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Changes in forest cover significantly affect the global carbon cycle, the hydrological
cycle and biodiversity richnesshis dissertation explores the potential of satellite
derived land cover datasets in quantifying changes in global forest cover amid carb
stock. The research involved the following three components: 1) improving forest
cover characterization, 2) developing advanced methods for detecting forest cover
changgFCC)and 3) estimating the amount aneind of forest carbon change.

The firstcomponentsought to improve global forest cover characterization
through data fusion. Multiple global land cover maps have been generated, which
collectively represent our current best knowledge of global land covesybsitantial
discrepancies/ere foundn their depiction oforest.| demonstrated thahé extent
and density of forest coveouald be much better characterized by integrating existing

datasets. However, these independent map products cannot be directly compared to

guantify FCC, becausgostclassification change detection requisggnificant



consistencyn land cover definition, satellite data souarelclassification procedure.
The yearly vegetation continuous field (VCF) product derived from the Moderate
Resolution Imaging Spectroradiome{®ODIS) provides a prototypthat fulfills

such requirement. The secotmmponent wasitended to explore the features of this
time series dataset in change analysis. A new algoktdiledVCF-based Change
Analysis was developédtiatcan explicitlycharacterizeéhe timing and intensity of
FCC. The efficiency and robustnesstbis algorithmstem from two realistic
assumptiond the spatial rarity and the temporal continuity of land cover
change/modification. The developed method was applied to cotairseales for
mapping forest disturbance hotspots.
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emissions from deforestation with a regional focushenAmazon basir.found that
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year to yearMoreover, deforestation has bgaogressivelyencroaching into higher
biomass lands in the Amazon interidbhese observedeforestation andcemission
dynamics are expected to provide scientific support to policies on reducing emissions
from deforestation and forest degradation (REDD+). The generated panel data are

also of great value for evaluating forest protection policies.
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Chapterl:l nt roducti on

1.1The role of forestsin the global carbon gscle

Forestscover4 billion hectaregha)of land globally, approximately 31% dhe
E a r totaldamdsurface correspondingo an average of 0.6 lpeer capitg FAO
2012. Theyaccount for 80% otheEar t hds t ot @arbop=b&nt bi omass
biomas$ (Kindermann et al. 20Q0&nd store 861 petagramtcarbon (Pg C), of
which 42% is in living biomass, 8% in deadad) 5% in litter, and 44% isoil, more
than theB29 Pg C of thentire atmospher@ackey et al. 201,3Pan et al. 2011
Living forests sequestearbon dioxidgdCOy) from the atmosphere through
photosynthesis and release carbank to the atmosphetieroughautotrophic
respirationC is also transferred from plants to soil in the form of leaf, wood and root
litter andis eventually released baakto the atmosphere throlmgecomposition
(Malhi and Grace 20Q0Growing forests accumulate photosynthetically fixed carbon
in leawes, branches, stems and rpaisting as a sink for the atmosphericZC@@hen
forests are damaged, carbon storethebiomasss released a80; into the
atmosphere.
At the gl obal s saelaklarge ahdpersisteot carbdnésisk f or e st
(Pan et al. 201 Theannual grossarbonuptake byestablished andecoverimg
forestswas estimated to be 4.0 £ 0.7 PgrGfom 1990 to 207, equivalent to 50% of
fossitfuel carbonemissions in 2008Le Quéré et al. 20Q%Panet al. 201). The net
forestcarbonsink geographicallyesides in temperate and boreal regions, whereas the

tropical region is nearly carbameutralbecause o balaaced sinkfrom intact and



recoveringforests ana carborsourcefrom deforestatior{Friedlingstein et al. 2010

Pan et al. 2011

1.2 Historical trend of carbon emissions from deforestation

Tropical land cover and land use change (LCLUC), primarily deforestaicounts
forl020% of tot al anthropogenic emissionsith,
fuel combustior{Houghton et al. 20x%an der Werf et aR009. Emissions from
LCLUC arealsothe most uncertain componesitthe global carbon cyclevhich

requires anaccurate estimate to close the global carbon bu@getadell et al. 2007
Ciais et al. 2013Schimel et al. 2001 While annual emissions from fos$ilel
combustion have been continually increasing sthed960s, historical trends of
deforestation andssociated carbon emissions have remained poorly understood
(Grainger 2008Peters et al. 201Yan der Werf et al. 2009Using various data and
metods recent studies estimate that deforestation in thesrapcounts for 0.6 to

2.0 Pg Qyr of the carbon emitteiito the atmosphere in the 1980s, 0.9 to 2.2 Pg Clyr
in the 1990s, and 0.8 to 2.9 Pg C/ythe 2000gAchard et al. 2004Baccini et al.

2012 DeFries et al. 20QHarris et al. 2012kHoughton 2005Pan et al. 2001 The
large range of uncertainty of these emission estimates arises from many factors
including definitions of forest and deforestatiterrestrial carbon poolabove

ground biomass, beloground biomass, dead wood and liteend soil)accounted
uncertainty in deforestation rates, uncertainty in initial carbon stocks of vegetation
and soil, land cover dynamics after deforestation, fate of cleared carizbthe

caboncycle model used, for most of which curreatbon cyclescience lacks



standardizatior consistencyRamankutty et al. 2007In addition, the wde ranges
of the® emissionestimates acros#ifferent periods greatly obscure our understanding

of the trend antemporalvariability of carbon emissions from deforestatiéig(re

1.1).
e Fossil fuel (Andres er al. 1999, JRC 2009)
9 r FAO-based D&FD (Houghton 2003, Canadell et al. 2007, Houghton 2008)
e [PCC Working Group I D&FD (Denman et al. 2007)
P IPCC Working Group III D&FD (Barker et al. 2007, Nabuurs ef al. 2007)
— Satellite-based D&FD (Achard et al. 2004)
Satellite-based D&FD (DeFries er al. 2002)
7 I —— Satellite-based D&FD (Baccini ef al. 2012)
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Figurel.1 Carbon emissions from deforestation and forest degradation (D&FD) and

fossitHfuel emissions from 1980 onwards é&aded from van der Werf et al. [2009]

Knowingthe trend and temporal variabiliby carbon emissions from
deforestations significant for anumber of reasongirst, it may explain some of the
inter-annual variability of atmospheric GOoncentratior{Keeling et al. 1996

Atmospheric inversion studies suggest that the-amtewal variability of global C®



growth rate is dominated by tropical land ecosystems, with positive anomalies related
to El Nifio and negative anomalies related to La NB@usquet et al. 200Ciais et

al. 2013 Rayner et al. 2008A recent study further recognizes that sem

ecosystems may become a more relevant daiére globalcarbon anomaly in the

future (Poulter et al. 2014 but questions remaatouthow much of the variability

can be attribd to carbon releaséy landcover changéHoughton 2000Keeling et

al. 1995. Second, the trend of deforestation is critical for understanding the complex
and changing drivers of deforestatidfepstad et al. 20)4For example, the

increasing deforestation between 2001 and 2004 in the Brazilian Amazon is related to
trendsin the international soybean price and the declining deforestation after 2005 is
associated with the collapse of commoditgrkets as well ashifting landuse
dynamics(Macedo et al. 2032Morton et al. 200 Studies also link timseriesof
deforestation emissiongith economic inpubutput models to attribute emissions to
domestic consumptioand tointernational trade of agricultural produ¢ksarstensen

et al. 2013 Third, knowing the tned and variability of historical emissions likely has

a strong influence on policies of reducing emissions from deforestation and forest
degradation (REDD+). The intannual variability itself is a kefactorfor settingthe
reference emission level (REQj thebaseline in some proposed REL methods ,(e.qg.

the corridor approacflJoanneum Research et al. 2006]

1.3 Estimating carbon emissions from eforestation

Current methods adstimaing carbonemissiongrom deforestatiorcan be classified

into three broad categories: (1) procbased terrestrial ecosystem modelsif2)



bookkeeping model and (8)rectsaellite observationgCiais et al. 20183

Processhased ecosystem models simulate carl@ter and energuxes
between vegetation, soil and atmosphere on abgisgsusing a vaety of
climatologicaland ecological datasets. These models havadhentagef
understanding the physiological mechanisms of terrestrinbnastorage and flux,
such as the effectf elevated atmospheric GOoncentrationi(e.theCO
fertilization dfect) (Kicklighter et al. 1999 climate variability(Kindermann et al.
1996 Tian et al. 1998 anthropogenic nitrogesieposition(Thomas et al. 2030land
use changéJain and Yang 200Q%r the combined effes{McGuire et al. 2001L
However, the individuaandthe combined éécts of these mechanisms are not
completely known, leading to significant disagreensmt a wide range of C flux
estimateamongdifferent model simulationCiais et al. 2013Le Quéré et al. 2014
McGuire et al. 20011

The bookkeeping model tracks carbon changes in major terrestrial carbon
pools assuming generic tintependent functions for carbon losses and gains in
different ecosystem tgs(Moore et al. 1988 Severakarlystudiesuse the
bookkeeping model with datafromh e Food and Agri EAODdsre Org
countrylevel deforestation reports antbime-averaged carbon densiti@goughton
1999 Houghton 2003Houghton et al. 19870thers make improvemesiy either
replacing deforestation data with area estimates from satellite imggsrard et al.
2004 DeFries et al. 20Q2r replacingsurveyedcarbon densityvith satellitederived
biomass datéBaccini et al. 2012 The bookleeping approacéxplicitly accounts for

the fate of lost carbon (e.g. harvested wood product vs. litter diecaglimating



actual carbon emissions (as opposed to committed emissions), madbeisnot
spatialy explicit and theparameterization irgely subject toexpert opinions.

Thedirectsatelliteobservation approach quantifies changdsiiast cover
andthe prechangebiomassseparately and integrates both datase¢stionate
changes in forest carbon stoalsh Geographic Information Syste(GIS)analysis
Deforestation data and initial biomass dataspgtially matched to calculate carbon
stock changein specific locatios. As suchthe spatial heterogeneity of carbon
emissions across ecological and/or political boundaaesbe effectively revealed
(Harris et al. 2012bTyukavina et al. 2013 This approab assumes immediate
carbon release at forest clearing without considering theltigheffect of ecological
processes. The endresultisthesal | ed Acommi tted emi ssionso
total emissions that will be eventually released to the athewsf his approaclalso
does not investigate the mechanisms of ecosystem cHulzdout emphasizethe
role of monitoring and accurate data in reduaingertainty

Overall, the diverse processes and time scales captured by these different
methods maka comparison of their estimations 6, emissions from LCLUC
difficult. However previous studieshowed that satellite observations generally
revised emission estimates downwardrethan other approaches (Figure 1.1). This
finding mayprovidea partial xplanationfort he @A mi s si n(gansxeaat. bon si nk
1990, which is derived in padn the basis of thEAO data and the bookkeeping
model(Houghton et al. 1997

Estimatingdeforestatioremissiors usingsatellite datas built on severakey

steps. First, the extent and density of forest cover must be characterized. Second,



changes in forest cover must be accurately quantified. Third, initial forest biomass
must beaccuratelyestimatedFourth FCCand biomas data must bmatchedn the

samespatiotemporal scale calculate carbon stock change

1.3.1 Characterizingforest covemwith satellite chta

Optical satellite imagery is the primary data source for characterizing land cover and
monitoring land cover changBecausencident solar energig absorbed, transmitted
and reflected differently by different land surfaca land cover type can be identified
on the basis ats distinct reflectivdéeatures Key factors determining the spectral
properties of vegetated land cover include the chalmmntent and physical structure
of leaves as well as the mdldéiyer structure of vegetation canopiealthy geen
vegetation has low reflectance in thlee (450520 nm) and red (&8 690nm)
wavelengthdecause astrong absorption of sunlight by chlorophylls for
photosynthesis, but has high reflectance imiarinfrared (760900 nm)
wavelengthbecause ointra- and interleaf scatteringf photors (Tucker 1979.
Additionally, foresttypically appears darker than herbaceous vegetation because
thesubstantial shadowastwithin the canopy, most apparent in the visible and
shortwaveranges dependingn the surtargetview geometry(Colwell 1974.
Furthermore, the gutral reflectance of differenegetation also has different
seasonality (phenology) over tiigustice et al. 1985

On the basis ahese features, digital satellite images are converted to land
cover mapsisingeither an unsupervised or a supervised approach. In the
unsupervised approach, pixels are folsisterecby a computer algorithm and each

cluster is subsequentlgbekdto a thematic type bg personln the supervised



approach, a classifier is firsained with reference sampléhat have knowwlass
labels and then each pixel is categorizedd respective land cover cldsgthe
classifier(Mather and Koch 20)1Widely used unsupervised algorithms include K
means anthe Iterative SeKOrganizing Déa Analysis Techniqueind supervised
classification algorithmsclude maximum likelihoogartificial neural networg,
support vector machiseandclassification and regression tsg&lather and Koch
2011).

Metaanalysis of peereviewed land cover classiétion literature, most of
which focused on small areas, showed no obvious improvement in terms of
classification accuracy over the past four dec@délkinson 2005 Yu et al. 2014
For operational land cover monitoringy algorithm should bselectedn the basis of
multiple criterig includingits accuracythe computational resources required, its
stability, andits robustness to noise training datgDeFries and Chan 2000
Beyond algorithnselection the most significant constraint to automated lancecov
mapping over continental to global scales is the auétidderivation of sufficient
and representative training sangple

Research on characterizing global patterns of land ammegremotely
sensed data has been conducted since thd98ids As aresult, a number of global
land cover mapbave been generated, includit@@obal Land Cover Characterization
(GLCC) (Loveland et al. 200Qthe University of Maryland landover (UMD LC)
product(Hansen et al. 2000Global Land Cover 20065LC2000)(Bartholomé and
Belward 200%, the Moderate Resolution Imagiispectroradiometer larcbver

(MODIS LC) product(Friedl et al. 200 the MODIS Vegetation Continuous Fields



(MODIS VCF)product(Hansen et al. 200&nd theGlobCover lanccover product
(Bicheron et al. 2008Each of these data sessderivedrom moderataesolution
satellite imagery at spatial resolutions between 300 m and Thediversity of the
data and methods used in deriving thesgshas led to substantial disagreement in

thar representation of foresFigure 1.2.

Figurel.2 Disagreemenamongsix land cover products on their representation of
global forest cover. The six produeteGLC2000, GLCC, GlobCover, MODIS LC,
MODIS VCF and UMD LC.

Globatscale forest cover mapping2@ mresolution has only become
feasiblein recent years, owing much to the United States Geological Survey
(USGS) 6s open LWuldérsetak 20tPand thereguoed cosdfydata
storage and computatioBo far five 30 m global forest/tree cover maps have been
generated by Gong elt €2013), Sexton et al. (2013)ansen et al. (2013Kim et al.
(2014, ard Chen et al. (2014 and moredatasetsrein production(Giri et al. 2013

Townshend e&l. 2013. The spatial details revealed by these Lanrtisaed map



products are 10@000 times more #n those coarseesolution maps arnthe cross
map consistency has improved considerably because of thearodata source
(Figure 1.3)However, the overatjlobaldisagreement patterns resemble to a

noticeabledegree those coarsesolution datasets (Figure &)3

Tree cover (%)
10-10
£I10- 20
=320 - 30
£330 - 40
=140 - 50
=50 - 60
=60 - 70
=70 - 80
== 30 - 90
=90 - 100

Tree cover (%)
—10-10
310 - 20
120 - 30
130 - 40
=140 - 50
=50 - 60
=60 - 70
=70 - 80
== 30 - 90
=90 - 100

Difference (%)
=-100 - -60

=1-60 - -30

—1-30 - 30

=130 - 60

=60 - 100

o
" it
g

‘
o

10



d 50000000
40000000
30000000

20000000

1 km pixel count

10000000

0 ----!!!lllll!!!!!!!nmnmn!!!!!!;g!!!!!u!,,u:,:x:::::::x
-60-54-48-42-36-30-24-18-12 -6 0 6 12 18 24 30 36 42 48 54 60

Tree cover difference (%)

Figurel.3 Landsatbased global tree cover products and their differdBoth
datasets were aggregated to 1 &nal the difference was calculated at 1 km
resolution.(a) Data from Sexton et al. (2013) (b) Data from Hansen et al. (4@)3).
Differencemap betweeib and a Red representigherestimates in Hansen et al.
(2013)andgreen represents higher estimates in Sexton et al. (2@} 3jistogram of

the difference map.

