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Abstract: Annualforest mapst a high spatl resolution are necessary ffurest management and conservation
Large uncertaintieeemain amonghe existing foresimays, because oflifferent forest definitios, satellite datasets,
in-situ training datasetsind mapping algorithms. In this study, generatecdannualmaps offorestand evergreen
forestat a 30-m resolutionin the ConiguousUnited States (CONUSJuring 20152017 by integratingnicrowave
data (Phased Array typetiand Synthetic Aperture Radar (PALSAR and optical data (Landsatyingknowledge
based algorithmsThe resultant PALSARY/Landsatbased forest map®I(-Foresj were compared with five major
forestdatasetsn the CONUS (1) the Landsat tree canopy cover from Global Forest Watch dat&fefs-Fores},

(2) the Landsat Vegetation Continuous Fiditasetg§LandsatvVCF-Fores}, (3) the National Land Cover Database
2016 (NLCDForest),(4) the Japan Aerospace Exploration Agency (JAXA) forest maps (IAXAst),and(5) the
Forest Inventory and Analys{ElA) data from thaJSDA Forest Service (FlA-orest) The forest structurdata (tree
canopy height and canopy coveradejivedfrom thelidar observations of the Geoscience Laser Altimetry System
(GLAS) onboard NASA's Ice, Cloud, and land Elevation Satellite (ICEpaere used to assess fhee forestcover
datasetslerived from satellite imagessing theforest definitionby the Food and Agricultural Organizati¢iRAO)

of the United Nationgnore foresipixelsfrom thePL-Forestmapsmeet tha=FAO6 forest definitions thathe GFW-,
LandsatvCF-, andJAXA-Forestdatased. Forest area estimates from tAke-Forestwere close to those from the FIA
Forest statistics butigher than theGFW-Forest NLCD-Forestand lower than the Landsaf CF-Forest which
highlights the potential of using boffiL-Forestand FIAForest datasets support the FAO's Global Forest Resources
AssessmentFurthermore, the Rbased annual evergreen forest mépk-Evergreen Foresthowed reasonable
consistency witithe NLCD product The comparison of the mostidely usedforest datasets offered insights to
employ appropriat@roducs for relevantresearch and management activitieeoas local taegional and national
scales.The generateddatases in this studyare available athttps://doi.org/10.6084/m9.figshare.21270@&Ang,
2024) The improved annuahaps of brest andevergreenforest at 3ém over theCONUS can be usedb support
forest management, conservation, amsburceassessments.

Keywords: Forest mapEvergreen forest mapree canopy heighf;ree canopy cover
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1 Introduction

Forestoverapproximately30% of thdand surfacend have fayedmajor rolesin regulatingterrestrialcarbon
andwatercycles(Harris et al., 2012; D'almeida et al., 200influencingclimate (Bonan, 2008; Peng et al., 2014)
conserving biodiversitySeto et al., 2012; Betts et al., 201&hdsupplying forest products to humankir(&oley et
al., 2005; Smith et al., 2018)he United States of Ameri¢BlSA) is covered by 310 million hectaregforests, which
is the fourth largest forest counfrythe world asestimated in 202(0GlobalForestResourceé®\ssessmerz020) The
forest biomes are dominated llye northwestermocky mountain andPacific coastevergreen forestghe eastern
deciduous and mixed forests, and the southeastastalplain evergreen forest@€Cooperation, 1997)The Forest
Inventory andAnalysis(FIA) program,managedby the U.S. Department of AgriculturdJSDA) ForestService,
identified 14 forest typegby major tree species), wdin wereaggregated into 28 forest groups across the USA
(Ruefenacht et al., 20081A hasreported that the national forest area totals remain stablkesubstantial changes
occurred atocal andregional scalefOswalt; et al., 2019)n addition, extensive impacts disturbance (e.g., wildfires,
harvestsjnsect outbreaksand climate factorbave been increasingly changing the forest structure, function, and
species compositiofSexton et al., 2016; Mekonnen et al., 2018is critical togenerate timely and accurate annual

forest maps a& high spatialresolution which can be then used tentify the forestareadynamics assess the
associated impactsand support policydiscussiorand relevantesearct{Sexton et al., 2015)

Remote sensing technologyfers largearea and higiirequeny observationghat have been widely used for
regionaland global forest mappingor examplethe opticatbasedregional andylobalforest mapsregenerated at
the coars¢thousands of meterapd moderatéhundreds of meterspatial resolutionasingthe 1-km Advanced Very
High Resolution Radiomet¢AVHRR) (Hansen and Defries, 2004; Achard et al., 20Q1km Satellite Pour
| 60bservati on ¢éeVEGETATION(Stibig etdl., 2084P Killig and Malingreau, 2003; Souza et al.,
2003) and500-m and250-m Moderate Resolution Imaging Spectroradiomé#®DIS) (Friedl et al., 2010; Hansen
et al., 2003; Dimiceli et al., 2017The charactesticsand comparisanof severalmgor forest cover productat
moderate spatial resolutidgrave beenshown in detail in one of our previous studiesluding imagedata sources,
forestdefinition, algorithmsaccuracyandother relevant informatio(Qin et al., 2017)

The Landsatimages have been used to genefatestor otherland cover productat a highspatial resolution
(tens of metes) (Chen et al., 2015; Hansen et al., 2013a; Jin et al., 20IBamgor Landsatbasedoroductsfor the

