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» 1. Introduction

Land-coverdataare importantand necessaryor supportingsustainabledevelopmentgoals maintainingbiodiversity,
andmonitoringnaturalresources

Fine-resolution land-cover monitoring at the regionalor globalscaleis regardedasanimportantscientific goal, while
it is usuallytime-consumingandinvolvesalot of manualparticipation
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» 1. Introduction

Over pastdecadesthe quickly developmenbf remotesensingtechniquesaswell as storageand computationcapabilities,the global

land-cover mapping makes great progresses a seriesof global land-cover productshavebeencontinuouslyreleasedangingfrom

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

time-seriesland-cover changemonitoring.
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» 1. Introduction

There is hugeuncertainty in the understanding of global land coverchanges

Thereare greatdifferencesbetweendifferent monitoring datasetsWinkler et al. quantitativelycalculated

the globalannualtotal land usechangearearangingfrom 0.249x 10° km? (ESA CCI product)to 1.123x 1P
km? (NASA MCD12Q1 product)

Table 1 Comparison of land use/cover datasets.

Dataset LUC categories included Compared time Annual gross land use change
petiod (mean t standard deviation in 103 kmZ a~1)
HILDA +
LUH2'4 All 1960-2015 302 +£125 721+ 88
HYDE3.2" cropland Cropland (2) 1960-2015 187 £ 82 246 41
HYDE3.2'3 pasture Pasture/rangelands (3) 1960-2015 5725 420 £ 71
SAGE cropland’® Cropland (2) 1960-20M 20374 253+37
Hansen GFC forest®® Forest (4) 2000-20122 26527 270 £ 21
ESA CCI®7 All with combined grassland (3 + 5) 1992-2015 249 +165 578 40
MODIS®8 All with combined grassland (3 + 5) 2001-2015 1123144 574 £43

Comparison of annual gross land use/cover (LUC) change (all transitions between included LUC categories or sum of gains and losses for individual LUC categories) of different LUC change datasets
with HILDA + for corresponding periods.

3Hansen GFC covers forest gain only between 2000 and 2012 (no annual dynamics).

Winkler, K., et al. (2021). Global land use changes are four times greater than previously
estimated . Nature Communications , 12, 2501



» 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 2(

2012, ranging from a decrease ofX116° km? (UMD GLAD Forest product) to an increase of 4 I km?

(Vegetation Continuous Fields product).
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» 1. Introduction

A The Landsat series long-term data record60years), higher spatial resolution (30-60m), free approach(USGS,
CEODE) NASA fundedsomelandsateflectancgroductionproject LEDAPSandWELD.

A Cloud computing platform, representedy Google Earth Engine liberatesissuessuchas datacollection and pre-

processingandalsoprovidesa computingandstorageplatform
Challenge canwe reconstructhe history of globalland coverfrom long time-seriesLandsatstacks?

Google Earth Engine

A planetary-scale platnforrﬁ,for \/
Earth science data & analysis

Powered by Google's cloud infrastructure

P Watch Video
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p 2. Quantitative pre-processing for Landsat imagery

Background
Surface reflectance is a necessary product for quantitative remote sensing, especially intémnlong
large-area land cover monitoring with multiple remote sensors

/Surface reflectance is the basis for developing rem\ote
sensing model:
Forest change monitoring,

Water quality monitoring,
Crop growth monitoringee.