Although increasing the spatial resolutionaid covemays represents a
continued advaranent in land cover mapping, exploratory questions can also be
asked. For instance, what are the implications of the observed agreement and
disagreement patterns for future forest and land cover mapping? Can these diverse
datasets, each of which has itsque advantage and as a collection has a reasonable

level of agreement, be synthesized to generate a more accurate forest cover map?

1.3.2 Quantification offorest cover change

Quantification ofFCCwith satellite datéakes either a sampling approach or awall
to-wall approaci{Tucker and Townshend 200Mn the latesadvancement.andsat
samples have been used to determine tropical deforestation rates between 1990 and

2010 (Achard et al. 2014 MODIS and Landsat data have been jointly used to
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guantify gldal gross forest cover loss between 2000 and g886sen et al. 2010
Hansen et al. 200@ahe wall-to-wall LandsafThematic Mapper (TMandEnhanced
Thematic Mapper Plus (ETM+) surface reflectance data have been used to derive
globalFCChetween 1990, 200@005 and 201QKim et al. 2015 Sexton et al. 2015
Sexton et al. 2013avith change maps between 1975 and 1198idg generated
(Townshend et al. 20}2Landsat ETM+ topof-atmosphere (TOA) reflectance data
have been composited at annual resolution to create global forest cover loss and gain
maps between 2000 and 2QtAnsen et al. 20)3andthe Advanced Land
Observing Satellithased Array tband Synthetic AperturiRadardata havdeen
employed to produce forest/néorest maps over the glofdeutthe generation of
globally cansistent change product wiBynthetic Apertur&kadar(SAR) datais yet
to be studiedShimada et al. 20)4

Mostexistingstudies orargeareaFCC monitoringare carried out dbng
temporal intervals (e.g.,years 10years or longer)(Achard et al. 2007Hansen et
al. 201Q Hansen et al. 2008tluang et al. 2009dMasek et al. 2008ayaux et al.
2013 Sexton et al. 200)4However the rate of FC@anvary substantially from one
year to anotheat local to global scalgglansen et al. 2013uang et al. 2009b
Masek et al. 200)3Thus change products derived at sparse temporal intervals cannot
capture such temporal dynami@s areas where forests cangstablish within a few
years after having been cleared, coanserval change detection maijsomiss
significant portions oforest losghat are followed by rapid regrowf{Masek et al.

2008. Therefore internationalnitiatives such athe Global Observations of Forest
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Cover and Land Cover Dynamics (GOBDOLD) have specified the need for
monitoring forest dynamics &t5-yearfrequency(GOFGGOLD 2013.

Recent years hawwsoseen a growing number of methods toward the use of
biennial or annussatelliteimagery for mappin@orest disturbancesuch as vegetation
change trackegfHuang et al. 201Qand LandTrend{Kennedy et al. 20)0These
methodds ypi cally seek a structrespoader devi ati on c
vegetationndexfrom the nominal value to inféorestdisturbanceSophisticated
thresholding igequiredto generalize the algoritheacross different foresind
disturbance typed.heglobally applicableapproach presented Hansen et al.2013
first classifiesforest cover loss (@hdreplacing disturbanceand therattributes a
specific yeato the detected logaxel based ormaximum drop irtheannual
Normalized Difference Vegetation Indé¥DVI). However, asigning one time to the
detected losmay result iromission errorgn places with rapidand coveturnover
(e.g. tree crop rotationiMore research isequiredto eitherimprovetheseexisting
methods oexplorenewmeanghat canexplicitly detect~CC, applicableat annual or

finer temporal resolutia) and can be generalized to the global scale

1.3.3 Estimatingforestcarbon $ockand change

Because ofhe saturation of spectral signals at high vegetation canopy closure, optical
satellite imagery is limited in estimating ptdnomasgSteininger 200p Inventory

data and active remote sensiagch agdight detection and ranging (Lidaandradio
detection and ranging (Radaaye commonly used to estimate live biom@ibbs et

al. 2007. Fieldmeasuredree height and diameter at breast he{@&H) can yield

the least uncertain estimate of tree biomass for a spptofidout because of the
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limited data availability and high economic cgsgducingwall-to-wall biomass
mapsrelying on field data alonis impracticalGoetz et al. 2009 Lidar can
accurately measuretfestvertical structure such as canopy height, which can then be
related to biomass with allometric equatigDsibayah and Drake 20pMHowever,
spaceborne Lidar data arenly availableat scattered locatiorsndin large ground
footprints (tens ofmetersin diametey (Harding and Carabajal 2005efsky 2010).
SpatiallycontiguousRadarbacksatter data do not directly measure biomass, but
Radar data are sensitive to the size and orientation of canopy elements such as leaves,
branches, and stenasd thusanprovidea good proxy to biomagSaatchi et al.
2012 Woodhouse et al. 20).2

Currentbestpractice on biomass estimation often employs a combination of
these data sources, optzing their combined advantagdile overcomingeach
respective shortcoming he procedure first uses fietdlibrated allometric equations
(Brown 197; Chave et al. 20050 relate Lidarderived forest structure metrics to
live biomassand then spatially extrapolates biomass estimation to a landssiage
machine learning modelwith inputdatafrom Radar anaptical imageryTo date,
two pantropical biomass maps have been derived at {Samtchi et al. 20)%&nd
500 m resolutioriBaccini et al. 201R, respectively Substantial differences were
noted between these two maps in a variety of forest types, although they were both
derived from similar input data and with a simigocessg chain(Mitchard et al.
2014 Mitchard et al. 2018 When they were compared with a higisolution
biomass map derived from faeplot calibrated aircraft Lidan Colombia(Asner et

al. 2012, a closer match appeared to be observed betwe&atiehi et al. (2031
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data and the highesolution data. Attempts have also been made to fuse these two
biomass maps for an impred biomass estimatidiGe et al. 2014 Because ofhe
lack of validation data, conducgrsystemati@rror estimation fobiomasdatahas
yet to become a consensas with land cover mappintmproving the spatial
resolution of biomass majpgpearso have a high priority in ongoing research.

Despite the lack ahorougherrorestimation the spatiallyexplicit forest
biomass informatiomas been combined witFCC mapsto quantify forest carbon
stockchangeThis approachs a methodological improvement in carbon emission
estimation over the bookkeeping model based on FAO bletausearbon stocks
clealy vary greatly withintheforest of every coumy. For each grid cell, the area of
forest change (in ha) and the corresponding biomass densit@/fa)are multiplied
to calculate the change in carbon stock @).tWith this approacharris et al.
(20121 calculated carbon emisss from deforestation for parnopics between 2000
and 2005. A similar studyas carriéd out for the Congo basin for the period of 2000
2010(Tyukavina et al. 200)3Both studies revealdthe spatial heterogeneity of land
cover change emissioas national and subationalscales However these studies
only derivedanaverage emission estimate over-gearor 10-year interval, similar to
the FAO reports Hence they donot embrace the necessary temporal details to
uncover historical trends.

Unlike fossitfuel emissions that are known to have been increasing steadily
(Peters et al. 20)lthetrend andemporal variability of deforestatiamissions is

still largely unknownFigure 11). Because of the repetitive nature of satelli
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observationsthe annual or seasonal variability of deforestation and asso€lated

emissios can be studiedith time-series satellite data.

1.4 Research objectives

The central research question this dissertaittemptso answer isvhat is the trend
and interannualvariability of carbon emissions from deforestation? To address this
gueston, spatially consistent, tirgeries satellite data are used to achieve an
improved quantificatioof deforestatiorand associatechrbon emissions. The
following specific researchbjectives are sequentially addressed:
1. Improve the global characterization of forest caheough map integration
2. Develop reliable methods for monitoririgrest cover changat an annual
frequency
3. Integrateannualforest cover changeata and biomass dataquantifycarbon
emissions from deforestation
4. Analyze trendand interannual variability of deforestation emissioms

national and suimational scales

1.5 Dissertation organization

Thedissertation consists of five chapters egponding to the specific research
objectives. Chapter 1 introduces the topic, reviews current data and methods for
guantifyingforest cover changand associated carbstock changeand sets the
research objectives. Chapter 2 compares and evaluatdsisa lgnd cover maps and

explores an approach to integrate them for an improved characterization of forest
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cover. Chapter 3 focuses on developing a new method for detecting forest cover loss
at annual timestes using the yearly MODIS Vegetation Contingolsieldproduct

and Landsat sample. In Chapter 4, the developed method is applied to the Amazon
basin to map annual deforestation, which is then combined with a biomass map to
guantify carbon emission3rends and temporal variability of emissions are
subquentlyanalyed Chapter 5 summarizes the findings and draws implications for

future research.
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Chapter2.l nt egrating Gl obal Land
| mpr oFvoerde st Cover Character.i

2.1 Introduction

Defining fiforesb is a complex issud@.here are over 800 definitions of foreswed
from theland cover, land use, ecological or administrapigespectiveand these
definitions vary from local tmaional andinternational scaled.und 2014.
Consideringorest as a land cover type which is directly measurdedniesatellite
imageryi,its definition also varies across different land cowdresnes in terms of tree
cover, tree heightand land aredor example,he International GeospheBosphere
Programme (IGBP) defiselosed forest as an area with tree cové0% and open
forest as an area with tree cover between 30% and 60%, botheeitheight 2
meterg(Belward 1998. The FAO definesforest as land of at least 0.5 hectares in size
which is covered by 10% or monmeés that are 5 meters or talEAO 2013. The
United Nationd=ramework Convention o@limate Change (UNECC) definedorest
as an area of > 0.6R0 ha with tree cover $0-30% and with trees with the potential
to reach a minimum light of 25 meters at maturitfNFCCC 2002. The specific
thresholds adopted bygicipating countries of UNFCCC vary within the ranges of
the three parameterbo be consistent, forest cover in this dissertation refers to the
IGBP definition (i.e. > 30% tree cover) at the Landsat pixel scale (0.09 ha).
Satellite images have been usedharacterize global patterns of land cover
since the miel990s.The first global satellitdased land cover map was produced at

1-degree resolution using data collected by National Oceanic and Atmospheric

18

Cov

zat



Administration NOAA)0 Advanced Very High Resation Radiometer (AVHRR)
(Defries and Townshend 1994 hismapproductwas subsequently updated to 8
km resolution(DeFries et al. 1998Developed using different datasets and different
methodologies, many globalaps are now freely available at 300to 1-km
resolutions, such &lobal Land Cover Characterization (GLCCpveland et al.
2000, Global Land CoveR000 (GLC2000)Bartholomé and Belward 205
GlobCover land covegiGlobCover)(Bicheron et al. 2008the Moderate Resolution
Imaging Spectroradiometer lagdver (MODIS LC)(Friedl et al. 200§, the
University of Maryland landcover (UMD LC)(Hansen et al. 2000and the MODIS
Vegetation Continuous Fields (MODIS VCfansen et al. 200330-m Landsat
datahavealsobeenused to producglobaltree cover or land cover mapstil
recently(Gong et al. 20L,3Hansen et al. 201%exton et al. 2013a

The generation of global land cover product has leeatinually evolving
with increasingspatial resolutiomndtemporal frequencyEarly products such as the
UMD LC and GLCC werederivedat 1-km resolution fooneyear MODIS VCF was
generated at 250 resolution annuallpetweer2000and 201QDiMiceli et al.
2011). The latest Landsat maps were made at3@solution with forest covéoss
allocated annuallpetweer2000and 2013Hansen et al. 20)3The potential utility
and downstream applications of thesap productfave also changed as a result of
improvedmap quality. While early dasats areprimarily designed tgrovide
boundaryconditionsfor Earth system modg(Bonan et al. 2009brecentmaps of

finerresolution not onlyulfil the neef the biogeochemicamodellingcommunity,
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but alsoprovideessential informatiofor naturalresource managemefifansen et al.
2013.

Theaccuracy ofalandcovermaps of t en wuser Bod pri mary C
instance, GLCQO0 has an overall accuracyG8.6%(Mayaux et al. 2006and
GlobCover has an accuracy#8.1%(Bicheron et al. 2008 However theseaccuracy
numbers are often generated with divergkdation datasets and thus are not directly
comparabl€Fritz and See 200®flugmacher et al. 20)1More importantly, the
overall accuracy does not reflect the complex error structure of thase, because
errors in land cover classification are not equally distribatzgdsshematicclasses
as well asacrossspatial regiongStrahler et al. 2006

Perpixel comparison of land cover products is morenmfative than overall
accuracy as it can revdale spatial patterns of agreement and disagreement between
different maps. Many previous studi@eFries and Townshend 1994aitz and See
2008 Giri et al. 2005Hansen and Reed 2008erold et al. 2008Jung et al. 2006
have compared sets of two or three of the existing products and found substantial
discrepancieamong themPflugmacheet al. (201) compared four global land
coverdatasetsor Northern Eurasia and assesfisgimwith six Landsatased
reference mapg heyfound positive relationships between map errors and landscape
heterogeneity. High agreement tendbaédocatel in relatively homogeeous and
spectrally distinctegions, while low agreement tendsmlocated in heterogeneous
landscapes, land cover transition zoneslaatdieerspectrally similar classes.

However, & previous comparisostudies are limited to aibset of existing
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categorical maps and none of them includes fractional land cover products theh as
MODIS VCF.

Given the manwvailable datasetnd the level of agreemeamong them,
opportunities may exist to combitigese datéor animproved lanctover
characterizationYet few attempts have been madehis directionJung et al. (2006
collected multiple versions of GLC2000, GLCC and MODIS LC and merged them
into a joint -km map by crossvalking different land cover legendsritz et al.

(2011 created a hybrid cropland map for Africa using an approach modified from
Jung et al. (2006). Similarlygchepaschenko et al. (2Q3toduced a hybrid land
cover dataset over Russia by combing satedieved land cover map§|S database
and national statistics based on a set of knowledge rules.

The objective of this chapter is poopose a supervised, harmonizati@sed
method for integrating mukliesolution, multisource globatlataset$o improve land
cover characterizatiomo demonstrate this approasix global mapsre useds
input and one Landsdtased majs usedas reference to derive an integrated percent
forest cover (IPFC) map over North Ameridde integrated map is evaluated using
Landsat reference in the samay as the six inpudatasetso showthe improvement
resulted from data integration. Additionally, the existing global maps are cross
compared with each other tmderstandhe implications of the agreement and
disagreement among different produétkhoughwe focus on the representation of
forests in North America where sufficient reference data are available for assessment
of the results, the approach derived here can potentially be applieg largamarea

and any other land cover type
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2.2 Data

2.21 Global Land Cover @aracterization

The GLCC database was developed at a contimgbntinent basi¢Loveland et al.

2000. AVHRR 10day NDVI composites for the period of April 1992 to March 1993

were aggregated into monthly maximum NDVI compesito minimize cloud

contamination. Noivegetated land covers such as barren land, snow and ice were

identified using thresholds of the maximum NDVI and were masked prior to

classification. Water bodies and urban land cover were not classified from AVHRR,

but imported from the hydrography layer and populatechpc e s 6 filbmtha | ayer
Defense Mapping Agencyos DDapkotl®AnChart of
unsupervised algorithm was then applied to cluster the masked AVHRR monthly
composites andach cluster wasabded as one of th@61 seasonal land cover

regions. Each seasonallandcovee gi on was firstly transl at et
Ecosystems Legen®Ison 1994 and then croswalked into six different land cover

legends, including the IGBP scheme and the USGS Anderson scheme.