CONUSinclude the Global Forest WatgtGFW) program of the World Resources Instit(@913b) the forest cover


https://www.sciencedirect.com/topics/earth-and-planetary-sciences/advanced-very-high-resolution-radiometer
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/advanced-very-high-resolution-radiometer
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/modis

fraction (VCF) product from the Global Land Cover Facility Data Center (GLCF) at the University of Maryland
(Sexton et al., 2013pand the National Land Cover Database (NLCD) ftdr8. Geological SurveyJsSGS (Jin et
75 al., 2013b) In the United States, FIA and NLCD are the primary databases used by managers, researchers, and
policymakers to assess land use and track land manag@oenver et al., 2020; Domke et al., 202F)A is a field
survey of forest plots and reports information on the status and trends of forests in the United Stditsst of plots
is measured every year with revisit intervals of 5 to 10 years depending on tlielstater et al., 2020; Burrill et al.,
2021) The NLCD provides updated datasetgery three yearsr sq which were generated by change detection
80  algorithmsfor only a time periocnd ha a certain amount of commission err@ et al., 2013a)Additionally, the
annual global forest maps have been publishethéylapan Aerospace Exploration Agency (JAX#&gr the years
of 20072010 and 2012018 which are generated using PALSAR and PALSARnagesat 25m and 56m spatial
resolutiongShimada et al., 2014The main characteristics of thehigh-spatiatresolution forest maps covering the
CONUS are summarized in Table The wide availability of satellitbased forest and land cover maps nsake
85  convenient for stakeholders to access more information than ever bédavever,it is still challenging for users to
understand the differencégtweenthe forest products anclarify their application potential fospecific purpose
systematically
Due tothe differences in forest definitionssatellite datain-situ training dataand mappingalgorithms the
availableforest mapstill havelargediscrepaniesin forestareaestimategSmith et al., 2018; Qin et al., 2017; Sexton
90 et al., 2016)The optical remote sensingataare affected bycloud covey cloud shadow, and smokehich reduce
the number of good quality observatigiReiche et al., 2015Buildings rocks and high biomass cromdten have
largePALSAR backscatter coefficiengd similar or higher levels dbrest(Qin et al., 2017)The combination of the
opticalandmicrowavedatacould take advantage of the optical remote sersengosthatcapture théight andforest
canopyinteractionand L-band microwave sensorthat capture the microwave and foresucture(tree trunk and
95  branch) interactiomvithout cloud contaminatiorOnestudy suggested that the complementarity of optical and SAR
datasets improved tleecuracyof forest map, incompaisonto either optical or SARlatasé(Lehmann et al. 2035
For examplemis-classificationof the Landsatbased forestaps could be caused by theptanted areas with small
or mediumsize trees or regions with some vegetation types like highland, doouever, hese regions could be
identified correctly by PALSAR datd_éhmann et al. 20)5Improvedforest map have beenreportedin several

100 studieshby usingintegrated?ALSAR and Landsalatain tropical regiongReiche et al., 2015; Lehmann et al., 2015;



Thapa et al., 2014pndPALSAR and MODIS datén monsoon Asia andtherregions of the wdd (Zhang et al.,
2019; Qin et al., 2016bHowever, it remains unclear about the poterdfatombined PALSAR and Landsat images
to improve the annual foreatea estimates the CONUS
In addition to annual forest maps, information on evergreen forests and deciduossdaisst important for

105 forest management and conservatidiany gudies showed thdhe spatial distributions of evergreen and deciduous
forestshave been changingnd will continueto changen the future driven bymultiple stressors involving climate
changeforestdisturbance, landise change, and invasive spec¢f@sh et al., 2019; Mekonnen et al., 2019; Knott et
al., 2019) Accuratedistribution information on evergreen and deciduofrest typeds alsoneededo reduce the
uncertainty inthe carborbudgetgDeb Burman et al., 2021yVith the development dEarth observation technology,

110 some efforts have been carried outptoduceforesttype datasetdased on multiple spaceberandor airborre
images(Laurin et al., 2016; Kushwaha, 199@s an examplefor the study athe nationabr continentalscale the
NLCD dataseprovides the nationwiddistribution of deciduous, evergreen, and mixeests in the U.Sat 30m
spatial resolutioffior theyears of 2001, 2006, 2011, and 20I6e 58m evergreen and deciduous forespin 2010
wasgeneratedcross monsoon Asia UsiIRALSAR andtime seriesMODIS imagedqQin et al., 2016b)in addition,

115 time series MODIS images have baeportedto improve theestimates oévergreen foresis tropical regiongQin
et al., 2019)As the NLCD used muliemporal Landsat images to identify evergreen and deciduous forests, time
series Landsat image®uld improve the discrimination and classification of evergreen and deciduous fai@sts
supportthe annual analyseis the scientific research angolicy-makingon forest ecosystem$o date few efforts
have beenconductedo produce the@nnualmaps ofevergreen or deciduous forestger the terperate regiondespite

120 theimportance

The United Nations Food and Agriculture Organization (FAO) Global Forest Resources Assessment (FRA)

provides essenti al information f or unadndusesteznyfiveyegrs t he w
since 199y assembling thirest datdrom individual countriegKeenan et al. 2015 an effort b improveannual
forest mapst a national scal® supporthe FAO FRA prgram this studyhad three objectivesThe first objective

125 was todevelopannual forest mapand annual evergreen forest mapshe CONUSby usingboth PALSAR-2 and
Landsaimagedrom 2015to 2017. The £condobjective was tossess and compare tlesultant PALSAR2/Landsat
based forest maps withe major satellitebasedforest cover datasets by usitige foreststructuredata free height

and tree canopy covage) which were derived fronthe observations of the Geoscience Laser Altimetry System
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(GLAS) onboard of NASA's Ice, Cloud, and land Elevation Satellite (IGEBathis comparison with a large amount

of LIDAR data will help understand the differendexweerthe forest datasets under the forest definition used by the
FAO. The FAOdefinesforess aslands ofmorethan 0.5havith tree cover over 19 andtree height greater thanrb
(Fao, 2012)The third objective was teport the PALSAR2/Landsatbased forest maps atd administration levels
(stateand CONUS) and compare them with the forest area estimates fréiithg the USDA Forest Service, which
are the primary data sources provided by thé lgBvernment for th&AO Global Forest Resources Assessment
This comparison will help us to investigate tiapabilityof combiring the PALSAR2/Landsat approach and the FIA

approachor support of the Global Forest Resource Assessmdiné atitional scale.

