and

the right is a mosaic of reference

reflectance image and normalized

images which displayed with same

stretch parameters as left. RGB

composite: R (band3), G (band2), B

(band1).

HU, Y., LIU, L., CACCETTA, P., & JIAO, Q. (2015). Landsat time-series land cover mapping with spectral 

signature extension method. Journal of Remote sensing, 19 (4), 639-656.



2. Quantitative pre-processing for Landsat imagery

Landsat datacube(Global 3-level land grid)

1) Theacross-tracksceneoverlapdistanceincreaseasthelatitudeincreases;

2) The global grid wasdefinedin an equalareaprojectionto ensurethat the surfaceareasensedby each

Landsatacquisitionwassampledwith thesamespatialgrid density.

Therefore,in orderto improvetheLandsatuseefficiency,we shouldabandontraditionalstoragepatternwith

thesceneasthemanagementunit.

The sinusoidalequalareaprojectionwasusedasit providesa global uninterruptedprojection. The grid spacing

wassetsufficiently small to capturethevariablegeographiclocationandextentof Landsatacquisitionsandscene

overlapimposedby theLandsatsensorandorbit geometry(KovalskyyandRoy,2013).

Kovalskyy, V. and D. P. Roy (2013). "The global availability of Landsat 5 TM and Landsat 7 ETM+ land surface

observations and implications for global 30m Landsat data product generation." Remote Sensing of

Environment 130: 280-293.



2. Quantitative pre-processing for Landsat imagery

Landsat datacube(Global 3-level land grid)

The grid is defined in the sinusoidal equal area projection and is composed of 6,138,864 land grid grids

spaced every 5.559752 km in the X and Y axes of the sinusoidal coordinate system

Minimum land grid naming rule: LTS_Ref_hh26vv05h3v4_p17r23_2015243.dat



2. Quantitative pre-processing for Landsat imagery

Landsat datacube(Global 3-level land grid)

5295 5295 

30m pixels

Level-1 land grid:  the grids are 10 degrees by 10 degrees at the equator (MODIS)

Level-2 land grid: there are

7× 7 Level-2 grids within

each Level-1 land grid

(GWELD)

Level-3 land grid: the grid is defined in the sinusoidalequal areaprojection and

spacedevery5.559752km in theX andY axesof thesinusoidalcoordinatesystem



2. Quantitative pre-processing for Landsat imagery

Landsat datacube(Global 3-level land grid)

A totalof 6500LandsatimageryoverChinahasbeentiled into Landsatdatacube,andthetemporalfrequency

of Landsatimageryin eachgeographicallocationwascalculated. Theresultsindicatedthat thetiling process

couldimprovetheLandsatuseefficiency, especiallyovertheoverlappingareas.

Zhang, X., Liu, L., Chen, X., Xie, S., & Gao, Y. (2019). Fine Land-Cover Mapping in China Using Landsat 

Datacube and an Operational SPECLib-Based Approach. Remote Sensing, 11(9), 1056.



2. Quantitative pre-processing for Landsat imagery

Landsat datacubeð Restoration of unclear pixels (cloud, shadow pixels)

Cloud and shadow contamination is inevitable especially for low latitude areas. For multi-temporal

classification,thecloudandshadowshouldberestoredbeforehandusingspatio-temporalmethods.

Zhu, X., et al. (2012). "A Modified Neighborhood Similar Pixel Interpolator Approach for Removing Thick

Clouds in Landsat Images." IEEE Geoscience and Remote Sensing Letters 9(3): 521-525.

Chen, J., et al. (2011). "A simple and effective method for filling gaps in Landsat ETM+ SLC-off images."

Remote Sensing of Environment 115(4): 1053-1064.



2. Quantitative pre-processing for Landsat imagery

Landsat datacubeð Restoration results

Original time series Landsat SR

Time series Landsat SR after filling
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3. Forest disturbance monitoring and biomass mapping 

Background

Within the framework of the North American Carbon Program (NACP), the North American Forest

Dynamics(NAFD) projecthasevaluatedforestdisturbanceandregrowthhistory for the conterminousU.S.

by combiningLandsatobservationsandfield measurements(Gowardetal. 2008).

The NAFD project uses the Vegetation ChangeTracker (VCT), an automatedforest changeanalysis

algorithm, on temporally dense(annual or biennial) LandsatTime SeriesStack (LTSS) of imagesand

producesforestdisturbancedataproducts(Huanget al. 2010). Thealgorithmconsistsof two majorsteps: 1)

individual imageanalysisand2) time seriesanalysis.

VCT producesa disturbanceproductwhereeachpixel is labeledaseithera staticlandclass(persistentnon-

forest,persistentforest,or persistentwater)or with theyearof changefor disturbedforestpixels.

This datasetprovidestheresultsof time-seriesanalysesof Landsat

imagery for 55 selectedforested sites acrossthe conterminous

U.S.A. The output is a pair of disturbancedataproductsfor each

site,oneshowingthefirst yearof disturbancein thetime series,the

other showing the last year of disturbance. The time period

analyzedis approximately1984-2009.



3. Forest disturbance monitoring and biomass mapping 

http://daac.ornl.gov/NACP/guides/NAFD_Disturbance_guide.html

The first year of forest disturbancemap for an areain Mississippi ( p21r37 ) where industrial forestry is

prevalent. The legenddetailsthe mapclassificationsystem. The first threemapcategoriesarestaticclasses

which are consistentthroughoutthe time series: persistentnon-forest, persistentforest, and water. Forest

changepixelsareclassifiedaccordingto theyearin which changeoccurred. Actual disturbanceyearclasses

varyaccordingto theimagedatespresentin eachindividualLTSS.

Background

http://daac.ornl.gov/NACP/guides/NAFD_Disturbance_guide.html


3. Forest disturbance monitoring and biomass mapping 

Study Area and experiments
Three North forestprogrambeganin 1978andwill befinishedin 2050.Theprojectwill takeplacein threestages(1978ï

2000, 2001ï2020, and2021ï2050) following eightengineeringschedules.

The key goal of this programin the following decadeswasto improveforestcoveragein arid andsemiaridChinafrom

5% to 15% by usingthis programastheprimarymethodto combatdesertificationandto controlduststorms. Wanget al

(2010)

Three-North Shelter Forest Program

                                 Green Great Wall Program



3. Forest disturbance monitoring and biomass mapping 

Study Area and experiments

27 sites investigated for validation of 

forest changes forest types,  Age 

Density,  Height in 2012 and 2013