2.2.2UMD land covemroduct

The University of Maryland land cover product vedsogeneratedrom AVHRR

data butwith a supervised classification proceduig¢ansen et al. 2000The1-km
AVHRR 10-day NDVI composites and the five optical bands were used to create a
total of 41 annual metridgacluding the maximum, minimum amdean NDVI as well

as pixel values of chanrgl to 5 associated with the eight greenest and the four

warmest months. Training datgerederived from a total of 156 6@ Landsat
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Multispectral Scanner (MSS) images. A decision tree model was trained aretlappl
to the annual metrics to create vegetation classifications. The urban angbeidss
was taken from GLCC, which was in turn taken from DAWe UMD product
employsa classification scheme modified from IGBP for use with the Simple
Biosphere (SiB) gneral circulation modébellers et al. 1986Since the SiB scheme
does not includegaicultural mosaics, wetlandsnow and ice classes, thesasses
were not explicitly characterizethstead the snow and ice classimcludedin the

bare ground class.

2.2.3Global Land @ver 2000

The Global Land Cover 2000 (GLC2000) project was initialized by the European
Uni ondés Joint Research Center (JRC) with t
map for the International Conventions on Clim@hange, the Convention to Combat
Desertification, the Ramsar Convention and the Kyoto Pro{@astholomé and

Belward 200%. Input data werbased on SPGZ VEGETATION VEGA2000

acquired from November 1999 to December 2000. The whole globeiwvidedinto

19 regionsand the classification for each region was carried out by local experts

using independent methods and legends that are most appropriate for the respective
region. Subsequently, regionahd coverclassesvere translated tagloballegend
accor di n d¢gand @veF@aGsifisation System (LCO®) Gregorio 200%.

Some parts of global classification were further improved using ancillary data such as

digital elevation data amighttime lights data
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2.2.4MODIS land cover product

One of the standafdODIS productss the dobal land cover map (MCD12Q1)
generated at Boston University. Multiple versions of this product have been
generated, all of which employed a supervised decision tree alg@Ftied| et al.
2002 Friedl et al. 201 Input data and features inclubie nadir BRDF
(bidirectional reflectance distribution functieajljusted reflectance data, land scefa
temperature, enhanced vegetation index, and annual metrics (min, maxpmean)
each band. Training dateerederived from Landsat images taken from the System
for Terrestial Ecosystem Parameterizatidatabase, which includdd60 sites
distributed aarss the globe. Thitnal map was a result of an iteratifieb o o st i ng o
proceduré an ensemble classification methadvhich multiple classificationsvere
carried oubased on resampled training data Hrelfinal classification was
determined bynaccuracyweighted vote. The product is available in multiple land
cover legend including the IGBP scheme, thMID schemethe MODISleaf area
index/fraction of phaisynthetically active radiatiotlass systenfiMyneni etal.

20032, an 8biome classification systefRunning et al. 1995and a 12Zclass plant

functional type classification systef@onan et al. @029.

2.2.5MODIS \egetation continuousédlds

The MODIS vegetation continuous fields (VCF) product is also a atdridODIS
land product (MOD44B)lt estimates fractional vegetation coatisubpixel level,
representing ¢heoretically advanced clhaterization of land cover over categorical

maps The latest version is generated at a spatial resolution einZ&tnually from
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2000 to 201@DiMiceli et al. 201). Following an established method described in
Hansen et al. (2003bagged regression tree maxlekretrained using a large
Landsatbased reference sample and annual phenological metngsosded from

the 16day surface reflectance including bandg and brightness temperature from
bands 20, 31 and 32. The maxlekreapplied to annual phenological metrics to
predict percent tree cover per MODIS pixel per year. Poor pixels wieobeither
cloud, cloud shadow, high aerosol odlzaview zenith angle > 45%¢erereduced
through the composition process and the remwan¢flagged in the quality
assurance (QA) layewhite et al. (200pvalidated the Collection 1 MODIS VCF
against independent field data across the arid southwestern United States, and later
Montesano et al. (200@valuated the Collection 4 product using reference data
derived from higkresolution images across the boragia ecotone. Recently,

Sexton et al. (2013&stimated the error of Collection 5 VCF against measurements
of tree cover from smafotprint Lidar data in four sites across three different forest
biomes and found that tmeotmeansquareerror RMSE) of Collection 5 MODIS

VCF ranges from-21%.

2.2.6GlobCover land cover product

The GlobCover project, condigdl by the European Space Ageneyes designed to
generate a landower map of the world using 360 data fromthe Medium
Resolutionimaging Spectrometer Instrumemtboardthe ENVISAT satellite
(Bicheron et al. 2008 Input data were acquired for the perbetweerDecember
2004andJune 2006. Clouftree surface reflectance mosaics were genethtedgha

series of prgrocessing steps including geometric correction, cloud screening and
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shadow detection, land/water classification, atmospheric correBiRIDF correction
and temporal compositing. The mosaics were stratifiedbioiimatically
homogenousegionsacross the world and then converted to land cover negjosn
by region The oveall classification procedureonsisted of a supervisstepand a
unsupervisedtep Land cover classes thaerenot well represented such as urban
and wetlandyvereclassifiedwith a supervised algorithisnd the remaining pixels
wereclusteredwith an unsupervisedigorithm Clusters with similar temporal
featureswere grouped intca manageable number of specteahporal classes and
thenlabdedto land covetypesfollowing the UNLCCS. Some local land cover
products were used as reference to-funee the global map as a patassification
step. Flooded forests wd were largely underestimated were directly imported from
theregional dataDelineation of water bodies was improved by incorporating the

Shuttle Radar Topography Missitater Body Data

2.2.7 U.S. National Land Cover Database

The Landsabased\ational Land Cover Database 2001 (NLCD2001) over the
conterminous United StatéEONUS)(Homer et al. 200¢is used as reference for
training the integratiomodelas well as evaluating the input and outpidducs. To
produce the NLCD2001, the CONUS was divided into 66 relatively homogenous
zones with respect to landform, soil, vegetation, spectral reflectance, etc. AVHRR
derived NDVI was used to select Landsat 7 or 5 images acquired in early, peak and
late of vegedtion growing seasonSelected Landsat images wepnverted to at
satellite reflectance for the six reflective bands and-gagllite temperature for the

thermal band and subsequently transformed to brightness, greenness and wetness
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indices through dasseledCapTransformatior(Huang et al. 20QXauth and

Thomas 197p A decision tree classifier was used with training data obtained from

aerial photographs, fieldiork as well as the Forest Inventory Analysis (FIA)

database. As a result, 29 land cover classes were mafgeihted against expert

interpreted im Digital Orthofoto Quarter Quadrangles, the NLCD2@@ds proved

tohaveB 7% user 0s accur asaccuaaybortie®reiéaspr oducer 0

(Wickham et al. 2010

Table2.1 Summary of key features of the global and regional land cover products

Product Sensor Date Resolution Classification

approach
GLCC AVHRR Apr. 19921 Mar. 1993 1-km Clusteringi labeling
GLC2000 SPOT4 Nov. 19991 Dec. 2000 1-km _ Depends on
individual region
GlobCover MERIS Dec. 2004 Jun. 2006 300m Supervised and
unsupervised
MODIS LC MODIS Oct. 2000/ Oct. 2001 1-km Decision tree
MODIS VCF MODIS Oct. 20001 Dec.2001 500-m Regression tree
UMD LC AVHRR Apr. 1992i Mar. 1993 1-km Decision tree
NLCD2001 Landsat 5% 7 Circa 2001 30-m Decision tree
2.3 Method

The data integration method consists of a serieepEswhich are illustrated in
Figure2.1 and are described in details in each of thesmdtions bellow. As a pre
processing step, all products were reprojected to Lambert Azimuthal Equal Area
projection with the WGS84 datum. They were also matched to an exactly same

spatial extend using neateighbouresampling.
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Figure2.1 Overall flowchart for deriving the integrateekin percent forest cover

product.

2.3.1Standardization to a common spatial and thematic scale

These various datasetsageto be standardized to the same spatial and thematic scale
for integration. We first define a set of translation rutesdnvert each categorical
landcover class into proportional forest canopy cover and proportionaionest

cover based on each sgaxdefinition and then spatially coarsen each product from

its native resolution to-&m to derive fractional canopy coverage of forest and
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nonforest per &m grid. A 5-km spatial resolution was chosen for consistency with
the Climate Modeling Grid usédr MODIS and AVHRR productéPedelty et al.
2007). Aggregating categorical cover maps frorkn to 5km reduces spatial
misregistration between products and also yields a dynamic range sufficient for
fractional cover.

2.3.1.1Legend translation

A set of translationruleswasusec convert each mapbs catego
into a Aforest canopy covero percentage ba
mapso6 vegetati on cohwosdyans heebaceoustcenbpy closute b as e d
as well as vegetation height. Asdissed earlier, tH&BP defined closed forest as

an area with woody cover60% and open forest as woody cover between 30% and

60%, both with tree height 2 metergBelward 1998. Aside from misclassification

which i s inevitable in any practical l and co
closed forest in the IGBP scheme can still have forest canopy closure as low as 60%,

with up to 40% of the remaining area being occupied by other land cover ypes.

appioximate the actual forest cover in a coarse grid, we assigned a proportional

weight to each classified pixel corresponding to the mean value of its woody canopy

closure as defined in its original legend, e.g. 80% to closed forest and 45% to open

forest forthe IGBP legend. Classes like closed and open shrublands, croplands,

grasslands, permanent wetlands, urban andypilsnow and ice, bare, as well as

water bodies, do not contain any forest cover. Therefore they were assigned a 0%

forest cover and 1060 nonforest cover. The mosaic classes in different keoer

legends raise challenges in any legend harmonization (@orig et al. 2006 The
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cropland/natural vegetation mosaic clasthe IGBP legend contains a mixture of
four classes including croplands, forests, shrublands and gras@ahdard 1996¢.

It was therefore split into 25% forest cover and 75%-fooest cover. The complete
legerd translation rule set is given in Tabl.2MODIS VCF directly gives percent

canopy cover for each pixel and hence no further translation is needed.
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Table2.2 Proportional legend trataion rules for different landover legends.

Landcover . Forest canopy
Categorical class :
legend proportion
IGBP Forest(>60%) (evergreen needleleaf, deciduous needleleaf,
; 80%
legend everygreen broadleaf, everygreen needleaf, mixed)
(GLCC, Woody savanna0-60%) 45%
MODIS LC) Savanna$10-30%) 20%
Cropland/natural vegetation mosaic 25%
Shrublands (closed, open), grasslands, permanent wetlands, urb
and builtup, snow and ice, barren or sparsely vegetated, 0%
croplands, water bodies
UMD LC  Forest(>60%)(evergreen needleleaf, deciduous needleleaf, 80%
everygreen broadleaf, everygreen needleaf, mixed)
Woodland(40-60%) 50%
Wooded grasslan(.0-40%) 25%
Shrubland(closed, open), grassland, bare ground, urban and buil 0%
cropland, water 0
GLC2000 Tree cover, closed (>40%) (evergreen broadleaved, deciduous 70%

broadleaved)
Tree cover, open (180%) deciduous broadleaved) 27.5%
Tree cover (>15%) (everygreen needleleaf, deciduous needlelea

0,

mixed leaf type, regularly flooded freshgaline) 57.5%
Mosaic: tree cover / other natural vegetation 50%
Mosaic: cropland / tree cover / other natural vegetation 25%

Burnt, shrub cover (evergreen, deciduous), herbaceous cover, sj
herbaceous or sparse shrub cover, regularly flooded sindibr
herbaceous cover, bare areas, artificial surfaces and associal 0%
areas, cultivated and managed areas, mosaic: cropland / shrt
and/or herbaceous cover
GlobCover Closed forest (>40%) (broadleaved deciduous, needleleaved

evergreen) 70%
Closedto open forest (>15%) (broadleaved evergreen or-semi

deciduous forest, mixed broadleaved and needleleaved, 57.5%

broadleaved forest regularly flooded)

Open (1540%) broadleaved deciduous forest/woodland, open (1! 27 5%
40%) needleleaved deciduous or evergifeesst ‘
Mosaic forest or shrubland (5%) / grassland (280%) 30%
Mosaic grassland (500%) / forest or shrubland (Z&0%) 17.5%
Mosaic vegetation (grassland/shrubland/forest){8%) / cropland 20%

(20-50%)
Mosaic cropland (5F0%) /vegetation (grassland/shrubland/forest 11.7%
(20-50%) '

Closed to open shrubland, closed to open herbaceous vegetatio
sparse vegetation, closed broadleaved forest or shrubland
permanently flooded, closed to open grassland or woody
vegetation on regulbrflooded or waterlogged soil, artificial 0%
surfaces and associated areas, bare areas, permanent snow
ice, postflooding or irrigated croplands, rainfed croplands, wal
bodies

Note: nonforest proportion = 100%orest canopy proportion. Land covdasses in
each legend are grouped in the table according to forest canopy proportion in each

respective class.
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2.3.1.2Spatial aggregation

With the legend translation rules descriladdve each land cover product was
converted to a percent forest coweap at its native resolution. Each percent forest
cover map was then overlaid on th&r grid to calculate percent cover within each
5-km grid cell. For example, for thekin categorical GLCC, the aggregation was
carried out by employing a 5x5 pixelnwdow moving across the map. Within the
local window, each classified pixel was first multiplied by its clgsscific
proportional weight defined by the legend translation rule, and then averaged to
derive the proportional forest and nforest cover with the 5km grid. Other
categorical maps were aggregated in the same way as GLCC. As MODIS VCF
directly measures the percentage of forest canopy, we simply aggregated it from 500
m to 5km with a 10x10 moving window by averaging the 100 pixel values nvitie
window.

2.3.1.3Deriving agreement metrics

At the pixel level, it is reasonable to believe that a given land pixel is more likely to
be forest if all six products independently classify the pixel as forest than if only one
product identifies it aforest and the other five products label it as-farest. Thus,
different levels of agreement reflect varying degrees of certainty regarding the true
forest cover in one pixel. In order to directly incorporate this agreement information
into data integridgon, we calculated the pixélased agreement metrics for the forest
class. This analysis is based on categorical maps in parallel with the above legend

translation and spatial aggregation process. As four of the six input products (i.e.
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GLCC, GLC2000, MDIS LC and UMD LC) have an original resolution ek,

we first align all the six products atkin resolution to calculate akkm f or est fvot e
map and then derive thekn agreement metrics based upon tHenlvote map. The

300-m GlobCover was resampléal 1-km resolution and the 56 fractional

MODIS VCF was spatially averaged tektn first and converted to binary forest and

nonforest by applying a 30% threshold according to the IGBP definition.

To assess the degree of correspondence between fireducts at km, we
evaluated each pixel aset number of times it was laleel as forest by the six maps,
resulting in a value between 0 and 6: the higher the value, the higher the agreement
between the products for the forest class. TRenfagreement etrics were derived
by grouping the &m metrics using a 5x5 pixel moving window. Within the local
window, the tkm agreement pixels with values between 0 and 6 were noted and each

5-km grid was characterized by the frequencies of each of those values.