Tablel. Characteristics of the main forest codatasetst a high spatial resolution (tens of metéosthe Contiguous
United States The forest cover datasetmalyzed in this study are frotihe Forest hventory andAnalysis
progranfFIA-Fores}, the National Land Cover Database (NL&Dresj from the United States Geological Suryey
the Global Forest Watch (GRWores} program of the World Resources Insi#uthe Landsatbasedforest cover
fraction (LandsatVCF-Fores} productfrom the Global Land Cover Facility Data Center at the University of
Maryland the Japan Aerospace Exploration Agency forest maps (JRXi&s), and the PALSAR/Landsatbased
forest maps generated in this st&y.-Forest).

Sensors | Datasets | Forest Major data| Methods Spatial Periods References
definition source resolutio
ns
Statistic | FIA- Tree Inventory Sampling State Annual Burrill et al.
S Forest cover O1|data sampling (2021)
design after
1998
Optical | NLCD- Tree Landsat Decision 30-m circa 1992,/ Jin et al.
Forest c o v 2000 images tree 2001, 2006, | (2019)
tree heigh5- 2011, 2016,
m 2019
Landsat | tree heighD5- | MODIS Regression | 30-m 2000, 2005, Sexton et al,
VCF- m VCF, tree 2010, 2015 | (2013a)
Forest Landsat
images
GFW- tree heighD5- | Landsat Decision 30-m 2000, 2010 | Hansen et
Forest m images tree al. (2013a)
SAR JAXA- Tree cover | PALSAR/P | Decision 25-m 20072010, | Shimada et
Forest 010%, tree | ALSAR-2 tree 20152018 | al. (2014)
heightO5-m images
SAR/Op | PL- Tree cover| 25m Decision 30-m 20152017 | This study
tical Forest | O10%, tree| PALSAR-2 | tree
heightO5-m and  36m
Landsat
images in
20152017
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2 Materials and Methods

The workflow in Fig.1 presents thentee major study sections and the detjirocessesf each section in this
study. First, we generated the annual forest mapdannual evergreen and deciduous forest naB3m spatial
resolutionduring 20152017 by integrating PALSAR and Landsatime-seriesNormalized Difference Vegetation
Index (NDVI) data. Secondye compared theesultantPALSAR-2/Landsatforest mapswvith othermajor satellite
basedforest dataset® the study period of 2018017. Weassessethese forest map®llowing the FAO's forest
definition using thetree height and canopy coveragiata fromthe ICESatl LIDAR-based products. Thirdye
examinedhe performancef all the satellitebased forest mapm forest area estimates by companwith the FIA

statistic data at the state and national administration levels.

PALSAR2 Landsat NDVI Field photo || Google Earth Lidar datasets Forest datasets
(25111) (3 Onl) llbI'ElI'y h‘nages (ICE Sat- 1) (GFW, Landsat VCF,
v v 1 1 NLCD, JAXA, FIA)
HH, HV, HH- NDVImax | AOQOIs |
HV. HH/HV L ! b
o A Canopy || Canopy Data cube
v ‘ Calg)rtatlon Val(;diltlon height coverage (Forest datasets by
ata ata i i "
Surface | Vegetated Non- definitions)
water lands vegetated ' J'
body lands Thresholds Accuracy v v v
assessment
i ¢ L Assessment of forest Area and spatial
| Annual PALSAR-2/Landsat forest maps in 2015-2017 |— maps by canopy comparison at state
‘ height and coverage and national scales
| Annual evergreen and deciduous forest maps in 2015-2017 |

Figure 1: The workflow of this study. It includes three major study sections and the detailed processes of each section in
this study. GFW, Landsat VCF, NLCD, JAXA, and FIA present different forest cover datasets that have been released. HH,
HV, HH-HV, and HH/HV denote the horizontal-horizontal (HH) and horizontal-vertical (HV) polarization bands, and two
composite layers of the difference (HFHV) and the ratio (HH/HV). AOIs refer to the areas of interest used as calibration
and validation samples in this atdy.

2.1 Study area

Our study area isie CONUSwith an area of about 8.08>4Rm?, including the 48 states and Washington, DC.
About 50% of the CONUS land cover change has involved foseste 200{Homer et al., 2020)The CONUS has
large topographicalvariation fromthe eastern USAo the western USAas shown byhte spatial distribution of

topographyin the CONUS (Fig. 2a).
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(b) PALSAR-2 images in 2015

110° W 100° W 90° W 80° W 110° W 100° W 90° W 80° W
DEM Observation month of year

B <500 [500-1000 [11000 - 1500 -2 [ 134 [ I56
11500 - 2000 [ 2000 - 3000 Ml >3000 [l7-8 o-10 112

Figure 2: The spatial distributions of (a) the topography of the CONUS using thelata from the U.S. Geological Survey, 3D
Elevation Program 10-Meter Resolution Digital Elevation Model (DEM). (b, c, d)the acquisition dates ofPALSAR-2
imagesin a year during 2015- 2017.

2.2PALSAR-2 datain 20152017

The annual 28n ALOS-2 PALSAR-2 mosaic data from 2015 to 2017 were collectiithe Google Earth Engine
(GEE) platform (https://developers.google.com/earth
engine/datasets/catalog/JAXA_ALOS PALSAR_YEARLY_SABst access: 18 March 202ZThe PALSAR?2
horizontathorizontal HH) and horizontalvertical HV) polarizationbands provided bythe Earth Observation
Research Center, Japan Agpace Exploration Agency (JAXA), asbopecorrectedradiometrically calibratedand
orthorectified backscattersvith a geometric accuracyf around 12 meteréReiche et al., 2018Fig. 2b,c,dshows
the acquisitiordatesof thePALSAR-2 mosaic imagesverthe CONUS and most images were acquirech May to
October The HH and HV bandsvere convertedrom the amplitude valuesnto gammanaught backscattering

coefficients in decibelj usingthe equation (1jShimada et al., 2009; Shimada et al., 2014; Chen et al.,.2018)



29=10x InDN?+ CF 1)
180 whered® is the backscattering coefficient using dB as the unit; DN is the digital nwhther amplitude images
like HH or HV band and CF isa calibration factowith a valueof -83 dB. In addition, o composite layers.e., the

difference (HHHV) andtheratio (HH/HV), were calculateds input datéor forest mapping.

