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Projectoverview

The goal of the project is to improve quantitative

understanding of the global hotspots of forest loss,

includingdeforestation,forest rotation and degradation

using high resolution optical remote sensingdata from

PlanetScopeand Sentinel-2 satellites(3 and 10 m spatial

resolution,respectively).

The first portion of the analysisconsistsof the sample-

based estimation of forest loss area with known

uncertainty for the baselineyear of 2018. The method

wasprototyped by our team for mappingtree cover loss

in Peruandwheatextent in Punjab,Pakistan(Pickeringet

al., 2021). Thereferenceareaof forest lossderivedfrom

automated classificationof a sampleof high resolution

data will be usedto assessthe accuracyof the Landsat-

based(30m resolution)globalforest lossmap(Hansenet

al., 2013). Thesecondportion consistsof forest losstype

(initial disturbancetype and proximate driver) and pre-

disturbance forest type attribution for the mapped

reference forest loss. Both are probability-based

assessments,with the loss mapping performed using

machine learning mappingalgorithms,and the from-to

forest type, disturbancedriver and land use outcome

attribution performedusingexpertvisualinterpretation.

Methods: samplingdesignandreferenceimagery

The reference stratified random sample of 600 5x5km

blocks was selected from a global grid of equal-area

blockswith non-zeropercenttree coverin the year2000,

subdividedinto the following strata basedon the global

tree cover loss map for the year 2018 (Hansenet al.,

2013): high loss(> 3.3%of forest lossper block),low loss

(0 - 3.3%), no loss–one block buffer around lossblocks

(to target omissionerrors), no loss –outside of buffer

(seefigurebelowfor sampleblocklocations).

For each sample block we have acquired at least one

minimally clouded PlanetScopeimage closest to the

beginningof each month of the year 2018, December

2017 and January-February 2019, to ensure the clear

anniversary-date (beginningandend of year)images. We

havealsodownloadedall availableSentinel-2 imageryfor

the sametime period, resampledto the 3m PlanetScope

grid, forminga singledatastack.

Typesanddriversof forest loss

Foreachmappedpixelof year2018forest lossin eachof

the reference sample blocks we have assigned the

following categories: pre-disturbanceforest type, initial

type of disturbance, and proximate cause (driver) of

forest loss(basedon landuse3 yearspost-disturbance).

Forest types included natural forests (includingprimary

and secondary), timber plantations, and non-timber

plantations(includingpalm).

Initial disturbancetype was identified from year 2018

reference imagery, and included mechanical forest

clearing (manual vs. mechanized) and natural

disturbances(fire, insects,floods, hurricanes,windfalls).

Disaggregationof mechanicalclearing into manual vs.

mechanizedwas basedon clearingsizeand presenceof

accessroads.

Proximatecause(driver) of forest loss(Geistand Lambin

2002) was identified basedon the referenceimagery3

yearsafter disturbance(PlanetScopeand GoogleEarth).

This was done to differentiate conversionof forests to

various land uses(croplandvs. pasture vs. plantations),

separateforest rotation in shifting cultivation cyclefrom

semi-permanent conversion to cropland, and planted

clearcutsfrom clearcutswith naturalregeneration.

Methods: blockmapping

Eachsampleblock was classifiedinto regionsof ‘treecover loss’and ‘noloss’usinga supervisedbagged

classificationtree algorithm. Trainingand classificationwas performed using the combinedtime seriesof

Sentinel-2 andPlanetScopeimagery. Trainingdatawascollectedvia identifyingtarget regionswith noticeable

tree coverloss,aswell asnon-target regionsthat remainedunchanged(seefigurebelow). Thefine resolution

of PlanetScopeimageryhelpedcapturethe precisespatialextentof tree coverlosseventswhile the temporal

resolution of Sentinel-2 imagesallowed pinpointing the date of onset for each identified loss event. The

temporaldimensionwasespeciallyimportant aroundthe start andend datesof the time seriesbecauseany

tree cover lossoccurringbefore January1, 2018and after December31, 2018wasdisregarded. Theblock

mappingmethod wasiterative: training inputs were modified following the resultsof eachclassificationrun

until a satisfactorytree coverlossmapwascreatedfor eachblock.

Eachmappedblockwent through the quality assessment(QA)by the entire mappingteam duringthe group

QAsessions. Thefollowingcheckswereperformedfor eachblockduringQA: commissionerror check1 (make

sureall the areasmappedastree cover losshad trees at the beginningof 2018), commissionerror check2

(makesureall areasmappedas tree cover lossexperiencedlossby the end of 2018), omissionerror check

(makesurethere are no areaswith tree coverlossthat were not mappedasloss). If problematicareaswere

found, more mappingiterations were performed, or block mapswere manuallyedited until a satisfactory

mapwasproduced. Quantitativevalidationof the resultingmapswill be performedat the endof the project,

onceall sampleblockmapsarefinalized.
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