2.3.2 Supervised training and prediction

A supervised regression tree algorithm was used to model the relationship between
reference cover from NLCD2001 and forest cover as well as agreement metrics from
the coarse datasets. THe@sed classification andgmession methds are well

established in landover characterization studiésg.Friedl et al. 2002Hansen et al.
2003 Hansen et al. 200BHomer et al. 2004Sexton et al. 2013&exton et al. 2013b
Xian and Crane 2005 Regression trees have the theoretical advantage of handling
nortlinear relationships by recursively splitting the sample into binary partitions until
criteria of accuracy or purity are m@reiman et al. 1984 This algorithm produces

a hierarchical set of decision rules, each of which terminates in a linear regression
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model. Predictor variables consist of the proportional forest andonest cover

layers derived through legend translation and spatial aggregation. The seven
agreement metrics layers are used in the conditional statements of the regression rules
to parameterize the tree model. Reference data were derived by aggregating
NLCD2001 from 30m to 5km resolution to calculate the percentage of forest pixels

per 5km grid. A total of 40713 pixels (~12% of land pixels) were systematically
selected from the aggregated NLCD2001, from which half were randomly selected

for model trainingand half for validation.

2.3.3Product evaluation

Accuracies of the six input datasets and the output integrated percent forest cover
(IPFC) dataset were evaluated against the aggregated NLCD2001 using mean bias

error (MBE), root mean square error (RMSiaH F:

- "9 | (2.1)

2 - 3% | (2.2)

(2.3)

where i is theixel index; 0 is the value of IPFC or forest cover of each input
product;2 is the reference forest cover per samples the mean of reference, and n
is the sample siz@Villmott 1982). The test sample was further dividaccording to

reference values into three subsets representing low, moderate, and high forest cover
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(i.e. 0-30%, 3160%, 62100%), respectively. Accuracy metrics were calculated
using the entire test sample as well as these three subsets to repsddgecdiaid

error by categories of percent forest cover.

2.4 Results

2.4.1Model fitting and assessment

Evaluation of the regression tree model using 20,357 training cases yielded an
average error of 6.46% with a correlation coefficient between referedgeredicted
cover of 0.94. Internal Xbld crossvalidation on training data estimated a slightly
higher average error of 6.78% and an identical correlation coefficient. Independent
evaluation of the model using a withheld sample of 20,356 test caseatedta
further slightly higher average error of 6.91% and a same correlation coefficient of
0.94 as using the training data, suggesting negligible modefittugy with the
training sample.

The most important predictor variable was forest cover défrcen MODIS
VCF, which was used in 65% of the conditional statements and in 69% of the
terminatnode regression models (Tal28). All the six products were highly used in
the leafnode multivariate regression models, with forest cover from GLCC as the
most frequently used variable and forest cover from MODIS LC as the least
frequently used one. Relative to forest/nonforest cover variables, agreement metrics
had moderate to low usage rates in the conditional statements. Agreement metric at
level 0 was usiin 32% of the conditional statements, while other agreement metrics

had usage rates less than 10%. The low usage of other agreement metrics in the
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conditional statements is probably due to high usages of forest cover variables from
MODIS VCF, MODIS LC, WMD LC, GlobCover as well as agreement metric at level

0, which, collectively, provide adequate informationdplitting the regression tree.

Table2.3 Usage of predictor variables tiheregression tremodel

Predictor variable Conditional use rat¢ Terminatnode regression use ra
MODIS VCF forest cover 0.65 0.69
MODIS LC forest cover 0.48 0.22
UMD LC forest cover 0.36 0.56
GLC2000 forest cover 0.36 0.83
Agreement level 0 0.32 0.00
GlobCoverforest cover 0.24 0.49
MODIS LC nonforest cove 0.13 0.42
GLCC forest cover 0.10 0.90
GlobCover nonforest covel 0.07 0.30
Agreement level 6 0.05 0.00
Agreement level 1 0.05 0.00
UMD nonforest cover 0.04 0.26
Agreement level 5 0.03 0.00
Agreementevel 2 0.03 0.00
Agreement level 4 0.03 0.00
Agreement level 3 0.02 0.00
GLCC nonforest cover 0.01 0.85
GLC2000 nonforest cover 0.00 0.49

2.4.2The integrated forest cover maper North America

The integrated product depicts wkilown patterns dfforest cover over North

America, including contiguous forash the eastern and Pacific nostrestern United

States and boreal Canada (Figu®.2The IPFC also shows the climatological
fragmentation of forests in the southern Rocky Mountains as widedsengitudinal
gradients in ecotones between boreal forests and tundra. Tropical and subtropical dry

forests in Southern Mexico are represented by moderate to high forest cover.
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Agricultural fields in the Great Plains are depicted with very low fareger.
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Figure2.2 The integrated percent forest cover map over North America.

A comparison of the six input datasets and IPFC over the Chesapeake Bay
region in Eastern United States highligtierences in fragmented are&sdgure
2.3). This region is covered by a complexdaoape including forested natiomarks,
high density urban lands of the Washington-B&ltimore metropolitan, suburban

low-density residential lands, as well as agriadtfields in Maryland, Delaware, and
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Virginia. The fragmented and heterogeneous landscape raises great difficulties in
landcover classifications with coarse resolution satellite data and can lead to
substantial disagreement between the existing pro@eicfsre2.3 (a)). Each of the

six products shows a varying degree of ewgrunderestimation of forest cover as
compared with NLCD2001, while the integrated product shows the closest visual

similarity with the reference.
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Figure2.3 Subsets of forest cover maps in the Chesapeake Bay region in eastern U.S.
(a) Forest agreement of the six input productslanhlspatial resolution. (b)

NLCD2001 reference atkm spatial resolution. (c) The integrated product-ktrb

spatial resolution(di i) Forest cover derived from the six existing products-iain5

resolution.
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2.4.3Evaluation of the integrated product versus input datasets

Figure2.4 shows the density scatter plots efrd forest cover derived from the six

input datasets as well asetnewly integrated product against reference forest cover
derived from NLCD2001. General patterns of agreement and disagreement between
coarseresolution products and reference were revealed across the conterminous
United States. The highest valuesrattional forest cover derived from categorical

maps (i.e. GLCC, GLC2000, GlobCover, MODIS LC and UMD LC) all saturated at
around 80% due to semantic uncertaintgistreteclassifications. Since the actual

forest cover within a coarse pixel grid was nokwn, a mean 80% cover value was

assigned to the closed forestclass MODI S VCF al so saturated
conclusion with previous VCF validation studidgontesano et al. (2009Sexton et

al. (20133 White et al. (200p). However, the density scatter plots of MODIS VCF
against reference presented a narrower diagonal line than other products, suggesting a
less overall bias. As such, MODIS VCF was the most frequently used variables in
constructing the regression tree model. Combining of the six products and calibrated
by NLCD2001, the newly integrated product has substantially improved forest cover
estimate asevealedoy the scatter plofs a highest value of 100% forest cover and a

concentrated and nearly symmetric 1:1 line.
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Figure2.4 Scatter plots of &m percent forest cover derived from global land cover
products against reference percent forest cover. The x axis in each scatter plot
represents reference forest cover derived from NLCD2001 and the seprésents

each individual global product as well as the integrated product. The data are based

on 20,356 systematically selected samples from conterminous United States
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Statistically, he IPFC estimates showed greater consistency wittetbeence
data than all of the input datasets, which varied in their accuracy relative to
NLCD2001 {Table2.4). All six input datasets showed fairly highglobally
(between 0.7 and 0.8) against the reference data, but IPFC achieved a considerably
higherr? of 0.87. MODIS VCF consistently underestimates forest cover in every
stratum, whereas GLCC, GLC2000, GlobCover, MODIS LC and UMD LC
consistently overestimate forest cover in the lowest stratum but underestimate in
moderate and high strata. IPFC hadightly greater bias than MODIS LC and UMD
LC in the lowest stratum but has the lowest bias among all the products in moderate
and high strata. The RMSE was twice as great in the modera@®¥8)Land high
(61-100%) ranges than in the low-80%) stratunfor every product, implying great
uncertainties in charactering medita high-density forests using coarsesolution
satellite data. At the low end of forest cover, the integrated dataset was slightly less
accurate than MODIS VCF, but at moderate ghtgover range, IPFC was
considerably more accurate than any of the six input datasets. The overall RMSE of
the integrated product against reference was 11.75%, significantly lower than a
17.37% of GLCC, 17.61% of GLC2000, 17.96% of GlobCover, 15.23%@DN

LC, 19.25% of MODIS VCF, and 15.15% of UMD LC, respectively.
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Table2.4 Evaluation of the integrated percent forest camapand the sixnput

global landcovermaps

MBE (%) RMSE (%) r?
Product 61- 61-
0-30 31-60 100 0-100 0-30 31-60 100 0-100 0-100
GLCC 3.56 -2.92 -9.64 -0.59 13.45 24.28 20.34 17.37 0.72

GLC2000 1.74 -5.98 -14.75-3.38 14.41 23.57 20.10 17.61 0.72
GlobCover 3.95 -8.51 -23.13-4.42 11.8118.98 27.70 17.96 0.72
MODIS LC 0.32 -8.92 -12.5¢-4.20 10.28 21.00 20.32 15.23 0.79
MODIS VCF -1.76 -16.8€-27.8€-10.32  7.55 22.8232.77 19.25 0.77
UMD LC 0.55 -6.73 -13.92-4.02 8.97 20.2222.1215.15 0.79
IPFC 1.26 -0.73 -5.53 -0.66 8.78 16.1014.53 11.75 0.87

Note: Test sample stratifiedinto three subsets representing low moderate and high
forest cover (i.e. B0%, 3160%, 6:100%), respectively. Whilé is calculated using
the entire test sample-@®M0%), MBE and RMSE are calculated using these subsets

aswell as the entire sample.

2.5Discussion

2.5.1 Global patterns of land cover agreement

Figure 2.5shows the spatial patterns of agreement and disagre@anémtest and

cropland classes between the six global maps used in the integration analysis. For the
forest class, strong agreement is found in tropical humid, temperate and boreal forest
biomes in all continents, but transitional zones between forest hadimbmes are

poorly characterized, most evidentAfaska northern Canadand eatern Siberia.

Arid, semtarid andsparsely vegetated biomes generally have poor agreement on
forest cover such authern Mexicothe Brazilian @rradothe Gran Chacdhe

Sahel belandsarannasn southern AfricaFor the cropland class, the hotspots of

globalagriculturallands are well depictetbut substatial disagreement is found,
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particularly in Africa.
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Figure2.5 Agreement and disagreement between global land cover maps for (a)
forest and (b) cropland. Each value in the legend indicates the number of products
that agree on forest or cropland clésation. Six products GLCC, UMD LC,
GLC2000, MODIS LC, MODIS VCF and GlobCover are overlaid to calculate per
pixel agreement for the forest class. Four products GLCC, UMD LC, GLC2000 and

MODIS LC are used to derive agreement for the cropland class.
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Differences in these global da&scanstem from multiple sources including
different land cover definitions, satellite sensor systems, acquisition dates,
classification algorithms, as well as image misregistrationDeEries and
Townshend 1994d&-ritz and See 200&iri et al. 2005Hansen and Reed 2000
Herold et al. 2008Jung et al. 200@flugmacher et al. 2015o0ng et al2014a
Townshend et al. 1992The discussion here is not to @stigate reasons of their
disagreement as has been done, but to focus on the implications of such agreement
and disagreement for generating or refining future land cover mapmgnd a
positive relationship between the level of agreemedtfarest coer density (Figure
2.6). For example, at-km resolution, for pixels where forest cover > 60% according
to NLCD reference, most of the pixels are characterized as forest by at least 4 of the 6
global mapsThisfinding may shed light on future global lasdver mapping.

Specifically, one of the key requirements in producinga@bgl map is to collect
sufficientandrepresentative training samgleownshend et al. 20)2The agreement

map may provide useful information to guide training selection. Pixels that have high
agreement may be directly used as training data. A similar idea has been successfully
implemented bySexton et al. 2013ain which reliable MODIS VCF pixels are

employed as training to derive VCF products at the Landsat resolution. More analysis

is neee@d to demonstrate the applicability of this idea for other classes (e.g. cropland).
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Figure2.6 An equalized histogram ofHm crossproduct agreement metrics against
reference forest cover. Strong agreements between six independent land cover
products occur at the high forest cover strata, while weak agreements are
concentrated around moderate &treover strata.

2.5.2 Global application of theataintegrationmethodology

The developedataintegration methodology was applied to the globaleseatept
Oceania and AntarcticRegional land cover maps at sLB0 meter resolution were
collectedor derivedas reference for map integrati@pecifically, we addedhe Earth
Observation for Sustainable Devetopnt of Forests (EOSD) forest cover map
(Wulder et al. 200Bto augment the NLCD training for North Amea. PRODES
deforestation magpover the Brazilian Amazon
(http://www.obt.inpe.br/prodes/index.phand theParaguay forest cover age
(FCC) datasetHuang et al. 2009avere usedn South America. T@chieve a
comprehensivgeographicatlistribution of thetraining data, welsoclassified 10

Landsat image® forest/nonforest maps in South Ameri€aey are located in a
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variety of ecosystems including the Brazilian Cerrado, agri@allareasn Uruguay,

and temperatmountain forests in southern Chile as well as desert in northern Chile.
Similarly, the vectotbased Africover database, the®0Oresolution FCC product over
DemocraticRepublic ofthe Congo(Potapov et al. 20)2the South Africa National
Land Cover produdFairbanks et al. 20QQvere used in Africa; the CORINE Land
Cover databasever Europe, the 6 FCCproduct over European RusgiRotapov

et al. 201}, Chi n a 6Land SaverLiwoehah P00, and the FCC datasets
generated by the Northern Eurasia E&tirence Partnership Initiativeere

employed in EurasiéPflugmacheet al. 201} The geographical distribution of the
training datasets is shown in Figure 2.7 and the derived forest cover maps are shown
in Figure 2.8 (South America), Figure 2.9 (Africa) and Figure 2.10 (Eurasia),

respectively.
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Figure2.7 Regional reference land cover datasets collected or generated for the
integration of global land cover products.
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Figure2.9 The integrated percent forest cover map over Africa.

48



Forest cover (%)

[TJo-10

[J10-20
[ J20-30
[ ]30-40
B -5
T
I 0-70
B 0%
I 0
B <0100

l:l i 0 1,000 2,0({)(([)n

Figure2.10 The integrated percent forest cover map over Eurasia.
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2.6 Conclusions

Global land cover products show substantial discrepancies in their representation of
land surface type, including forests. Thimptempresens a data fusion method to
integratemulti-source multi-resolution 800-m to 1-km) global landcover maps to
derive a new hybrid foresbverproduct. Different from previous data fusion
methodology bylung et al. (200GandFritz et al. (201), which mainly relies on the
agreement between different landver poducts, this approach also uses gdar
sample of Landsabased lan@¢over dataset as reference togmte the integrated
product witha supervisetearningalgorithm Compatible wth previous work,
however, landover characterization is greatly improuggcombing variousources
of existing datasetg&ssessment of errors relative to a withheld test sample suggests
that the integrated forest map has an overestimation in low forest cover stratum (i.e.
0-30%) and a slight underestimation in moderate 3ile60%) to high forest cover
strata (i.e. 64100%). Nevertheless, compared to the existing maps of forest cover, a
considerable improvement is achieved through data integration with an overall RMSE
of 11.75%against Landsat reference. Tgreatest improweents are achieved in
moderate to high forest cover regions.

Research on synthesizing existing land cover dataseatsoovedcropland
mapping is being actively conductéBritz et al. 2015Fritz et al. 2010See et al.
2014 Yu et al. 2013 Although demonstrated with forest covere the developed

methodologymaybe applied to croplahand other classes.

50



Chapter3: Annual Detection of Forest
Ti me Series Satellite Measur emen

3.1 Introduction

As reviewed inChapter2, given the multiple factors that caontribute tahe
observed disagreemdmtweerdifferent land covedatasetssimply subtracting two
land cover mapef different times do notyield reliableland cover changd.o
characterize land cover change, a number of lasisistencyequirements are
neededparticularly forpostclassification change detectidi) Land cover needs to
be defined consistently across a study region and over(iijr®atellite data should
be from the same sensor or sensors of similar charactenistarsns ofspectral
bandvidth, smatial resdution, view geometry and location accuracy, etc. (iahd
cover maps should be generated using an idemtioaedureAn existing dataset that
fulfils these requirements is the MODIS VCF product.