2.3 Landsat datain 20152017
We used altheLandsat7 Enhanced Thematidapper(ETM+) and Landsa8 Operational Land Imag€OLI)
185 surface reflectancdSR) images from 2015 to 2017to constructa time seriesimage data cubein GEE
(https://developers.google.com/eaghgine/datasets/catalog/LANDSAIRSt access: 18 March 2022his dataset
provides multispectral images at 30 resolutionand the SR data were derived frortop-of-atmospherg TOA)
reflectance bythe atmospheric correctionodes(Vermote et al., 2016)The bad-quality observatios with clouds,
cloud shadowssnowice, and scasine-off stripswere identifiedas NODATAfollowing the quality band (pixel_qga)
190 The remaiing goodquality observatios were used to calculatgevegetation indicesf NDVI, Enhanced Vegetation
Index EVI), andLand Surface Water Index.$WI) for eachimage in the data cub&ig. 3 showsthe spatial
distribution ofannual totalgood-quality observatiomumbes (GOB9 for individual pixels over the CONUSrom

2015 to 2017.

0 00 O0O—mM— 2

195 06 "O¢® . ©)
0 "Yoo O— (4)

wheré " " and” are the surface reflectance valuebloke (450520nm), red (6390nm), near

infrared (766900nm), and shortwaviafrared bands (155Q750nm).
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Figure 3: The summary of the goodquality observation (GOBs) numbers for individual pixelsin a year over the CONUS

using all Landsat imagesn a yearfrom 2015to 2017

2.4 Sample data for accuracy assessment of forest maps

The accuracy of the PALSAR/Landsat annual forest mapasassessed based on thebal validation sample

setreleased by researchdéram Tsinghua University, Chindftp://data.ess.tsinghua.edu,dakt access: 20 February

2022 (Gong et al., 2013)This validation dataset was generated using a random sampling staakgysual

interpretatiormethodfor the Finer Resolution Observation and MonitoffBtpbal Land Cover (FROMLC) (Gong

et al., 2013)As the validation sampleseregenerated in 2013, this study we doublecheckedheland cover types

of all thesamples by visual interpretatiari the Google Earth images during 262817 We deletedhosesamples

with land cover changgg.g.,from forest to nosforest or from nofforest to forest)and hus,a total of 65Xorest

samplesvere kept for this studyAt last, atotal number ofL,958 points were used for the validation of the resultant

forest maps, which includgb2forests, 85 croplands431grasslands205 shrubland€95water bodies and wetlands,

46 impervious surfaces, 2barren lands (Figh).

10
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Figure 4: The land cover samples for accuracy assessment in this study. These samples were from the global validation
sample set released by the researchers from Tsinghua University, Chinlattp://data.ess.tsinghua.edu.cn/last access: 20
February 2022 (Gong et al. 2013). They were revised by excluding the samples with land cover change according to the
Google Earth imagesForest_NL, Forest_BL, and Forest_MLdenoteneedleleaved forest, broadleaved forest, and mixed
leaved forest, respectively.

2.5 Canopy height and canopy covergedata from ICESat LiDAR

To assesshe PALSAR2/Landsat forest maps awtherforest mapsn terms offorest structureraits (canopy
height, canopy coverag#)at are used in forest definition by FA®e used thdCESat global canopy covaegeand
height dataseib generate theamples of (1) forest canopy heidhteter)and (2) forest canopy coveraf). This
ICESatdataset vasderived based on the observations from the Geoscience Laser Altimetry System (GLAS) on board
NASAb6s | ce, Cloud, and Hpwihda fddthrintwolabout®sn in Siameter(Tang ¢tal., ( | CES a
2019) The ICESat mission acquired LIiDAR data over the globe during-2003.The ICESatbased tree canopy
cover products provide improved information to characterize biewed gradients and canopy cover almost without
bias at the footprint levdllang et al., 2019)There are more than 550,000 lagmwtprints from ICESatl over the

CONUS (Fig.5). This is the only available dataset that can be used to assess the structural characteristics of the forests

11
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extracted by the forest covproductsin the study period of 2018017. Theimage acquisitioryears differ between
the ICESat data (2003009) and the PALSAR/Landsatdata (20152017) whichmay cause sall uncertainties in
the assessmengsults.A pixel has three scenarios in terms of foir@shotin these twaime periods (20032009 vs
20152017} (1) as forest in both 2063009 and 2012017, (2) as forest in 20€8009 but not in 2012017 (forest
loss due to deforestation), and (3) as forest in ZE but not in 20062009 (forest gain due reforestation or
afforestation). For those pixels thagre forest irboth 20032009 and 2012017 (Scenario #1), as the canopy height
(CH) and canopy coverad€C) of a forest stand are likely to increase o¥eryearsusing CH and CC data in 2003
2009 may underestimate themberof pixels meets the FAO forest definitidfor those pixelshat were forest only

in oneperiod of 20032009 or 20152017 (scenario #2r #3), they were noevaluatedn the assessmerih addition

the differences inmage acquisition yeamould not affect the results ahter-comparison between different forest

cover products.