- J

/Surface reflectance is the basis of surface parameé rs

inversion:
VISa BRDF/Albeda
FAPRA GPP/ NP Péé
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) 2. Quantitative pre-processing for Landsat imagery

Background

The Landsafseries long-termdatarecord@0years),higherspatialresolution(30-60m), free approach(USGS,

CEODE)
NASA fundedsomelLandsateflectanceroductionproject LEDAPSandWELD




) 2. Quantitative pre-processing for Landsat imagery

Flowchart of quantitative pre-processingd Flowchart

A Dueto the scatteringandabsorptiorof atmospherehereflectancesensedy the sensor§ TOA SR) cannotbe equated
with the surfacereflectanc BOA SR),

A As variancesof slopeand aspectcausethe variationin observedreflectancefor similar targets,the SR imageryin
terrainareameedto betopographicallycorrected

Time series Landsat imagery
[

v v
OLI optlcal radiance ey e e
imagery
' l
Topographical correction Single/Multi-temporal cloud Single channel temperature
using C-correction method and shadow detection methods retrieve method
// ___________ L __________ ~ N

Absolute correction
(MODIS-based method)

Relative correction
(Radiometric normalization)

———



) 2. Quantitative pre-processing for Landsat imagery

Topographical correctiond Theoretical basis

Topographiacorrectionis animportantstepin the pre-processingf fine-resolutionremotesensingmages It
includescompensatiofor differencesn solarirradianceandminimizesthe variationin observedeflectance
for similar targetswith differentslopeandaspect

) ) AlfO w_
= = AlT® w_

7

Is the correctedreflectanceobservedor a horizontalsurface,” is thereflectanceobservedver sloping
terrain,/ isthesolarzenithangle, (s therelativesolarincidenceangleandwis the correctioncoefficient

AT®© AIfO AiIfO O0H1 OHI AI(® 3)
where] is the slope anglg is the aspect angle agd is the azimuth angl¢. and| are derivationsf the Digital
Elevation Model DEM). The correction coefficient, c, is a wavelenglépendent variable and is derived from a semi
empirical function:
Mm_ & ATOo

whereA AYA &is theslope andbis the intercept of the linear relationship between the SR and the relative solar
incidence angle



p 2. Quantitative pre-processing for Landsat imagery

Topographical correctiond Results

The comparison indicated that the topographical correction could efficiently remove the radiometric
difference caused by the terrain slope.

After correction
u0I1231102 810Jag




p 2. Quantitative pre-processing for Landsat imagery

Atmospheric correctiond Theoretic basis

Atmospheric effects
Scatteringandabsorption

At-sensor Radianc7 Q
Radiativetransferprocesdetween &+

surface'eflectance|” and as
sensoreflectance”

"[‘OP of Atmos ........................................................................................................ .-:"

Absorption

) ()

Scattering P
These unknown parametersare
decided by the atmospheric Bottom of Atmosphers
componentgaerosol,watervapor
andozone)

Land surface




p 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 accurateatmosphericproductsincluding AOTa WV and
OZONE

Product ID Product description Data field

MOD04 1.2 L2 Aerosol, 5-Min Swath 10km Optical Depth Land And Ocean

L2 Total Precipitable Water Vapor, 5-

MODO0S L2 Water Vapor Near Infrared
Min Swath 1km and Skm

L2 Temperature and Water Vapor
MODO7_ 1.2 Total Ozone

Profiles, 5-Min Swath Skm



p 2. Quantitative pre-processing for Landsat imagery

Atmospheric correction using MODIS products and 6S model

MODIS Atmospheric products
(Aerosol Optical Depth, Water Vapor

and Total Ozone)

Stepl interpolation of MODIS products;

o Sequential kriging interpolation at Landsat 8 surface
Ste@2: building look-up table between global scale Letl cetange produet
atmospheric products between correction ' {
. . . e Landsat 8 Per-pixel atmospheric
coefficientsusing6S model Reprojection and clipping e
| | N i ; ; I
StepB: per—plxel atmospherlccorrectlon using = 2 3
. Q, = -
look-up tables and the aerosoloptical depth | = . S lE Atmospheric correction
duct 8 é = é S g | R e |l coefficients images
proauc : 2 g ¢ S g esampre (UTM projection with
o i = = 30 m resolution)
g 3 =
_ — <
3
andsat geometric imaging EEEE— | J
parameters
6S radiative transfer model > Look-up table

( DEM data

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.