Land cover change detection methods have been evdbsiryer four
decadesnd a variety of approaches have been devel@eppin et al. 2004Lu et
al. 2004. Mostsuccessful applications tfese methods iforest cover change
monitoringare carried out dongtemporal intervalsg.g.,5 yeas, 10 yeasor longer)
(Achard et al. 200Hansen et al. 201®ansen et al. 2008tluang et al. 2009c
Masek et al. 2008Vayaux et al. 201.3Sexton et al. 20)4However, sveral studies
have shown thdbrest change ratesmnvary substantially from one yetr anotheiat
various spatial scaldslansen et al. 201B3uang et al. 2009Masek et al. 2013

Hence, change products derivedoatg temporal intervals cannot capture such
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temporal dynamics, especially when forest cover change is caused by harvest and
other land management pracg¢din and Sader 2005n areas where forests can re
establish within a few years after having been cleared, codesgal change
detection may also miss significant portiongarestlossthat are followed by rapid
regrowth(Masek et al. 2008

To overcome these limitations, a growing number of studies have exploited
dense time ses of satellite observations for monitoring forest cover change. In
particular, a number of novel techniques have recently emerged for reconstructing
forest change history using dense time series of Landsat irftdigasg et al. 2009a
Huang et al. 2010&ennedy et al. 20QKennedy etal. 2000 Consi st-i ng of
viewo Landsat obser vat i o(Huangetale2009bsycle ar or
image stacks allow forest change mapping at annual or biennial time steps. Although
Landsat preides one of the longest and most consistent satellite records of the land
surface with a spatial resolution suitable for monitoring many types of anthropogenic
land cover changélownshend and Justice 1988ense time series of Landsat
observations do not exist in many areas outside the(Gdsvard et al. 2006 So far,
optimized global collections of Landsat images are available only for a few selected
epochs centered at 1975, 1990, 2000, 2005 and(#itthan et al. 2013
Townshend et al. 2012 ucker et al. 200¢ although global walto-wall coverage
has been constructed using all available Landsat 7 Enhanced Thematic Mapper Plus
(ETM+) images between 2000 and 2@{Hansen et al. 20)3In the tropics, where
most carbon emissions from deforestation are located, cloud and shadow

contamination is another limiting factor for largeea land cover change mapping
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with LandsatfAsner 200). Coarseresolution sensors, such as MODIS, with a daily
revisit frequency, have a greater paibbity of obtaining cloudree observations
annually(Asner 2001 Broich et al. 201}

Methods for mapping forest disturbance using time series satellite data mainly
rely on detecting structural changeshe spectral responses of a pixel over time
(Kennedy et al. 200Kennedy et al. 203&hu et al. 201Por changes in spectral
based indices, such as the Normalized Difference Vegetation Index (NDVI)
(Kleynhans et al. 2011 unetta et al. 20Q6/erbesselt et al. 20} 0Enhanced
Vegetation Index (EVI{Clark et al. 201)) disturbance indegHealey et al. 2005
Masek et al. 2003 MODIS global disturbance indéMildrexler et al. 2008 the
integrated forest-score(Huang et al. 2010Qaetc Spectral indesbased methods
(e.g.,NDVI) typically seek a drop in intesnnual signals to infer forest loss or an
increasdor forest gain. Whereas NDVI is a robust indicator of vegetation cover, even
a strong drop in NDVI may not be unambiguously related to forest loss, as other
vegetation changes, such as crop rotation, may result in similar patterns of NDVI
change. Moreovetime series of vegetation indices are often sensitive to fluctuations
in primary productivity and/or climatic fluctuations at iraanual scales, causing
difficulties for land cover change detectiirambin 1999. As an alternative,
explicitly converting intraannual satellite signals to annual continsitnee cover and
then tracking yeato-year changes in tree cover provides another useful way for
disturbance mappin@iansen and DeFries 2004ambin 1999.

The objective of thighapteris to develop antkst a novel procedure to

guantify annual forest cover loss using time series MODIS Vegetation Continuous
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Fields (VCF) tree cover dataset. The MODIS VCF product (MOD44B), currently in
Collection 5, has a spatial resolution of 28Gand a temporal resolati of one year
from 2000 to 201@DiMiceli et al. 201). More details of this dataset are described in
Section3.2 of thechapter In Section 3, an algorithmgalledVCF-based Change
Analysis (VCA), is presented with an overview followed by detailed descriptions.
The algorithm is then tested in two distinctive biomes of various patterns of forest
cover los® the southern Amazon and the Western &.81d evaluated using
reference data derived from Landsat. The qualitative and quantitative evaluation
results are presented in Secti®. We then discuss the study using global examples
of the algorithm implementation in Secti8b and draw general conclusions in

Section3.6.

3.2Yearly MODIS VCF data

The MODIS VCF tree cover data have been used in a wide range of Earth system
studies such as simulating climéteawrence and Chase 200quantifying gross

forest cover losgHansea et al. 2019 mapping forest canopy heigl8imard et al.
2011, mapping forest biomagSaatchi et al. 20)1analyzing the conservation status
of tropical dry forestgMiles et al. 2005 estimating carbon emissions from
deforestatior{Harris et al. 2012} and as a source of training for a Landsated

global tree cover datasgkexton et al. 2013aThe current version is generated at a
spatial resolution of 25 annually from 2000 to 201@iMiceli et al. 201). To

make the product, bagged regression tree rsa@tetrained on a large Landshased

reference sample and annual phenological metrics composited from the MGDIS 16
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day surface reflectance incling Bands 47 and brightness temperature from Bands
20, 31 and 32Hansen et al. 2003The moded arethen applied to annual
phenological metrics to predict percent tree cover in each MODIS pixel iryeach
Here tree cover refers to percent canopy cover, which measures the proportion of
skylight obstructed by tree canopies equal to or greater than 5 m in (iéggisen et
al. 2003. Poorquality pixelsdue to either cloud, cloud shadow, high aerosol or >45°
view zenith angle are reduced through the composition process, and the remnants are
flagged in the quality assurance (QA) layer as a per pixel quality indittasor.
important to note that the yeaNCF product is generated based on
atmosphericalicorrected surface reflectance (a uniform physical value that enhances
spatial consistency for the global characterization of tree cover, as well as temporal
consistency for change analysis)

An early version of VCF was validated using higisolution IKONOS
images and field data in ZamM{idansen et al. 2002The Collection 1 global VCF
product was validated against independent field data across the arid Southwestern
United StategWhite et al. 200 and later, the Collection 4 product was evaluated
using reference data derived from higisolution images across the borzagja
ecotongMontesano et al. 2009Recently, the error of the Collection 5 VCF was
estimated against measurements of tree cover from-fvogrint Light Detection
and Ranging (Lidgrdata in four sites across three different forest biof8eston et
al. 20134 Additionally, many studies have cressmpared the MODIS VCF to other
remotelysensed global land cover datagéteiskanen 2008chepaschenko et al.

2011, Song et al. 2014&o0ng et al. 2001 These independent assessments found that
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saturation of the optical signal, phenological noise and confusion with dense
herbaceousegetation led to errors in the earlier MODIS VCF, varying between 10
31% in terms of roemeansquare error (RMSE) andZ1% in the latest version
(Montesano et al. 200%exton et al. 2013&Vhite et al. 200p The latest Collection

5 MODIS VCF product is used in this study.

3.3 The VCA dgorithm

3.3.1 Algorithm overview

Our algorithm explicitly tracks changes in tree cover over tmseopposed to existing
time series approaches of forest cover change detection (e.g(HW@mg et al.

20103, LandTrendi(Kennedy et al. 200), which rely on spectral indexes to infer

forest cover change. This new method, which also improves upon existing empirical
approaches, is developed based on the theoretical basis that land cover disturbances
are rare phenomena for a relatively largeaawithin a short time period. For

example, ~1.1% of forests in the U.S. were disturbed annually between 1985 and
2005(Masek et al. 2013 and globally, ~0.2% of the land surface experidratand
clearing forest disturbances (gross forest cover loss) annually between 2000 and 2012
(Hansen et al. 20)3Repeated measures of land cover over the entire area therefore
contain a majority of numericaHlgtable data points and a small set of outliers.
Assuming that errorsiithe repeated measurements follow a normal distribution,
well-established parametric statistical theoflemncaster and Seneta 20@sovide

proof thatland cover changes are outliers of an underlyingsghiare distribution.

The first step of the algorithm is to separate these outliers from the majority of
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unchanged pixels (Figu@l). Then, for each identified change pixel, the algorithm

tracks contimous changes in tree cover over time by fitting one or more nonlinear

curves.

Specifically,

we i

ntend to

capture

change using logistic models, a close compliance with the actual physical process of

land cover changen the ground. Quantitative metrics, such as the magnitude, rate

and time of forest cover change in each pixel, are then derived from the parameters of

the fitted logistic equations.
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Figure3.1 Overview d the VCFbased Change Analysis (VCA) algorithm.

3.3.2 Identifying candidate changels

3.3.2.1Theoretical basis

Assuming errors in the repeated estimates of tree cover are independent and

identically follow a normal distribution (I.1.D.), the ideageparate changes from

unchanged pixels lies in that repeated estimates over stable locations over time follow
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a normal distribution, while estimates over disturbed locations are outliers of the

distribution. Mathematically, leb ; denote the estimadgoercent tree cover in pixel

i attimet,’ j denote the true tree cover, ang, be the associated error, then:

A N N (3.1)

For anyi andt, - j; is assumed to be independent and identically distributed.
Following this assumption, the pixel valtey; is considered as a random variable
drawn from a normal distribution. For anythe sample varianc¥ of the pixel
vector oveN years @, foo ; FE fo ;  follows a scaled cksquare distribution,

with a mean of and a variance of, :

(3.2)

_<
P
¢

where, is the population variancel( 1) is the number of degrees of freedom and
the chisquare statistiosf) is the sum of the squares &f ( 1) standard normal
estimategLancaster and Seneta 2008 equals 11 in this case.

Given a sample dataset consistingahajority of stable observations (i'e.
constant over time) and a small proportion of outliees‘( changes), the I.I.D.
normality of the dataset is violated by the inclusion of change outliers. Because
change pixels typically have greater @aages than those of stable pixels, stable
pixels are concentrated around the peak, while change pixels are located in the tail of
the distribution; the greater the variance, the more likely the pixel is an outlier (Figure

3.2(a)). Because the distributioh Y has a mean value pf and a variance af,
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for unchanged pixels, the unknown population varianeg ( ) of random errors
can then be estimated by the mean valu® after removing change outliers.

For a dataset with a total bf pixels, let:
@ Y. (33)

The scaling equations to conv#fto a standard cksquare distribution are

given by:

(34)

Compared to a standard eguare distribution, the density curveiofis
supposed to have a fatter tail and a systematic shift towards the left when the sample
includes outliers (Figurd.2(b)). The objective of detecting outliers is now to search
for a threshold such that by removing likely outliers on the tail, the r@sidaset

has a maximum proximity to a ebquare distribution (Figurg2(c)).
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Figure3.2 Detecting likely change pixels as outliers of astpuare distribution. (a)
The location of change and unchangecls in the density distribution of inter
annual variance of a data sample. (b) The density distribotiardata sample
compared to atandard chsquare distribution with 10 degrees of freedom (df). (c)

The density distribution of the sample aftemma/ing outliers.
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3.3.2.2 Deriving parameters of the chsquare dstribution

An iterative procedure was used to progressively remove the rightmost tail pixels to
achieve an optimal match between the density distribution of the residual data sample
and a standard cisiquare distribution (Figur@3). The idea of adaptively trimming

the distribution tail to approximate a theoreticalstuare distribution for outlier
recognition has been applied in exploratory data analysis in many other disciplines,
e.g., geochemistrfFilzmoser et al. 20Q0%5arrett 1989 Here, we employ the

maximum likelihood estimation (MLE) framework to find the optirttakshold. The
objective function in the MLE is to maximize the Quan@aantile (QQ) correlation
coefficient (the most commonly used and effective tool for a distributiofiGesson

2012) between the residual sample and a theoreticadaunare distribution.

Iteratively, the QQ correlation coefficient is calculated between a standard chi

square distribution and the residual sasrgdter removing the highest variance pixel.

The iteration breaks when the residual sample reaches a maxir@ueoQelation.

The mean value of this residual dataset is then an unbiased estimate of the population

variance { ) of random errors (unchangeck@s).
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Figure3.3 Flowchart of detecting outliers through approximating ascjuare

distribution.

3.3.2.3 Create a&hangemask based on probabilistic treshold

The chisquare values correspondingdifferent probability levels of the simulated
distribution are used as the threshold to separate likely change pixels from unchanged
pixels. For example, the threshold corresponding to 0.9 probability is calculated as:
" OR & Qg U—p K g8 (3.9)
We calculated the inteannual mean and variance of theyEhr VCF vector
for each pixel and found that the strong I.1.D. assumption of the error distribution is a
plausible explanation for the empirical data, but not perfectly confirmed, in part due

to regional differences in measurement errors. Specifically, pixels with VCF values at
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the low end (20) and high end (6@00) tend to have relatively small variances,
whereas pixels at the middle range-@tl) tend to have relatively large variances.
Therefae, we stratified the dataset into a number of strata based on therntel

mean tree cover, subsequently applying the outlier detection on each stratum.

It should also be noted that the purpose of this outlier detection is not to detect
change with 10% accuracy, but to estimate the ird@nual variance of stable pixels
(, ) in order to derive the probabilistic threshold and mask out the majority of
unchanged pixels. We set a conservative threshold (F8g(®) corresponding to a
probability of 09 to capture all of the true changes without introducing significant
false positives. Temporal dynamics in each pixel of this inclusive set of candidate
change pixels were then modeled using logistic equations, of which the geoéiness

fit test would furtter discriminate true changersusfalse detection.

3.3.3 Curvditting to model changeajectory

3.3.3.1 Logistic model of loss or @in

Forest cover change is reflected by the increase or decrease of the continuous tree
cover values over time, which che either abrupt (e.g., cleantting) or gradual

(e.g., forest regrowth), and show different patterns of temporal trajectory (Bigire
Whereas a persistent forest or Horest pixel has a much flatter curve over time with
small anomalies, a changix@l exhibits large, structural fluctuations in time series

tree cover. Further, multiple successive change events could occur withinybarll

span. These structural segments are basic elements used to characterize the complete

temporal trajectory for ahange pixel. Capturing change events is therefore to
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decompose a pixelodos temporal profile i
structures.

Each individual change event (forest loss or gain) typically involves three
distinct stages: a prehange stge when the VCF value is stable, a change stage when
the VCF value increases or declines and a-ploahge stage when the VCF value
stays stable until the next change event occurs. This-$tege dynamic process is

modeled using a logistic function:
Q —— h (3.6)
W

wheref is tree cover in yeat, parametea defines the direction (with negative
values representing loss and positive values representing gain) and the magnitude of
changeb describes the change rate (where large values indicate abrupt change and
small values represent gradual changelgnotes the inflection point in time when
the change occurs, addepresents the prghange value (Figur@5). The post
change VCF valuesithus given bya + d). A logistic model of similar form was
previously used to model vegetation phenology with daily MODIS (@tang et al.
2003. Here, we demonstrate that this simple model aldoqmes well in detecting

land cover change.
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Figure3.4 Typical trajectories of percent tree coverafyis) from 2000 to 2010 {x

axis) for selected sites: (a) Mg(bpi stent f
persistentnoi or est (13A560154S, 53A41028.086aW);
54A43859W); (d) forest gain (19A25045.0006
followed by gain (11A59a154S, 52#42043.177
(13A000aS, 52A5406.1194aW): (g) forest 1 os
(12A58q052.49944S, 56A37019.3938aW); and (h
by gain (13A12q7.4988aS, 57A41a05.985aWwW). T
change are (d). A pixel is decided to be a true change if and only if its temporal

profile can be fitted to one of these patterns. For cases, @ultiple logistic models

are fitted to segments of the curves (Section 3.3.2).
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Figure3.5 Structural metrics to characterize a change event. Jehasyis tree cover.