(a) ICESat-1 samples

40°N

Canopy cover (%)

30°N

0 20 40 60 80 100

: Canopy height (m)
: Percentage(%)
- oW T00°W S0°W 80°W 0 0.3 0.6

Figure 5. The ICESat samples in the CONUS(a) Spatial distribution of ICESat-1 samples. (b)the histogram of canopy
height (m) and canopy coveragé%) for the ICE Sat-1 samples.

2.6 Satellite-basedforest cover data products for inter-comparison

We used durforest cover productserivedfrom analyses o$atellite imageat a high spatial resolutio@§0-m)
for inter-comparison with ouPALSAR-2/Landsaforestmaps the GFW product in 201@e LandsaVCF product
in 2015,the NLCDproduct in 2016 (NLCD2016pnd JAXA product in 2012017 (Fig. 6). The GFW tree canopy
cover product in 2010 at 3@ resolutionwas generated hysing decision tree algorithms and nittmporal Landsat
images [ttps://www.glad.umd.edu/dataset/gloi28l10treecover30-m, last access: 1 May 20R{Hansen et al.,
2013a) The Landsat VCF product in 201%a global tree cover percentage datassd can belownloaded from the

LandCover and LandJse Change Programht{ps://Icluc.umd.edu/metadata/glot3fimlandsaitreecanopy

12


https://lcluc.umd.edu/metadata/global-30m-landsat-tree-canopy-version-4

versiond4, last access: 5 May 20R1t is generatedby using a regression tree modelrescaé the 250m MODIS
VCFtree cover layer into 3th (Sexton et al., 2013aYhe Landsabased NLCD2016rovides land cover information
at 30m resolutionover the CONUSwith an accuracy of 83%https://www.mrlc.gov/data/nlc@016land-cover
255  conus last access: 9 May 20R@MHomer et al., 2020)This produchasthree forest typesleciduous forest, evergreen
forest, and mixed foregHomer et al., 2020)The 25-m annual global forest mageom 2015 to 2017rom JAXA
were producedby using thePALSAR-2 mosaic datand a decision tree methddAXA-Forestmaps) which are
available ahttps://www.eorc.jaxa.jp/ALOS/en/palsar_fnf/fnf_index.htmlth last access of 12 May 2023himada
et al., 2014)JAXA-Forestused the FAO forest definitiolso, gmilarly, for the tree cover products of Landsat VCF
260 and GFW, we selected the pixels with tree canopy coverage greater than 10% atofgesstsatehe GFWForest

and Landsat VCHorest maps

2.7.Forestcover data from in-situ field inventory for inter -comparison
The forest areatatistical datdor year 2017at the county scaleasalsoused for comparison analysis. This

statistical datasetomes from the USDA Forest ServicéS) FIA program(https://www.srs.fs.usda.gov/pubs/57903

265 last access: 10 May 20Réandis widely used inthe studiesof forests inthe CONUS(Domke et al., 2021; Burrill et
al., 2021; Hoover et al., 2020he definition of the forest land condition ikarger than 0.4 hal(0 acr¢ in size,
greater than 37m (120.0 feet) in width, at leagtoX@nopy cover by live tally trees of any saiepresenbr in the
past(Burrill et al., 2021) Forest landalsoincludes (1) the transition zonessuch asareasbetween forest andon
forestlands that meet the minimal tree canopy cover and forest, §P@dise strips of trees in roadside, streamside,

270  andshelterbeltmustwider than 37 (120feef and longer thaillm @63 fee) continuously; (3) the unimproved
roads and trails, streams, and clearings in forest areas if they are less than 37m in width or less than 0.4 ha in size.
Forest land does not include treevered regions iagricultural production settings like orchards or urban areas like
city parks(Burrill et al., 2021) The accuracy standard for forest area in the FIA program is to meet the mandated
sampling error no more than 3% error per 1 million acres of timbefBudill et al., 2021) It is the critical data

275  source provided byhe US government for the FAO's Global Forest Resources Assessment, amasdorces

managersind the publitco manage and utilize the forest resources in the United States
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Figure 6. Forest distribution in the CONUS from four forest data products,(a, b, ¢) Landsatbased and (d, e, fPALSAR-

2-based forest products during 20152017. GFW-Forest in 2010 presentshe forest cover map in 2010 fromthe Global

Forest Watch (GFW) program of the World Resources Institte. Landsat VCF-Forestin 2015 presents thé andsat-based
forest cover fraction (Landsat VCF) product from the Global Land Cover Facility Data Center at the University of
Maryland . NLCD-Forestin 2016 presents the forest cover map in 2016 frothe National Land Cover Database (NLCD)
JAXA -Forestin 2015201 7refer to the Japan Aerospace Exploration Agency forest mapsom 2015 to 2017.

2.8 PALSAR-2/Landsat forest mapping approach
The advantages ofhandALSO-2 PALSAR-2 datain penetrating treeanopy to interact wittree branches and

trunkslead to highewolume backscatter signaleom forests tharfrom otherland cover typege.g, grasslands,

