2022 NASA Land -Cover and Land -Use Change Program Fall Science Team Meeting
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AN @ classificationtree algorithm Trainingand classificationwas performed usingthe combinedtime seriesof
O e U Sentinel2 and PlanetScop@magery Trainingdatawascollectedviaidentifyingtarget regionswith noticeable
TN /e s S ’ tree coverloss,aswell asnon-target regionsthat remainedunchangedseefigure below). Thefine resolution
R ¥ ' ¢ ; of PlanetScopanageryhelpedcapturethe precisespatialextent of tree coverlosseventswhile the temporal
January 12018 B apilanois x =3 T"~"*i'j£e,33§mb§1‘, 2018 2018 forest loss resolution of Sentinet2 imagesallowed pinpointing the date of onset for eachidentified lossevent The
_ _ | - T temporaldimensionwasespeciallyymportant aroundthe start and end datesof the time seriesbecauseany
Industrial logging .C)f}{v. : March 13‘-’.’5183 August 15, 2018 January 3, 2019 ' 2018 forest loss tree coverlossoccurringbefore Januaryl, 2018 and after December31, 2018 was disregarded The block
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Eachmappedblockwent through the quality assessmenfQA)by the entire mappingteam duringthe group
QAsessionsThefollowing checkswere performedfor eachblockduring QA commissiorerror checkl (make
sure all the areasmappedastree coverlosshadtrees at the beginningof 2018, commissionerror check?2
(makesure all areasmappedastree coverlossexperiencedossby 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 end of the project,

onceall sampleblockmapsarefinalized Yellow:tree cover loss training (left) and result (right)
Gray:no loss training (left) and result (right)
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