3.3.3.2 Modeling Multiple Lossgain Processes

As multiple successive change events could occur within thedrlspan and as the
exact number athange events within the temporal profile is unknown prior to
analysis, an exhaustive movi#agndow curve fitting is employed to capture all
possible change events in the study period. Modeling multiple changes is performed
in three iterations. In the firgeration, a fiveyear moving window is used to model a
single change segment for the window focal year from 2002 to 2008. The window
size of five years is chosen because (1) this ensures the minimum number of
observations required to estimate four pagtars and because (2) multiple forest

cover changes are highly unlikely to happen within five years. It is well understood
that five years may not be long enough to capture natural forest regrowth. However,
since the primary objective is to detect abrapesét loss, a shorter window size is
preferred to avoid omitting forest loss signals. Goodiésis for each individual

curve fit is evaluated using the etguare value of the leasguares fit. In the second
iteration, the locally best fit with the siftest chisquare value is selected as the

logistic model for the expected change event. Lastly, the modeled successive change
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events are crosschecked with each other based on a sedefipex! neighborhood

rules. For example, a cleariogtting can bedllowed by an immediate plantation

and, later on, by a second clearing, but cannot be followed by another immediate
clearing. A maximum of two forest loss events or a maximum of two forest gain
events are allowed within the /&ar period. The temporal ghiborhood rules are

defined such that only four specific patterns of change trajectories are detected: forest
loss followed by gain, forest gain followed by loss, forest loss followed by gain and
then by loss and forest gain followed by loss and then iny(§&gure3.4 (eh)).

3.3.3.3 Estimating Parameters of the Logistic Model

Parameters of the logistic model are estimated as the solution to a nonlinear least
squares problem. We use MPFIT, an implementation of the iterative Levénberg
Marquardt algorithmto perform curve fittindMarkwardt2009 Moré 1978.
Goodnesof-fit is determined using a standarddst (p < 0.01) based on thechi
square value of the leastjuares fit. Only the statistically significant curves are saved

in the final results.

3.4 Algorithm evaluation

The VCA algorithm generates four output layers representing change magajtude (
change timed), abrupt/gradual typé) and prechange tree coved). Here we focus

our accuracy assessment on the change time layer, with an outreaching objective of
evaluating the methodds performance of
resolution. Validating forest disturbance products at annual resoluti@n®in

challenge, mainly due to a lack of reference ¢@then et al. 203MHansen et al.
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2013 Huang et al. 2010aJasek et al. 2008Herewe assess the VCA disturbance

map in two distict forest biomes, where we have dense time series disturbance
products derived from Landsat images as the reference. Hence, all accuracy numbers
generated are relative to Landsat. We carried out the evaluation at different spatial

resolutions, which is degbed as follows.

3.4.1 Deriving referenceatasets

The first site is located in the Brazilian state of Mato Grosso within the spatial extent
of MODIS tile h12v10 (hereafter referred to as the MT site). The northern part of this
test area is in the tragal humid broadleaf forest biome with higkensity tree canopy
cover, and the southern part is in the tropical dry broadleaf forest biome with low
density canopy cover (FiguB%). This siteisinthesoal | ed fAarc of defor
region, where largegtches of primary forests were cleared for mechanized
agricultural productioriMacedo et al. 20)2We collected yeato-year Landsat
deforestation maps derived from the PRODES (Deforestation Monitoring in the
Brazilian Amazon) projedby the Brazilian National Institute for Space Research
(INPE, http://www.obt.inpe.br/prodes/index.phpn PRODES, Landsat data are
selected at the peak of the dry season in each year to minimizeocdotamination.

This reference dataset consists of 36 Landsat path/rows. The PRODES project maps

deforestation in the Brazilian Amazon using Landsat images since 1988, but we only

used a subset that coincides with our study period.
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Figure3.6 Distribution of tree canopy cover in the two test sites and the globe. Data
are based on MODIS VCF in the year 2000 with pixels with greater than 5% tree
cover included. MT, Mato Grosso site; WA, Washorgsite.

The second site is located in the U.S. state of Washington, near Olympic
National Park (hereafter referred to as the WA site). It is within the temperate conifer
forests biome with moderate to high density tree canopy cover (RBd@)re
Harvesing trees for timber is the primary driver of forest cover change in this region.
We collected annual growirgeason Landsat images of Path 47 and Row 27 from
1984 to 2011. These Landsat images were first converted to surface reflectance
through the Landsdcosystem Disturbance Adaptive Processing System (LEDAPS)
(Masek et al. 200@0 canstruct a dense time series image s{attkarg et al. 2009a
This image stack was then analyzed using the vegetation change tracker (VCT)

algorithm to produce an annual disturbance profidieaing et al. 201QaThe product
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had an overall accuracy of 93.8%, whil
for the disturbance year classes were 91.5% and 91.8%, respe(iivang et al.
20117). Only changes occurring betwe2000 and 2010 were considered in evaluating

the VCA disturbance products.

3.4.2 Balancing egionalbiases in tsturbance areastimates from MODIS

Logistic parametersa( b, c andd) were derived for every candidate change pixel in
the two test sites. Parametedescribes the magnitude of tree cover change and,
therefore, is a strong indicator of forest disturbance. Obviously, varying area statistics
could be generated dependingtbe threshold chosen to label the indicator pixels as
disturbance. We first evaluated the effect of vary@g a changedetection threshold
on disturbancarea estimation from MODIS against the Landsat reference. An
optimal threshold was then determirsecth that the overall area estimated from
MODIS matched that derived from Landsat. This was achieved by balancing the
deviations of the MODIS estimation from the reference, which were characterized
using two metric8 underestimation and overestimationalclated using the
following equations. To do so, we resampled the MODIS pixel f{m36solution

using the nearesieighbouresampling method with the gdalwarp utility

(http://www.gdal.org).
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A larger threshold (in absolute value) leads to more wstienation and less
overestimation, whereas a smaller threshold leads to more overestimation and less

underestimation (Figurg.7). The optimal threshold thaancelledbut

underestimati on and overestimation was
1 1 f6r the WA site.
(a) ———TUnderestimation Overestimation (b) Underestimation Overestimation
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Figure3.7 Under or overestimation of disturbance area derived from VCA as a

function of the magnitude of tree cover loss (coefficaeat the logistic model,

equation3.6) againsthe Landsat reference for two study sites: (a) WA and (b) MT.
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3.4.3 Qualitative asessment

The threshold derived above was applied to obtain the final distuHyaac@roduct

from MODIS (Figure3.8). Spatial and temporal patterns of disturbed lanchest

mapped from MODIS closely resemble those from Landsat for both test sites. The
pixel-level differences observed in the Western U.S. were mainly due to the smaller
size of land patches (which is comparable to a MODIS pixel) as well as the distortion
of MODIS pixels at middle to high latitude. Hence, it is not surprising that smaller
change patches suffer more omission and/or commission errors than relatively larger
patchegLechner et al. 2009a conclusion consistent with previous land cover

change studies using MODIS dg¥n et al. 2013.

Disturbance year
Il Unchanged Il 2001 [ 2002 I 2003 2004 2005 2006 2007 I 2008 [ 2009 M 2010
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Figure3.8 Examples of disturbanegear maps derived from MODIS compared with

the Landsat reference. (a) The MODIS disturbance map in WA, USA. This subset is
centeredat 123 A 416 24.6780W, 47A 1606 11.1040N).
derived through vegetatiarhange tracker (VCT). (c) MODIS disturbance map in

MT, Brazil. This subset is centered at (56° 3' 25.596"W, 11° 39' 20.073"S). (d)

PRODES disturbance map. Noteeme large disturbance patches mapped by the

VCA (circled, upper left and upper right of (c)), but not by the PRODES; the lack of
disturbance patches is due to omission errors in the PRODES.

Pixeklevel errors are mostly distributed on the edge of lamdets especially
when the edge is between two or more disturbed patches where the disturbances
occurred in different years (see Fig®® for an illustration). Pixels located in the
middle of the patches.¢., Pixels 1, 2, 3 and 6) show patterns of @baecline in tree
cover in a particular year, a sign of rapid forest clearing on the ground. However,
pixels located on the edgeg(, Pixels 4 and 5) have gradual change patterns over
time, which causes errors in allocating a disturbance year to thle Phese edge
pixels are either mixtures of sytixel disturbances occurring during different times
or artifacts resulting from varying footprints of MODIS observations and the
geolocation mismatch between time series MODIES/ers(Townshend et al. 1992
Wolfe et al. 2002Xin et al. 2013. Moreover, we observed that spatially adjacent
patches are often disturbed in successive years in the Amazon site, whereas the
clearing time for adjacent patches in the Western U.S. can be several years apatrt,

reflecting different land management practiceast two places.
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Figure3.9 An illustration of pixell evel accur acy -gearlayeAod s
(a) Land patches depicted using colors representing the year of forest disturbance
obtained from MODIS(b) Reference map acquired from PRODES. The VCF values
(y-axis) for Pixels 1 through 6 between years 2000 and 2018x{s) are shown on

the right. Pixels 1, 2, 3 and 6 are located in the middle of disturbed parcels, whereas

Pixels 4 and 5 are on the edtjeese pixels are less accurately characterized than

pixels inside disturbed patches.

3.4.4 Quantitative ssessment

Applying the optimal threshold matches theyEhr total disturbance estimate from
MODIS to that from Landsat at the scale of the stuégp.afowever, the accuracy of

the year allocation, as well as the accuracy and precision of annual disturbance rates
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remain to be investigated. In this section, we first evaluate the accuracy of year
allocation using a traditional error matrix at 280resdution and then assess the bias
and precision of annual disturbance area estimates at an aggregated spatial resolution.

3.4.4.1 Temporalaccuracy at 250m resolution

To quantitatively evaluate VCAOG6s accuracy
change pixels, we applied a majority filter to the Landsat disturbgaeremap,

resampled it to MODIS resolution, and constructed gppesl confusion matrix. The
majority filter works as follows. Landsat pixels whose centroid falls in the MODIS

grid footprint are ranked based on the frequency of their pixel value and the most
frequent value was chosen to represent the value of the aggregated grid. This was
performed for ach evaluation site. A strict comparison between VCA disturbance
year and the reference yielded an overall accuracy of 68.7% at the WA, USA site and
59.8% at the MT, Brazil site, although the accuracy for each year varied from one
time to another (Tablg.1 and Table3.2). A close examination of the confusion

matrices revealed that the majority of misclassifications were between neighboring
years. Relaxing the allocated year to £1 year substantially increased the accuracy for
each individual year, as wel éhe overall accuracy. As a result, the overall accuracy
achieved was 86.7% for the WA site and 84.6% for the MT site.

3.4.4.2 Areaaccuracy at 5-km resolution

One of the practical applications of disturbance mapping is to derive the forest change
rate & regional or national scales. A demonstrated way of generating such results
from MODIS data is to compare and calibrate the MODBéSed estimates using

temporally coincident and spatially collocated Landsat samples at a coarser resolution

74



(Hansen et al. 201®1ansen et al. 2008cThis method has been applied to quantify
global forest cover loss for 20ED05 at 26km resolution. Here we explore the

potential of this approach in disturbareea etrieval at an annual interval and at

much finer spatial resolutions. As an example, both MODIS and Landsat disturbance
products were aggregated to 5 km to calculate percent forest loss per coarse grid. We
then calculated the root mean square error (RMSE®n absolute error (MAE),

mean bias error (MBE) andbetween aggregated VCA forest loss and the reference

over all 10 years, as well as for each individual year.

2-3% ° 9 2 4p (39)
v B 02 g (3.10)
19 B D 2%y (312)
o p ° %2 o o (3.12)

wherei is the pixel index) is the VCA disturbance rate per grid sampleis the
reference disturbance rate per samples the mean reference rate ang the

sample sizéWillmott 1982).
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Table3.1 Temporal accuracy of the MODIS disturbany@arlayeragainst Landsat

reference in WA, USA.

Reference Disturbance Year

User's
20012002 2003 2004 2005 2006 2007 2008 2009 2010 Total Users Accuracy
Accuracy
(1 year)
20012062 258 66 31 52 99 63 72 31 51 2785 74.0 83.3
2002 199 2032 134 43 52 62 53 72 43 56 2746 74.0 86.1
2003 91 633 2619281 90 71 76 133 52 151 4197 62.4 84.2
2004 21 25 192 1930 300 51 34 49 28 78 2708 71.3 89.4
MODIS 2005 40 31 80 4222342279 75 110 39 85 3503 66.9 86.9
Disturbance 2006 40 20 58 209 621 2416 168 113 52 86 3783 63.9 84.7
Year 2007 28 12 18 35 123 453 1754 275 41 30 2769 63.3 89.6
2008 19 18 21 17 37 84 139 1999 99 38 2471 80.9 90.5
2009 12 9 8 9 11 18 15 293 877 127 1379 63.6 94.1
2010 16 17 20 12 36 34 38 119 181 1232 1705 72.3 82.9
Total 2528 3055 3216 2989 3664 3567 2415 32351443 1934 28,046
Producer's
Accuracy 81.6 66.5 81.4 64.6 63.9 67.7 72.6 61.8 60.8 63.7 overall: 68.7
Producer's
Accuracy 89.4 95.7 91.6 88.1 89.1 88.3 85.3 79.4 80.2 70.3 overall: 86.7
(1 year)
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Table3.2 Temporal accuracy of the MODIS disturbany@arlayeragainst Landsat

reference in MT, Brazil.

Reference Disturbance Year

User's
User's
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 Total Accuracy
Accuracy
(1 year)
200129614 6292 1662 758 662 179 126 158 36 37 39524 749 90.9
2002 8483 45350 7006 2614 2025 398 350 572 122 120 67,040 67.7 90.8
2003 5705 28727 82677 11611 6741 1073 1083 1782 355 313 140067 59.0 87.8
2004 2707 7286 18452 83728 17,128 2423 1883 2620 445 426 137098 61.1 87.0
MODIS 2005 1199 3162 4626 9942 53700 5540 2906 3674 550 341 85640 62.7 80.8
Disturbance 2006 607 1450 2014 2999 7813 14,062 4921 4422 823 426 39537 35.6 67.8
Year 2007 352 683 779 1147 1969 2386 9485 4873 998 456 23128 41.0 72.4
2008 219 402 444 555 1080 561 1903 11,3611406 749 18680 60.8 78.5
2009 107 103 183 162 337 156 288 617 1985 944 4882 40.7 72.6
2010 50 50 69 54 88 26 39 78 96 2122 2672 79.4 83.0
Total 49,043 93505 117,912 113570 91,543 26,804 22,984 30,157 6816 5934 558268
Producer's
604 485 701 737 58.7 525 413 37.7 29.1 358 overal: 59.8
Accuracy
Producer's
Accuracy 777 860 917 927 859 820 71.0 559 512 51.7 overall: 84.6
(1 year)
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The comparison between VCA and Landsat-kitrbresolution in the Western
U.S. had an overalf of 0.91 over the 1§ear period. Breaking the total disturbance
into individual years, the lowestwas in year 2010, with a value of 0.64, while all of
the other years had ranging between 0.77 and 0.92. The annual RMSE between
VCA and Landsat disturbance ranges between 0.34% and 0.65% (FifireBoth
high  and low RMSE suggest that MODIS datmn be used to retrieve area
estimates that approximate Landsat estimates on an annual basis. In terms of bias, the
years of 2001, 2003, 2005, 2006 and 2007 had positive MBE values, indicating that
MODIS overestimates forest loss in these years; convetkelyears of 2002, 2004,
2008, 2009 and 2010 had negative MBE values, indicating an underestimation by
MODIS in these years. This bias pattern (i.e., overestimation in earlier years and
underestimation in later years) is probably because pixels locatihe @dges of land
patches are mislabeled and because the algorithm favors assignargearyear to

the edge pixels.