14



shrublandscroplands, and watdrodied. However,some naturasurfaceqe.g, rocky land$ or artificial structures
(e.g., buildings) also have high backscatter signalswhich could easily cause commission errors inthe
PALSAR/PALSAR2-basedforestsignature analysi€in et al., 2017)As these land cover typedsavelow NDVI
290 valuestheycan betrackedand identifiedby optical imagesAccording tothis knowledge we developed a twstep
forest mapping approaddy integration ofPALSAR or PALSAR-2 and optical€.9.MODIS, Landsat)magesin our
previous studiesuch asn South AmericdQin et al., 2017)Asia(Qin et al., 2016h)xandAustralia(Qin et al., 2021)
However, these previous studies were mainly conducted at a lower spatial resolutjidsO{@.doy PALSAR and
MODIS) or attempted for limited spatial scales using PALSAR/PALSA&Nd Landsat imagels.is still unclear the
295 performance of the integratethtasetsof PALSAR-2 and Landsafor monitoring annual dynamics of forest
distribution and forest functional types over the temperate regicaigher spatial resolution of -3
In this study, we usetthe sameworkflow (Qin et al., 2016ajo identify and map forest cover in CONLUSrst,
we identified forestpixels by usin25-m PALSAR-2 imagesand thethresholdbasedalgorithm A pixel is classified
to be pixel forest, if its PALSAR datameetsl90 HV7.500 Di f f 6.5 @0Oc &® a ®95.dheresholds
300 for the 25-m PALSAR2 imageshad beenslightly adjustedfrom those for the 25n PALSAR databased on our
previousstudies orPALSAR andPALSAR-2 signdure analyes of forest and notforest sample§Qin et al., 2016a;
Chen et al., 2018A 51 5 window medianfilter was applied to decreasiee potential noise (e.gsaltandpepper
noise) on th& ALSAR-based forest and ndorest(F/NF) maps.These resultant 261 F/NF maps were resampled to
30-m to match thespatial resolution of Landsat imagé®ress usually have a high leaf area indegdarger than 3
305 m#m?), but rocky lands, barren lands, and buit surfaces have no or little green vegetation in a y&ae.to LAI
and NDVI are closely related to each other, the valud¥| with 0.7 or so usually represents the range of 1 to 2
m?/m?of LAl dependent upon the vegetation typesich can be used tdentify forestandeliminate the commission
errorsin the PALSAR/PALSAR2 based foresinaps(Qin et al., 2016a)Herewe generatedhe maximum NDVI
layers from all the available Landsat imagi@seach yeafJanuary to December) durir9152017 andappliedthe
310 threshold of NDVImax> 0.7 into the layers to generatehe NDVImax masls to extract the pixels covered by green
vegetation.The annual30-m forest map wagroducedby overlaying the PALSAR-based forestnaps and the
Landsatbased\DVImax mask layers
In postclassificationa temporal and logical consisteradyeckwas performeanthis threeyear foresandnon

forest (F/NF) maps to reduce theise omisclassificationin the F/NF sequend€hen et al., 2018; Qin et al., 2016a)
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315  For eactpixel in annualF/NF time series magsom 2015to 2017,thereasonabléorest dynamicsvereNNN, FNN,
NNF, FFF, NFF, and FFIN denotes noffiorestand F indicates foresfTheNFN and FNFsequencewereconsidered
as 'hot reasnablesequencg' andre-processedssequences dfINN and FFErespectivelyThis 3year consistency
check during 2012017 makes the annual forest map in 2016 with higher confidence, and weseiilfor inter-
comparison and forest area estimates at county, staleCONUS scate The resultanPALSAR-2/Landsat (PL)

320 annual forest maps are called “Pbrest maps" in this study.

29 PALSAR-2/Landsatbased annual evergreen forest maps in 2042017
Evergreertrees have green leaves all year round, but deciduous trees usually shed their leaves in winter or dry

season. Thedeaf phenological profiles can be captured by the satdilitsed vegetation indices (¢.§DVI, EVI,
and LSWI) to distinguish evergreen and deciduous fo{€xtset al., 2016b; Prabakaran et al., 20 B)sed on the

325 characteristics of forest canopy phenology and vegetation indices, we have developed a simple and robust algorithm
to map evergreen forests by analyzing the time serieswa#ted index (LSWI) and greennesdated indices (EVI,
NDVI). The green leaves of evergreen forests pgitive LSWI values all year rourahd relatively high EVI in
winter and/or dry seasonand thughe seasonal profiles analysis of LSWI and E¥s used to identifgvergreen
forests(Qin et al., 2016b)The same approacahas used tgeneratehe annual maps of evergregegetatiorby the

330 criteria of pixels havind 1) L $ov\dll é®good observation images in a yaad(2) a minimum EVI (EVhin)
no less than 0.2 identified as evergreen cover. This rule can be characterized by the fredueh&y Iof6Q. s wi)oo
for all the good observations in a year and EMisingthe decision thresholds (FQwi ©d00% and EVlin O 0., 2
Here, the FQs wi wascalculated bythe number ofobservatioswi t h L S WYwQdver thBhumber ofgood
quality observations (&bgg in a year for individual pixelsHQ. 4). Finally, we overlaid our annual 3@ PALSAR

335 2/Landsatbased forest/neforest map withthe evergreenvegetationlayer to identify evergreen forestsThus,
evergreen forests refer to the forestdhaving green leaves throughout the yedth tree canopy height greater than
5-m and tree canopy cover larger than 1084his study, both the forests and evergreen foiastade natural and
artificial forests that meet the requireme(@n et al., 2024)Meanwhile asthe evergreen forestgere extracted
based on the greenness signature observed by the satellite ithegempincludes bothneedleleaf and broadeaf

340 evergreerforests that meaherequirements.

"O0 — pTT 4

16



2.10 Validation
The resultanPL-Forestmaps (forest and nefiorest) in 20152017 were validated by thealidation samples
generated by theesearcherBom Tsinghua University, Chingsong et al., 2013)Fig.4). We overlayed the samples
345 and theresultantPL-Forestmapsto calculate the confusion matrix and assessutleee r 6 s producer 6s,

accuracies

2.11 Cross-comparison between forestrelated products
We selectethefive forest cover data pdoicts at 25m or 38m spatial resolution to perform the iriemparison
analysisat threespatialscales (1) forest/nonforestwith forestheight and canopy coveragataat pixel scale(2)
350 forest area estimates at state scahel(3) forest areastimates athe CONUSscale
First, to understand the differences in terms of forest strustaesurements in the PALSARbased Landsat
based, and PALSAR/Landsatbasedorest mag, we ovelaid thelCESatl samplesndindividual forest praucts
to identify thoseforest pixelghatgeographicallycorrespond to the ICESatsamples and gathtreir information on
theattributes of forest canopy height arehopy coverage. In this process, all the forest products have been resampled
355 into 70-m to match the footprint size of ICEShtThen, thedistributions offorest pixels wereanalyzel with the
canopy height and canopy coverdgeindividual forest maps by usirigD histogramand 2D histograngrapts.
Secondlywe compared our Rbased forest maps with the selected five forest datasets in terms of forest areas
at state scale. All the forest maps wer@rgjected into equadrea projection before the forest areas were calculated
from individual maps. The lineargeession approach was used to show the relationships in forest areas between these
360 forest datasets at the state level.
Thirdly, the forest area estimates at tiaionallevel were directly compared among theased on the re
projected forest maps, the forest areas were calculated at the CONUS region from each individual maps. The results

on the forest area of CONUS were compared among them.