p 2. Quantitative pre-processing for Landsat imagery

Kriging interpolation for MODIS atmospheric products

MODIS atmospherigproductssufferthe problemof missingdataespeciallyfor aerosolopticaldepthproduct
sowe firstly neededo interpolatehesemissingdatausingthekriging method

Aerosol optical depth Water vapor Total ozone

Before

After




p 2. Quantitative pre-processing for Landsat imagery

Visual comparison of the effects of atmospheric correction

Spectral Profile

8 15
Waovelength

Spectral Profile

.0

15
Waovelength




p 2. Quantitative pre-processing for Landsat imagery

Atmospheric correctiond Results

0 450 900 1,800 km

I ! I ! 1
0 450 900 1,800 km

Figure (a). TOA reflectance displayed with trgelor composite of China in 2013.
(b). Surface reflectance displayed with tagdor 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.



p 2. Quantitative pre-processing for Landsat imagery

Cross-validation using MODIS daily products (MODQ9A1)

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

(MODO09A1) with ameanR2 of 0.93andanRMSE of 0.023.
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p 2. Quantitative pre-processing for Landsat imagery

Crossvalidation using Landsat SR provided by USGS

The RADI SR (producedby the proposednethod)is greatly consistenwith USGSSR productwith a mean

R2 of 0.97 andanRMSE of 0.01.
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) 2. Quantitative pre-processing for Landsat imagery

Relative correctiond Radiometric normalization

Question

A Landsat long timeseries imagery (1978ow);
A TheMODIS-basedatmosphericorrectionmethodis only suitablefor Landsaimageryafter 2000becausef the lack

of MODIS atmospher@roductsbefore200Q

A How to guarante¢heradiometricaccuracyfor long time seriesLandsaimagery?

Solve method

Atmospheric correction Radiometric normalizatio Long timeseriessurface

After 2000 Before 2000 reflectance




p 2. Quantitative pre-processing for Landsat imagery

Radiometric normalization @ Flowchart

Landsat time-series data

Before 2000 After 2000

The key of radiometricnormalizationmethod

radiometric atmospheric IS to usethe correctedSR imageryafter 2000
normalization correction as referenceto normalize the Landsatimage

before2000accordingo 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.



p 2. Quantitative pre-processing for Landsat imagery

Radiometric normalization @ Method

1. A multivariate alterat.
reference image and target image,
2 . usi-oganhpeonpioxel s, the

orthogonal linear regression ,

on

r e |

3. the coefficients were applied to normalize the target image
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p 2. Quantitative pre-processing for Landsat imagery

Radiometric normalization 0 Results
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Mosaic of reference and subject
iImages The left is a mosaic of
original TOA reflectancamages,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
(bandl).

S 1988-08-30

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) Theacrosstracksceneoverlapdistancancreasesthelatitudeincreases

2) The global grid wasdefinedin an equalareaprojectionto ensurethat the surfaceareasensedoy each
Landsatacquisitionwassampledwith the samespatialgrid density

Thereforejn orderto improvethe Landsatuseefficiency, we shouldabandortraditional storagepatternwith
the sceneasthe managementnit.

o
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The sinusoidalequalareaprojectionwasusedasit providesa global uninterruptedorojection The grid spacing
wassetsufficiently smallto capturethevariablegeographidocationandextentof Landsatacquisitionsandscene
overlapimposedby the Landsatsensorndorbit geometry(Kovalskyy andRoy, 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.
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Landsat datacube(Global 3-level land grid)

The grid is definedin the sinusoidalequalareaprojectionandis composedof 6,138864 land grid grids
spaceckvery5.559752km in the X andY axesof thesinusoidakoordinatesystem

Minimum land grid naming rule: LTS Re&th26vv0$13v4 pl17r23 201524 3dat
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Landsat datacube(Global 3-level land grid)

0 375 750 1,500 Kilometers
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p 2. Quantitative pre-processing for Landsat imagery

Landsat datacube(Global 3-level land grid)