@ Overall comparison (b) r-squared (C) RMSE
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Figure3.10 Evaluation of VCAderived disturbance rates in the Western U.S:kah5
resolution against VCT disturbance rates. (a) Scatter plots of 10 years of total
disturbance per-Em grid. Temporal accuracy is shown by the quantitative evaluation
metrics of (b)?, (c) RMSE (unit: %), §) MAE (unit: %) and € MBE (unit: %). The
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colorbar indicates plot density (n = 805). The mean annual disturbance rate is 0.85%

based on the reference.

The comparison between VCA and PRODES in Mato Grosso yielded an
overall ¢ of 0.74 over the 1§ear period. The annual RMSE between these two
estimats ranged between 0.45% and 2.58% (Figuté). We also found that these
two products had a closer match after the year 2005, but a relatively weak
relationship before the year 2005. Specifically, the VCA product identified less
deforestation than PRODES the years 2001 and 2002, but more deforestation in the
years 2003 and 2004 in this region. These discrepancies were reflected in the MBE
values, as well as by the scatter of observations around the 1:1 line @&idu(a)).

An example of missing patcién PRODES in the years 2003 and 2004 was
previously shown in Figurd.8 (c) and (d), where two large deforestation patches in
the upper left and upper right portion of the map were missing in PRODES. Because
36 Landsat WRS (Worldwide Reference Systeitgs tvere used in this evaluation,
cloud contamination in this Landsat dataset was unavoidable, which explained some
of these omission errors in PRODES. Plus, PRODES does not capture the loss of
regrowth forests on previously deforested |@densen et al. 2008awvhile our VCA

product detects those events successfully.
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Figure3.11 Evaluation of VCAderiveddisturbance rates in Mato Grosso &b
resolution against PRODES disturbance rates. (a) Scatter plots of 10 years of total
disturbance per-&m grid. Temporal accuracy is shown by the quantitative evaluation
metrics of (b) r2(c) RMSE (unit: %), d) MAE (unit: %) and €) MBE (unit: %). The
color bar indicates plot density (n=14,322). The mean annual disturbance rate is
1.25% based on the reference.

3.5 Discussion

3.5.1 Advantageand disadvantageof the VCA algorithm

The algorithm developed here proggda means to map forest disturbance at annual
resolution using time series of percent tree cover estimates. The Collection 5 MODIS
VCF product was used as an illustration of the algorithm. Like other time series
methods for detecting change (e.g., V(ELang et al. 2010aBFAST (Breaks for

Additive Season and Tren{lyerbesselt et al. 20)0LandTrendi(Kennedy et al.

2010), our mehod has the statistical advantage of increased degrees of freedom over
bi-temporal change detection. A candidate change event must be confirmed by a

sequence (as opposed to a pair) of observations before, during, and after the change in
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order to be deteet and identified. Moreover, although primarily designed for change
detection, the idea could also be applied to remove random noise in time series of
continuous field land cover product. Except for disturbance events that cause abrupt
changes in tree coreVCF values for undisturbed pixels should remain relatively
stable or change gradually (e.qg., resulting from natural growth) over time. Therefore,
VCF values fitted to the logistic curves for those pixels likely are more realistic than
the original valus.

The met hod6s fcbhawmatatizet, pavametric statisti@l nodels
gives it the advantage of computational simplicity. Laagea land cover mapping or
change detection often requires intensive human involvement (e.g., the PRODES
project) or atomation, which requires either sophisticated algorithm
parameterization, substantial computing facilities (¢k¢pnsen et al. 20)Bor both.

The method demonstrated here follows established statistical theory with little

parameter finguning. Although the time needed to conipla change analysis is a

function of data volume, masking out the majority of stable pixels before
characterizing disturbance greatly i mprove
global application could be completed on a single PC within a reasonahlataoho

time.

Another unique advantage of the method is that it characterizes continuous
changes in land cover at spixel resolution and has the potential to capture subtle
and longterm changes, such as forest degradation. Land cover conversion often
exhibits a strong contrast between remotsdyised images at two or more time

points. However, stresaduced changes within the same cover type (e.g., forest

81



degradation) do not necessarily have apparent signatures in théesimoitbut may
show trends owea long time spa(Neigh et al. 201 Hence, it has been suggested
that to detect forest degradation, landeroshould be characterized as continuous
biophysical variables and the method should be flexible to capture trends at the inter
annual scaleHansen and DeFries 2004ambin 1999.

This approach is not limitei tree cover, nor to the MODIS resolutions, nor
to the annual time step. Although we used percent tree cover layers from MODIS as
an illustration of the algorithm, the general method had no specific requirement on the
thematic type or spatial or temporakolution. Therefore, it may be applicable to
continuous fields of other land cover types generated using satellite data from
different sensors. Coarsesolution sensors provide rich data at high temporal
frequencies. At the Landsat resolution, glob&lFtree cover products have been
generated for 2000 and 20(exton et al. 2013aRecent advances in remote
sensing demonstrated that Landsat images could be used to create neeeloud
composites by exhaustively mining the Landsat arcfihasen et al. 201Roy et
al. 2010, and the annually composited Landsat images could alsseoketa
characterize land cover and chaifigansen et al. 2014ansen et al. 20)3This
may create an opportunity to produce continuous fieldsnaf cover at annual time
steps using Landsat data. The approach developed here also provides the potential for
such applications.

There are several limitations of the current algorithm. First, for each pixel, the
sample size in the temporal domain is Brfiz., eleven data values from eleven

years). The inteannual variance calculated using eleven data samples may not well
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represent the actual variance of the population. A practical solution adopted here is
setting conservative probabilistic threshdioisdetecting change. This, however,
introduces commission errors in the first step and creates redundant cases for curve
fitting in the second step. Should data of longer time series be available, more precise
thresholds could be located following thatgitical inference and a more accurate
change mask could be generated. As such, we expect the algorithm to work better as
the VCF record becomes longer. Second, the I.1.D. assumption obviously simplifies
the actual error structure of percent tree covemeases. We may expect spatial
correlation between different pixels and serial correlation between observations of a
given pixel taken over time. The effect of spatiotemporal correlation on change
detection needs to be investigated in the future. MoretheGurrent algorithm is
optimized for detecting single or multiple abrupt forest disturbances (e.g. clear
cutting). One area of future work will be to extend the method for characterizing
gradual forest changes such as degradation or natural regrovettecdnical aspect

that needs to be improved is the moving window size for detecting successive
disturbances. While a fixed fiwgear window may be enough to capture clearing
cutting and fast tree plantations, a longer window is likely needed to reliably
characterize natural regrowth. An adaptive window size seems to be a useful
technique to address the varying temporal length of different types of forest losses
and gains. Lastly, our current algorithm evaluation only includes test sites in the
tropical most broadleaf forest biome and the temperate conifer forest biome. Given
the global coverage of annual MODIS VCF and increasingly available high

resolution forest cover change datagef@nsen et al. 2013/asek et al. 2013
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Townshend et al. 20)2there is no reason that the quantitative evaluation cannot be
expanded to other forest/woodland biomes. Subsequently, global annual forest change

estimategouldbe derived.

3.5.2Global goplication of the VCA algorithrfor mappingdisturbance hotspots

The VCA algorithm was applied to the global scale for mapping forest disturbance
hotspots. The implementation was carried out on a bioyriome basisAs

discussed earlier, theolection 5 MODIS VCF terslto have small inteannual

variance at the low and high ends of tree cover but have large variance at moderate
tree coverThiserror structures consistent in different biomes but the variance
values are significantly tferent aross biomes (Figure 3.12Io addresghis

difference the probability thresho&lequation 3.bwereadapively searched for each
biome in addition to the inteannualmeantree cover straté&subsequently, &year
moving window curve fitting was applidd every pixel tacharacterizéorest

distubance
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Figure3.12 Inter-annual VCF variance versus inr@nnual VCF mean in various

forest biomes in Latin America.

Figure 3.13howsthe number of disturban@vents(loss or gainfetected in
each pixein the Americadetween 2000 and 2010. The mvegsresampled to&km
resolution forvisualizationpurposesvith red representing one disturbance event over
the 1tyear window andjreen representingvb or threedisturbance eventgorest
disturbanceihotspot® are well depictegsuch as wildfires in Alaska and Canada,
active logging in southeast United Statdsarcutting of primary forests ithe
Brazilian Amazonlossof Chaco forests iRParaguay anérgentina, active forestry
the Atlantic forests in Brazilt is also clear thdire-caused disturbances imet boreal
region and loss of primary foreststhetropics and subtropics (e.§mazon and
Gran Chacphave one loss or gain across theygar periodwhile rotation of tree
plantationan tropical andemperate regionsould have two or thredand cover

change events 11 years.
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Figure3.13 VCA-derivedforest disturbance hotspots in the Americas between 2000
and 2010The number of disturbances (maximum 3) over the 11 year period was
identified for every 250 m pixel'he map was aggregatenl5 km for display
purposesRed color represents one disturbamvent (loss or gain) over the-yidar
window and green color represents two or three disturbance eaewWsddfires in

Alaska. b: Logging and disease in British Columbia. c: Loss of primary forests in the
Brazilian Amazon. d: Loss of Chaco forest@igentina. e: Tree crop rotation in

Southeast U.S.. f: Tree crop rotation in Southeast Brazil.

86



It should be noted théhe data displayed ifrigure 3.13at this pointshould be
best viewed as disturbanieh o t s pfioitnsdoi coart or s 0, fomedicoeeh i ncl ud
changess well as false positives (i.e. commission errors) where VCF values
fluctuate considerably from year to year so thatctienge detectioappears
statistically significantOne of the notable places of commission error is western
Mexico,where great spectral variability may be caused by the-aechdimate and
the complex terraiso that the derived tree cover estimates exhibit largetgegrar
variaton A quantitative analysis of the mapads
disturbance isubject to future research.
We visually assessed the disturbangsar estimates for selected hotsgnts
comparing the MODIS map withandsatbased disturbance maps by Hanseal.
(2013)(Figure 3.14)The two datasetshow greasimilarities in a number of
locations For large disturbance patches detectable at the MODI2%8olution,
VCA may allow for the detection of changes missed in Lardas¢d results due to
the lack of clear view observations (e.g., FigBud (e)).Again, ike many other
MODIS-based change studies, rigorous regional calibration using Landsat data is
needed to derive area estimates comparable to those derived using Landsat data alone

(Hansen et al. 201®ansen et al. 2008c
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Figure3.14 Global examples of forest disturbance mapped using MODIS VCF in this
study compared with the recently published Landsat rdsyltéansen et al2013).

Color pixels indicate disturbance year, and graysuialels represent percent tree

cover in the year 2000. The center coordinates of these paneks) §88°34db 70V,
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522494 2(N), (b) (74°30@6W, 1°32d.20N), (c) (64°40@24WV, 9°56605), [d)

(58°19820W, 21°39%410S), ) (126 783XE, 5235¢00N). Overall, the spatiotemporal
patterns of forest disturbance are in close agreement in a range of different biomes.
Whereas the coarse spatial resolution of MODIS is a limiting factor for detecting
disturbanes of small size (e.g., edges of logging roads in (c)); omission errors due to
missing data in the composited Landsat ETM+ (scan line correxdtpare also

visible in some places (e.qg. (e)).

3.6 Conclusions

We have developed a new methodlledVCF-based Change Analysis (VCA), for
characterizing forest disturbance using time series of satellite measurements of
percent tree cover. The fact that land cover disturbances are rare events in a large
geographic region leads to efficient change detediyoemploying welestablished
parametric statistics. Fitting nonlinear curves to time series, continuous estimates of
tree cover simultaneously characterized the timing and intensity of forest cover
change. lllustrated using the 2B0annual MODIS VCF mduct, the method requires
little parameter finguning to derive indicators of annual forest cover change and
could generate accurate disturbance area estimates after calibration using data of a
higher spatial resolution.

The major advantages of the nevethod presented here include: (1) reliable
results, (2) computational simplicity, (3) global applicability, (4) flexibility to capture
abrupt as well as gradual change, and (5) capability to apply to other satellite sensors.
Because increasing the frequgrof forest cover change detection to annual
resolution is highly desirable for understanding the global carbon éytiee

researchwill investigate the inteannual variability of global forest cover change.
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Chapter4& AnnuCalr bEmi ssi onef drreoant Dh i
the Amazon Basin between 2000 an

4.1 Introduction

Biomass is defined as the mass of live or dead organic matter in plants, about 50% of
which is carbon. As the planetds | argest r
ecosystems hold a total amount of carbomparabldo the atmospher@an et al.
2011]). Foress arealso constantly exchangirgarbon, water and energy with the
atmesphereTher ef or e, di st ur bscansignifioarity shapeghewor | d 6 s
global carbon cyclas well as climatic patteriBonan 2008

The FAOprovide periodic update on net changes in the area and biomass of
t he worl doés -forolfyea intervala mainky basead bn céuntry reporting,
with supplementaryagellite sample analysis. Centralizing information through
country participation is valuable in some aspects and the resulting national statistics
have been widely used in a number of scientific applicafidosighton 2005IPCC
2006 Kaimowitz and Angelsen 199&indermann et al2008. However, limiations
of FAOOGs Gl obal Forest Resource Assessment
including primarily the lack of internal consistency due to different definitions of
forest among countries and time interv@sainger 2008Matthews and Grainger
2002. Additionally, reporting forest area change as fasd change does not reflect
the biophysical consequences of land surface transforn{atarsen et al. 20)3

Furthermore, only reporting net changes in forest area, without partition tdagess
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and gain, could | ead to ambiguous taraget
future deforestation mitigation prograifgrown and Zarin 201)3

Satellitebased observations of forest cover change provide an alternative to
estimate deforestation rates coresmly across space and time. At continental to
global scales, maps of forest cover and change are increasingly being generated from
various satellite data sourcésnong the latest progresses, Landsat samples have
been used to determine tropical deforéstatates between 1990 and 2qAghard et
al. 2014; MODIS and Landsat data have bgeimtly used to quantify global gross
forest cover loss between 2000 and 2(@&nsen et al. 203(Hansen et al. 2008c
wall-to-wall LandsafTM and ETM+surface reflectance data have been used to derive
globalforest cover changeetween 1990, 2000 and 200&Gm et al. 2014 Sexton et
al. 2015 Sexton et al. 2013avith change maps between 1975 a4880being
generatedTownshend et al. 20)2L andsat ETM+ TOAeflectance data have been
composited at annual resolution to create global forest cover loss and gain maps
between 200 and 201ZHansen et al. 2@B); the Advanced Land Observing Satellite
Phased Array tband Synthetic AperturRadardata have been employed to produce
forest/nonforest maps over the glodaut generating globally consistent change
product with SAR daté yet to be studieShimada et al. 20}4

Some of these forest cover change datasets have been integrated with satellite
based forest biomagsformation(Baccini et al. 2012Saatchi et al. 20310 quantify
changes in forest carbon stogkshard et al. 201 4Harris et al. 2012bTyukavina et
al. 2013. These existing studies clearly reveal the spatial heterogeneity efdaed

change emissions across ecological and/or political boundaries. However, an average
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emission estimate over a& 10-year interval, similar to FA@eports, does not
embrace the necessary temporal details to uncover historical trends. Unlikéufgssil
emissions that are known to have been increasing stéBeilgrs et al. 201Yan der
Werf et al. 2009 a limited number of studies suggest tioaest cover changates

can fluctuate substantially from year to y@dansen et al. 20183uang et al. 2009b
Masek et al. 2003 The temporal variability of deforestation at continental to global
scales has yet to be understeod linked to the global carbon cycle.