3 Results
365  3.1Annual forest and evergreen forest maps in 2013017
The PALSAR2/Landsat forestnaps show the annual forest distributionCONUSfrom 2015to 2017(Fig.7a,
b, c).At thepixel level, wecalculatedhe frequencyf individual pixels covered by forest 20152017 (Fig.7d). 79%

of the forest pixelshaveconsistent forest covdrom 2015 t02017 with a frequency of three, which is much larger
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than the proportions of forest pixels with one yeafgLbr two years (@%) forest coverThe forest dynamicBom
370 2015 to 2017areshown in Fig.7e,.flt suggested that ane forest decreas¢hanforestincreass, especially for the
central regions.
Based on thealidation samples (Fig), theaccuracies othe PALSAR-2/Landsat forestwerehigh and varied
slightly for the years of 2015 to 2017, tbeerall accuraies of ~93%, the uses accuraes of87.6%to 95.8% and
producels accuratesof 90.6%to 91.9% (Table2). The forest map in 2016 hatightly higheraccuracy thaim 2015
375 and 2017, which was expectbdcausehe temporal and logical consistency che@s implementedn the resultant
map of 2016 to reduce the noise or misclassification in the F/NF sequence of 2015 tse&Hetijon 2.7)The
accuracies were comparable ttte PALSARbased forest mapthat reportedoverall accuraciesexceeding91%
(Shimada et al., 2014)n detail, the accuracies of the PALSARLandsat forestin 2016 have been estimated at
different altitudes of 0-500m, 5001000m, 100€2000m, and 200d000m (TabeB). Results showed that the areas
380 with altitudes| ower than 2000m have userds and producerds acc.l
greater than 91%. The areas with altitsidigher than 2000m hawstightlyl ower user 6s (78. 3%), pr
and overall accuracies (87.8%Xditionally, we examinedhe potential of the PALSAR/Landsat forestin 2016 to
exclude the impacts dheburned area by overlyingMODIS burned area pduct and the forest maff-ig. 8). The
results showed thahere weres,845,692ixelscovered by burned aread 713,003 pixels were identified as fosest

385 in the resultanPALSAR-2/Landsat forest map in 2016 with a proportiorabbut 10.4%But this number may not
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accurately represent the commission error, as the burned forest may not be fully dead and could regrow again.

(a) PALSAR-2/Landsat forests in 2015 b) PALSAR-2/Landsat forests in 2016

-

- B - .

(f) Increased forests in 2015-2017

Figure 7: Annual forest maps in 20152017 based on PALSAR and Landsat imagegPL-Forest), (a) PL-Forest in 2015,
(b) PL-Forest in 2016, and (c) PLForest in 2017. (d) the forest frequency mapriasgenerated based on the PIForest maps

390 in 2015-2017.The colors red, blue, and green denote the numbers of a specific pixel classified as foregshe annual PL-
Forest maps from 2015 to 2017e) the decreased forest in 2018017. (f) the increased forest in 2013017.
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Table 2. Accuracy assessmentasiualPALSAR-2/Landsatforestmaps in 20152017 (PL-Foress) based on the
395 validationsampleqFig.4). The User's (UA), Producer's (PAnd Overall (OA) accuracgre shown

PL-Foress Reference UA PA OA
Classification Forests Non-Forests  Total

Foress 596 84 680 87.6% 91.4% 92.8%
2015 Non-foress 56 1222 1278 95.6% 93.5%

Total 652 1306 1958

Forests 599 81 680 88.1% 91.9% 93.2%
2016 Non-forests 53 1225 1278 95.8% 93.8%

Total 652 1306 1958

Forests 591 84 675 87.6% 90.6% 92.6%
2017 Non-forests 61 1222 1283 95.2% 93.5%

Total 652 1306 1958

Table 3. Accuracy assessment tife annual PALSAR2/Landsat forest map in 20 (PL-Forests)with different
elevatiors based on the validatisamples (Fig4). The User's (UA), Producer's (RAand Overall (OA) accuracy is

shown.
Elevation PL-Forests Reference UA PA OA
(m) Classification Forests Non-Forests Total

Forests 441 58 499 88.4% 94.0% 91.2%
0-500 Non-forests 28 555 583 952% 90.5%

Total 469 613 1092

Forests 70 6 76 92.1% 90.9% 95.9%
500-1000 Non-forests 7 234 241 97.1% 97.5%

Total 77 240 317

Forests 52 7 59 88.1% 88.1% 96.4%
10002000 Non-forests 7 321 328 97.9% 97.9%

Total 59 328 387

Forests 36 10 46 78.3% 76.6% 87.8%
2000-4000 Nonforests 11 115 126 91.3% 92.0%

Total 47 125 172

400
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Figure 8: Distribution of burned area overlaid with the PALSAR-2/Landsat forests in 2016. The burned area in 2016 was
generated from the MODIS Burned Area Monthly Global 500m products (MCD64A1.061). If a pixel was burned in any
month, the pixel was considered a bured area in 2016.