A total of 6500Landsatmageryover Chinahasbeentiled into Landsatdatacubeandthetemporalfrequency
of Landsatmageryin eachgeographicalocationwascalculated Theresultsindicatedthatthetiling process

couldimprovethe Landsatuseefficiency, especiallyoverthe overlappingareas

High : 41

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.
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Landsat datacubed Restoration of unclear pixels (cloud, shadow pixels)

Cloud and shadow contaminationis inevitable especially for low latitude areas For multi-temporal
classificationthe cloudandshadowshouldberestoredeforehandisingspatictemporaimethods

/

Cloud-free
image at f;

/ / image at

Cloudy

/

v

areas

Mark thick cloudy

¥

Seek cloud-free
similar pixels

Y

\4

Compute the weight
of each similar pixel

v v

Predict with
spectro-temporal
information

Predict with
spectro-spatial
information

v v

Combine the two
predictions

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.
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Landsat datacubed Restoration results

2015030 2015046 2015062 2015078 2015094 2015110 2015135 2015142

Original time series Landsat SR

2015062 2015078 2015094 2015110 2015135 2015142

Time series Landsat SR after filli
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p 3. Forestdisturbance - monitoting-and-biomass-mapping

Background

Within the framework of the North American Carbon Program (NACP), the North American Forest
Dynamics(NAFD) projecthasevaluatedorestdisturbanceand regrowthhistory for the conterminoudJ.S.

by combiningLandsatbbservationandfield measurement&owardetal. 2008.

The NAFD project usesthe Vegetation Change Tracker (VCT), an automatedforest changeanalysis
algorithm, on temporally dense(annual or biennial) LandsatTime Series Stack (LTSS) of imagesand
producedorestdisturbancadataproducts(Huanget al. 2010. The algorithmconsistsof two major steps 1)

individualimageanalysisand?2) time seriesanalysis

VCT producesa disturbanceroductwhereeachpixel is labeledaseithera staticland class(persistenthon

forest,persistenforest,or persistentvater)or with theyearof changdor disturbedorestpixels

This datasetprovidesthe resultsof time-seriesanalyseof Landsat
imagery for 55 selectedforested sites acrossthe conterminous
U.S.A. The outputis a pair of disturbancedataproductsfor each
site,oneshowingthefirst yearof disturbancen thetime seriesthe

other showing the last year of disturbance The time period

analyzeds approximatelyl 9842009




p 3. Forestdisturbance monitofingzand-biomass-mapping

Background

http://daac.ornl.aov/NACP/quides/NAFD Disturbance quide.html
The first year of forest disturbancemap for an areain Mississippi( p21r37 ) whereindustrial forestry is
prevalent The legenddetailsthe map classificationsystem The first threemap categoriesare static classes
which are consistentthroughoutthe time series persistentnonforest, persistentforest, and water Forest
changepixels are classifiedaccordingto the yearin which changeoccurred Actual disturbanceyearclasses
vary accordingo theimagedatesoresentn eachindividual LTSS,

[ Persistent Non-Forest
M Pesistent Forest
M water
[TPre-1984

I 1986

I 1988

M 1950

[ 1992

11994

1199

1998

M 2000

I 2002

[ 2005

0051 2 3 4

Kilometers



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

p 3. Forestdisturbance monitofingzand-biomass-mapping

Studv Area and experiments

ThreeNorth forestprogrambeganin 1978andwill befinishedin 205QThe projectwill takeplacein threestageq1978
200Q 2001 2020 and2021 2050 following eightengineeringschedules

The key goal of this programin the following decadesvasto improveforestcoveragdan arid andsemiaridChinafrom
5% to 15% by usingthis programasthe primary methodto combatdesertificatiorandto control duststorms Wanget al
(2010
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p 3. Forestdisturbance monitofingzand-biomass-mapping

Study Area and experiments

y

27 sites investigated for validation of
forest changes forest types, Age
Density, Height in 2012 and 2013 \