Quantifying trends and temporal variability of carbon emissions from
deforestation is important for a number of reaséirst, it may explain some of the
inter-annual variability of atmospheric G@oncentratior{Keeling et al. 1996
Atmospheric inversion studies suggest that theHateual variability of global C©
growth rate is dominated by pizal land ecosystems, with positive anomalies related
to El Nifio and negative anomalies related to La NB@usquet et al. 200Ciais et
al. 2013 Rayner et al. 2008A recent study further recognizes that sem
ecosystems may become a more relevant driver to the global carbon anomaly in the
future (Poulter et al. 2014 but questions remain on how much of the variability can
be attribued to carbon released from lacolver changéHoughton 2000Keeling et
al. 1995. Second, the trend of deforestation is critical for understanding the complex
and changing drivers of deforestatidfepstad et al. 20)4For example, the
increasing deforestation between 2001 and 2004 in the Bra2imazon is related to
trends of the international soybean price and the declining deforestation after 2005 is
associated with the collapse of commodity markets as wshifigng landuse

dynamics(Maced et al. 2012Morton et al. 2006 Studies also link timseriesof
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deforestation emissions with economic inputput models to attribute emissions to
domestic consumption as welltasnternational trade of agricultural products
(Karstensen et al. 201.3Third, knowing the trend and variability of historical
emissions likely has a strong influence on policies of reducing emissions from
deforestatia and forest degradati¢REDD+). The interannual variability itself is a
key variable for settinthereference emission level (REL) or baseline in some

proposed REL methods (e.g. the corridor appr¢dsainneum Research et al. 2006]

In the tropics, where most carbon emissions froroméstation are located

policy instrumentsuch as the UNREDD programmeh(tp://www.unredd.org) are
being actively devisetb combat emissions from LCLUChis chapter turngs focus
on the Amazon basimvhich holds the largest rainforest of tBarthbut suffered a
prolonged history of deforestatiofihe objective is to quantify annual deforestation
and related carbon emissiorsing timeseries satellite data atalstudythe

implications ofthe observedarbon dynamics for REDD+ policy.

Hereforest refers to an area of at least (h@dn size that is covered by%5
or more trees that are 5 m or taller. Consistent with ofiangis et al. 2012
deforestation is defined as the reduction of tree cover to libvorest threshold
Annual deforestation rates are generated using yearly tree cover maps derived at 250
m resolution fronthe MODIS vegetation continuous field (VCF) prod(RiMiceli
et al. 201) and then calibrated using a large sample of 30 m Landsat images, which
more reliably depicthange. We then combine the deforestation rates with a circa
2000 forest biomass datag8tatchi et al. 20310 quantify annual carbon emissions

from deforestation by applying the standard rodtilogy described ifHarris et al.
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2012D. Our estimates include deforestation due to all causes including wildfires,
flooding and antfopogenic clearing. Following suggestionsBrpwn and Zarin

(2013, we estimate carbon fluxes from gross deforestation without the inclusion of
forest regrowth in order to inform ongoing policy discussions on REDD+, which is
also consistent with recestudies(Harris et al. 2012bT'yukavina et al. 2013 Our
emission estimates includesls of above and below ground biomass in the deforested

area. Changes in the soil carbon pool due to deforestation are not included.

4.2 Materials and nethods

4.2.1 Studyrea

The study area is the Amazon basin, which occupies about 40% of South America.
More than 60% of the basin is located in Brazil and the rest in Bolivia, Colombia,
Ecuador, French Guiana, Guyana, Peru, Suriname and Venezuela. Most of the basin
is covered by closed canopy rainforests, which provide habitat for a vast array of
plant and aimal speciegPimm et al. 201% The leading environmental issue in this
region is the pervasive loss of pristine forests, threatening terrestrial biodiversity
(Ferraz et al. 200Q3and altering regional and global clim@#erth and Avissar

2002. Deforestation is driven by a variety of complex secamomic and natural
factors(Nepstad et al. 20}4including mechanized agricultural expansion (cattle
ranching and soybean plantation) in the Brazilian Amdkéacedo et al. 2012

Morton et al. 200§ illegal plantation (e.g. coca) in the Colombian Ama@@nsso
2000, gold mining in the Peruvian Amaz@Asner et al. 2013 as well as drouds,

fires and floods in many different places of the béBnando et al. 201,24 spirito-
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4.2.2 Deriving anualdeforestatiorratesfrom MODIS and Landsat datasets

Forest change products over the study area were derived from the yearly MODIS
VCF tree cover data and calibrated usliigkm %10 km Landsat samples. Figure 4.1
shows a flowchart of deriving annual forest cover chasgenategrom these two
data sources. The method has three n@gorponentsa MODIS module which
generates 250 m annual foresverchange indicatorBom 2000 to 2010, a Landsat
module which generates 30 m forest cover change maps between 2000 and 2005, and
a calibration module which calibrates the MODIS indicators to final change rates
using a systematic sample of Landsat blocks. The MODIS modulenmepls the
newly-developed method described in Chapter 3 of this disser(@any et al.

2014D. The generation dhe30 m VCF producfi.e. thefirst part of theLandsat
modulg is described in detail iBexton et al. (2013&nd the Landsat forest cover
change detection method is introduce&exton et al(2015. The following text
briefly summaries the Landsat module dneinfocuses on describing the calibration
module.

The Landsat dataereselectedrom an improved version of thi@lobal Land
Survey (GLS)ollectionwith acquisition datesirca2000 and-2005(Channan et al.
2015 Gutman et al. 20)3Leaf-off imagesin the original GLSwvere replaced with
leafon images in the USGdataarchive based on ®IDIS phenologyKim et al.

2011). TheLandsatmages were first converted to surface reflectance, filterdd
cloud andshadowemoval(Huang et al. 201Qband then integrated witable

MODIS VCF pixelsandnonforest sampgeselected by the training data automation
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support vector machine (TDAVM) algorithmto produce tree covestimates using

a regression tree mod@exton et al. 2013alandsat VCF layersf the two epochs

were then used to derive forestverchange using a probabilisti-temporalchange

detection metho{iSexton et al2015)

' MODIS module

MODIS VCF
Tree Cover
2000-10
(250m)

Landsat module

Landsat SR Landsat SR
u 2000 (30m) 2005 (30m)

v
Spatial aggregation

v v
Landsat SR Landsat SR
Inter-annual Inter-annual
o 2000 (250m) 2005 (250m)
mean variation
L2 TDA-SVM non-
Create > Training sample forest mask
change mask ¢ L
¢ Regression tree MODIS crop
Per pixel I probability
logistic curve v ¥ L.
fitting Landsat VCF Landsat VCF
I & uncertainty & uncertainty |
v v 2000 (30m) 2005 (30m)
Tree cover Tree cover
change year change magnitude
(250m) (250m) v
Change detection
¥ ¥
MODIS Annual forest Landsat forest
change indicator cover change
2000-10 (250m) 2000-5(30m)
Calibration module 1 t
FAO systematic Systematic Annual forest cover
sampling scheme > Y » Calibrate »  change rate 2000-10
sample

Figure4.1 Flowchart of generating annual forest cover changes bgtentegrating

MODIS and Landsat.

Since land cover change products derived using MODIS or coarser resolution

data are typically considered indicator products, they need to be calibrated using

Landsatbased products to produce more accurate change est{iatesen et al.

201Q Hansen et al. 2008&ayaux and Lambin 1995We used the systematic
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sampling scheme of FAOOG6s global remote

calibration. Each sample site is 10 km x 10 km at easgtee intersection of
latitude and longitud@layaux et al. 2006 For every sample polygon, both Landsat
deforestation and MODIS fitted layewere clipped to the spatial extend of the
polygon. Landsat samples contaminated with more than 10 % cloud and cloud
shadow pixels in either date were removed. As a result, a total of 89 samples were
collected in the study area (Figure 4.2(a)).

The calilvation was carried out itwo stepsi(1) adjusting for the difference
between MODIS andandsat acquisition dates and §2arching for optimal
thresholds to match MODi{Based deforestation rate with Landbased rate (Figure

4.2).

(a) Landsat calibration samples

(b) Landsat deforestation MODIS deforestation indicator

Il Stable Forest
‘Stable Non-forest
Il Deforestation

N\

W MODIS deforestation year

= = Landsat deforestation rate
—— MQODIS deforestation rate
= Optimal threshold

"y

‘*‘Qf‘ Landsat forest loss (%)

Percentage
20 40 60 80

Tree cover (%)

[ * 0-1

& N ® 1.5
) @10 -
Tree cover loss (%) ® @ ; - T
500 o 10-20
- . A . -100 -80 -60 -40 -20 O I 2001 [ 2003 2005
) >20 I 2002 [ 2004 [

& » [ Amazon basin boundary Threshold 2002 2004 2008

Figure4.2 Calibrating MODIS indicators to derive accurate deforestation rates. (a)
Percent tree cover in year 2000, mefikted tree cover loss (deforestation indicator)
between 2000 and 2010, and the locationdefdrestation rates of Landsat sample
blocks. (H An example of Landsat deforestation, MODIS deforestation indicator, the
optimal threshold and the resulting MODIS deforestation year map.
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The acquisition dates of the GLS images range from-BQ&®5 to 202-11-
13 for the 2000 epoch and from 260#02 to 200710-29 for the 2005 epoch, which
also vary from tile to tile. To resolve the time difference between Landsat and
MODIS samples, we linearly normalized the Landssted deforestation rates to a
commondate of 30 June for the particular Landsat acquisition year. Samples
contaminated by remaining cloud and cloud shadow (< 10%) were also linearly
adjusted, assuming change rates in the cloudy area were the same -d®elavel
of the sample sitAchard et al. 201AVlayaux et al2005 Mayaux et al. 2013
Since parametarof the VCA algorithm (Chapter 3, equati8®) indicates the
timing of deforestation, we udehe fitted parametarvalue to select MODIS pixels
where deforestation likely occurred within the two Landsat dates.

Thesecondstep was to search an optimal threshold for pararadt@napter
3, equatiorB.6), such that the MODI$lerived deforestation rate matched with the
Landsatderived deforestation rate (Figure 4.2(b)). This threshold was determined for
every sample block and the mean value of a country was applied to all MODIS pixels
within the country tdabel deforestation. Due to the much larger size of Brazil, each
of its states was treated as a ficountryo f
Acountriesod that do not ha-wiedeagenageugh sampl e
threshold. It should be notelat the use of Landsat sample here was different from
previous studiegAchard etal. 2014 Mayaux et al. 2009Mayaux et al. 2013 in
which deforestation rates were determined entirely based on the Landsat sample,
whereas we used the sample as representative training to derive a threshold such that

our MODIS rates matched Landsat rates at the block level. In most cases, Landsat
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blocks functoned mainly as a reference to clean edge pixels andrsjtepper
noises at the MODIS resolution (Figure 4.2(b)). Our final deforestation rates were

derived from the walto-wall MODIS data.

4.2.3Combiningdeforestatiorand biomass maps to estimatelzam anissions

The forest carbon density map used in emissions estimate was derived from multi
sources satellite data aimdsitu forest inventory plot¢Saatchi et al. 2031Over one
million laser shorts were used to derive forest structure metrics, which were related to
aboveground biomass, beleground biomass and carbon din (50% of total
biomass) by applying fieldalibrated allometric equations. The spatially contiguous
carbon density and uncertainty mapseveroduced by integrating Liddata with
MODIS, shuttle radar topography mission data as well as quick scattemndata at
1 km resolution.

We followed the standard methodology describe@uohard et al. 2014
Harris et al. 2012pand the IPCC (Intergovernmental Panel@imate Change)
guidelineg(IPCC 2009 in calculating gross carbon emissions from deforestation
assuming immediate carbon release at forest clearing. To resolvedhgion
discrepancy and reduce the geolocation mismatch between the deforestation map and
the carbon density map, we aggregated both maps to 5 km resolution and calculated
the lost carbon for every 5 km grid (in Mg C). We then summarized all 5 km grids
over the entire study area to calculate carbon emissions for every year between 2000

and 2010.

99



4.2.4 Uncertaintyestimates

Uncertainties in quantifying carbon fluxes from deforestation arise from two major
sourcesuncertaintiesn deforestatiorestimatesand uncertainties imiomass
estimategPelletier et al. 203,JRamankutty et al. 2007Here we first characterize
errors in the MODISbased deforestation rates relative to those derived from Landsat
data (considered as fitrutho) and then comb
analyzeerrorsin emission estimates using an establisbeor propagation model
(GOFGGOLD 2012 IPCC 2006.

Independent deforestation maps produced by the PRODES project were used
to evaluate the overall accuracy of the MODIS deforestation. We downloaded a total
of 50 Landsat tiles completely covering the Amazmtion of Mato Grosso and
Rondonia as reference data. PRODES maps in these areas were chosen because (1)
they were generated by local experts using Landsat images and were found highly
reliable (Hansen et al. 2008dNPE 2013 Shimabukuro et al. 2012Souza et al.
2013; (2) Mato Grosso and Rondonia had high deforestation rates, accounting for
about 50% deforestation of the study region; (3) Mato Grosso is dominated by large
scale extensive forest clearing for mechanized agriculture, which is also
representative of Para, whilRondonia is famous for its smalc al e Af i shbon.
pattern deforestation for frontier settlements, which is also found in Acre, Amazonas
and Roraima(DeFries and Townshend 1994dacedo et al. 2032Morton et al.
2006 Reed et al. 1994 and (4) because these two states are located on the
southeastermim of the Amazon basin, they are less affected by cloud as compared

with other Brazilian states within ¢hbasin. It should be noted that PRODES has a
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minimum mapping unit of 6.25 ha, close to the MODIS resolution but PRODES does
not capture the clearing of secondary forélstsnsen et al. 2008&himabukuro et al.
2012, whichis included in our mapAn annual comparison of MODIS and PRODES
deforestation results over the entire Brazilian Amawadih be presented irsection
4.3.10f thischapter Here we focus on error estimation in a spatially explicit way.

The 30m PRODES maps with pixels ldbd as deforestation between 2000
and 2010 were aggregated to 5 km resolution to derive -gedrldeforestation rates
per grid. The MODIS deforedtan map was also aggregated to 5 km resolution to
derive an overall deforestation rate between 2000 and 2010 (Figure 4.3). We then
stratified the points based on MODIS rates (bin = 5%) and calculated the standard
derivations of corresponding referenceesator each deforestation level (Figure
4.3(b)). These standard errors were applied to every 5 km grid of the entire study
area. Although regional variations exist, the standard errors derived using this
independent, large reference sample provide a rebkoerror bound for

deforestation estimates from MODIS.
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Figure4.3 Estimating errors in MODIS$lerived deforestation rates with Landsat
derived deforestation rates as reference. (a) Density scatter iatolturs
representing point density (n=14,322) (b) Error bars represent + one standard
derivation ofLandsatderived deforestation rates for each deforestation level
(bin=5%).

We generated error bound for emission estimates using the error propagation
model defined in the following equation. Both deforestation and carbon density error
terms are expressed in terms of percentage of relative error and assuming they are

independen(GOFGGOLD 2012 IPCC 200, the propagation model is given by:

- - - x (4.1)
where- refers to errors in emission estimates; represents
errors in deforestation estimates and represents errors in carbon

density estimates. Errors in carbon density estimates were quantified from four
components including (1) measurement error assalcvaitd tree height estimation
from Lidar data, (2) allometric error associated with biomass estimation from tree

height, (3) sampling error associated with the representativeness of sample plots and
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