Based on the PALSAR/Landsat forest maps, viigrtheridentified annual evergreen forash CONUS during
20152017 (Fig9a, b, c). These resultag¥ergreen foreshaps have similar spatial pattemish the evergreeforess
in the NLCD-2016 dataset(Fig. 9d). Evergreen forests show obvious regional characteristics and are mainly
distributed in the western, southeastern, and northeastern refitbesSCONUS. The evergreen forest area estimated
from the PALSAR2/Landsat map in 2016 was 1.08%K0n?, which is higher than the evergreen forest8.62x108
km? but lower than the totalreaof evergreerorestsand mixed forests of 1.22xE&m? from the NLCB2016(Fig.
9a-d). The spatial comparison between these two products was carried out at the pixel sc@d¢. (Hignoticeable
discrepanciesverein the southwestern regions (e yevadaUtah, Arizona), south Florida, and some regions in the
northeastern CONU3n the southwestern regions, the differences were mainly from the detection of evergreen and
non-evergreen forests between shéwo products. For the eastern regions (esguth Floridaand New England
state$, the differencebetweenthesetwo productswere mostly caused by the detection of forests, as most of the
evergreen forest pixels in the PALSAR andsat evergreen forest map were shown asarest in the NLCD map

(Fig. 9e). At thestatescale, the PALSAR/Landsat evergreen forest map in 2016 had a good linear relationship with
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the evergreen forests in NLCD 2016, with a slope of 0.8 &maf B.54 (Fig.9f). A strongerelationship was found
between the evergreen foresea from the PLEvergreerforestmapsand thesum of evergreerforestand mixed
forestsfrom theNLCD-2016at the state scalavith a slope of 0.98 and?Rf 0.69 (Fig.9f). One possible explanation
could bethatthe mixedforests in NLCD intude evergreespecies (Selkowitz and Stehman, 201However,it
cannot beestimatedquantitativelybecause it is uncertaeboutthe forest types angroportionswithin the mixed

forest pixés (Tran et al., 2016)
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Figure 9: Spatial distributions of evergreen forests in the CONUS. (a, b, ¢) Annual evergreen and newmergreen forest
mapsgenerated from the PALSAR2/Landsat (PL) imagesin 20152017. (d) Theforest-type map from the National Land
Cover Database(NLCD) in the 2016 dataset. ) shows the consistency between the FEvergreenforestin 2016 and the
NLCD-Evergreen forest in 2016 The abbreviations are Evergreen Forest (EF), PiEvergreenForest in 2016 (PL), Mixed
Forest (MF), Non-Forest (NF), Deciduous Forest (DF)and Non-Evergreen Forest (NEF)(f) shows the comparison between
PL-Evergreen forestand NLCD-Evergreen and NLCD-Evergreen and mixedforest in 2016 at the state scale using the
linear regression analysis.

3.2 A comparison of five satellitebasedforest mapsat the pixel scale

At the pixel scale, we compared the PALSRR andsat forest and thA3A -Forestin 2016in terms offorest
area identificatior{Fig. 10). These two products have about 75% pixels in agreement, 11% qikglslentifiedby
the JAXA-Forest and 14% pixels onlydentified bythe PALSAR2/Landsat forest product. Comparison through
zoomin random samples showed thatmepixels with obvious backgrourslof barren lands or rockisave been
classified as forestin the JAXA-Forest which were excluded in the PALSARLandsat forestdowever,over the
regions with dense tree cover, there are more omission errorsJAX#eForest mapwhich were identified in the
PALSAR-2/Landsat forest (FidL0).

We further compared the fivetudiedsatellitebased forest data products in terms of their forest definibbns
canopy (treeheightand canopy coverag@he frequency distributions of the forest pixelsth CH and CC were
extracted from differerforest productsisinglCESat1 observatns(Fig. 11). The comparisonresult showed that the
proportion of forest pixels with CH larger thanrband CC larger than 10%as85% for NLCD-Forest in2016, 82%
for thePALSAR-2/Landsaforest maps81% forthe JAXA-Forest map$80% forthe GFW-Forest in2010 (79.98%),

and77% forLandsat VCH-orest in2015.
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Figure 10: A comparison betweerthe PALSAR-2/Landsat based forestRL-Forest) mapin 2016 andthe Japan Aerospace
Exploration Agency (JAXA) forest mapin 2016 at the pixel scale. Six randorareas denoted as a to f were selected from
the disagreement regions, which were used to show the zoamlandscapes from the Google Earth higkresolution images.
The images were acquired from Google Earth Pro (© Google Earth Pro 2020)
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Figure 11: The frequency distributions of the forest pixels with tree canopy height (CH) andanopy cover (CC) features.
The forest pixelswere from the five satellite-based forest products, respectively. The CH and CC data were extracted from
the ICESat-1 observatiors. PL-Forest is PALSAR-2/Landsat-based forest maps generated in this study. JAXAorestis the
Japan Aerospace Exploration AgencyJAXA) forest map from 2015 to 2017. GFWForest2010 is theforest map 2010 from
the Global Forest Watch (GFW) program of the World Resources Institte. Landsat VCF-Forest2015 is the Landsatased
forest cover fraction (Landsat VCF) product 2015 from the Global Land Cover Facility Data Center at the University of
Maryland. The NLCD -Forest 2016 refers to the forest map from the National Land Cover Database (NLCD) in 2016
provided by the United States Geological Survey.

3.3 A comparison of forest area estimates from six forest datasets the state and CONUS scales

The forest areawere estimatedat the state and the CONUS sedlem the six forestdatasetsincluding five
satellitebasedforestmayps in 20162017 and FIA statistic data in 201(Fig. 12). At the statescale the FALSAR-
2/Landsaforestmapshavegood linear relationshipsith othersatellitebaseddatasets for each yedunring 2015 to

2017, with the slope ranging from 0.65 to 1.15\Rthin 0.87to 0.9 (Fig. 12a, b, ¢).In terms of forest area estimates
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