10

15

20

25

Annual forest maps in the contiguous United States during 2015
2017 from analyses oPALSAR-2 and Landsat images

Jie Wang®, Xiangming Xiad", Yuanwei Qif, Jinwei Dong, Geli Zhand, Xuebin Yand, Xiaocui W,
Chandrashekhar Biradaryang HU

1College of Grassland Science and Technology, China Agricultural University, BEjd@B, China

2 School of Biological Science€enter for Earth Observation and Modelibgiversity of Oklahoma, Norman,
OK 73019, USA

3Key Laboratory of Land Surface Pattern and Simulation, Institute of Geographic Sciences and Natural
Resources Research, Chinese Academy of Sciences, B&ijdig1, China

4College of Land Science and Technology, China Agricultural University, Beijing 100193, China
SDepartment of Natural Resources and Environmental Sciences, University of Illinois at-Qth@maaign,
Urbana, IL 61801, USA

6Center for International ForestResearch (CIFOR) and World Agroforestry Center (ICRAF), Asia Continental
Program, New Delhi, India

’School of Ecology and Environment, Ningxia University, Yinchuan 750021, China

*Corresponding authorXiangming Xiao, Ph.D(xiangming.xiao@ou.edu
School of Biological Science®niversity of Oklahoma
101 David L. Boren Blvd., Norman, Oklahoma 7368300, USA
Jie Wang, Ph.D jiewangl78@cau.edu.tn
College of Grassland Science and Technology, China Agricultural University

Yuanmingyuan West Road 2, Beijing 100193, China


mailto:xiangming.xiao@ou.edu
mailto:jiewang178@cau.edu.cn

30

35

40

45

50

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 datasetand mapping algorithms. In this study, generate@nnual foresinapsand evergreen forest
mapsat a 30-m resolutionin the ConiguousUnited States (CONUS) during 202B17 by integratingnicrowave
data (Phased Array typeltard Synthetic Aperture Radar (PALSAR) and optical data (Landsatying Knowledge
based algorithmsThe resultant PALSARY/Landsatbased forest map®I(-Foresj were compared with five major
forestdatasetsn the CONUS (1) the Landsat tree canoggpver from Global Forest Watch datase®$\V-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 (IRXAst),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) orboard of NASA's Ice, Cloud, and land Elevation Satellite (ICE$atere used to assess thive forest
datasetslerived from satellite imagessing theforest definitionby the Food and Agricultural Organizati¢iRAO)

of the United Nationgnore foresipixelsfrom thePL-Forestmapsmeet the=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 witlthe NLCDproduct Together with our previous work in South America and monsoon Asssstudy
further demonstrates the potential of integrating PALSAR and Landsat images for developing annual foiest maps
foresttype mapsat high spatial resolutioacross the scales from regionth@ globe which could be used to support
FAO'sGlobalForest Resources Assessmefitse PL-Forest and PiEvergreen Forest datasets are publicly available
at https://doi.org/10.6084/m9.figshare.21270Z8@dang et al. 2022).

Keywords: Forest mapTree canopy heighT,ree canopy coveEvergreen Foresbeciduous Forest
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1 Introduction

Forestxoverapproximately30% of thdand surfacend have layedmajor roles onregulatingterrestrialcarbon
andwater cycles(D'Almeida et al. 2007; Harris et al. 22), influencingclimate (Bonan 2008; Peng et al. 2014)
conserving biodiversityBetts et al. 2017; Seto et al. 201&ydsupplying forest products thumankindgFoley et al.
2005; Smith et al. 2018Yhe United States of America is covered by 310 million hecwaifrésrests, which is the
fourth largest forest countiy the world asestimated in 202(GlobalForestResourceg\ssessmer2020) The forest
inventory and analysis (FIA) prograimanagedy the USDAForestService,reported that the national forest area
totals remain stab)dut substantial changes occurred at regionallacal scalegOswalt; et al. 2019)in addition,
extensive impacts afisturbance (e.g., wildfirebarvestsinsect outbreakgnd climate factorBave been increasingly
changing the forest structure, function, and species compoghiekonnen et al. 2019; Sexton et al. 2016)
identify theforest dynamiceind assessing the associdatagactsmore effectivelyit is critical togenerate timely and
accurate annual forest maps&igh spatialresolutionto support policy decisigand relevantesearcli{Sexton et al.
2015).

Remote sensing technologyfers largearea and higiirequeny observationghat have been widely used for
continental and global forest mappitkpr examplethe opticatbasedregional andylobalforest mapsregenerated
at the coarséhousands of meterghd moderatéhundreds of metersgpatial resolutionssingthe 1-km Advanced
Very High Resolutio Radiomete(AVHRR) (Achard et al. 2001; Hansen and DeFries 2004Km Satellite Pour
| 60bservation d4eVEGRTATIGN(Sowra et al. 2BP, Stibig and Malingreau 2003; Stibig et al.
2004) and250-mand 5@-m Moderate Resolution Imaging Spectroradiomé@&®DIS) (DiMiceli et al. 2017; Fried|
et al. 2010; Hansen et al. 2003he charactesticsand comparisamnof severalmgor forest cover productat the
moderate spatial resolutidrave beenshown in detail in one of our previous studiegluding 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; Hanseha. 2013a; Jin et al. 2013d)he mgor Landsatbasedoroductsfor the

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

fraction (VCF) product from the Global Land Cover Facility Data Center (GLCF) at the University of Maryland

(Sexton et al. 2013band the National Land Cover Database (NLCD) from US&iset al. 2013b)in the United

States, FIA and NLCD are the primary databases used by managers, researchers, and policymakers to assess land use


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
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and track land managemdiomke et al. 2021; Hoover et al. 202B)A is a field survey of forest plots and reports
information on the status and trends of forests in the United Statesbset of plots is measuredeey year with
revisit intervals of 5 to 10 years depending on the ¢Beill et al. 2021; Hoover et al. 2020)jhe NLCD provides
updated datasetontinuously every three yeaws sq which was generated by change detection algorifomanly
a time periodand hal a certain amount of commission err@m et al. 2013a)Additionally, the annual global forest
maps have been published by JAXA over the years 0f-2000 and 2012018 which are generated using PALSAR
and PALSAR2 imagesat 25m and 50m spatial resolutionéShimada et al. 2014The main characteristics of e
high-spatiatresolution forest maps covering the CONUS are summarized in TaHlewkver,it remains untested
about theirapplication potential for thennualmanagement dbrest resourcesystematically

Due tothe differences in forest definitionssatellite datain-situ training dataand mappingalgorithms the
previous forest mapisave largeliscrepanieson forestareaestimategQin et al. 2017; Sexton et al. 2016; $met
al. 2018) The mgor challengeof the optical remote sensing approach is to collect ggaality observation data
without cloud cove(Reiche et al. 2015)The PALSARbased forest maps often have commission errors caused by
buildings rocks and high biomass crofg®in et al. 2017)The combination of thepticalandmicrowavedatacould
take advantage of the optical remote sensargosthatcapture théight andforest canopynteractionand microwave
sensorshat capture the microwave and forgsticturgtree trunk and brancimteractiorwithout cloud contamination.
Additionally, an assessment study suggested that the complementarity of optical and SAR datasets improved the
discriminative properties for forest mapping compared to the individual datasehénn et al. 20)5Fa example,
uncertainties of Landsditased forest maps could be caused by th@amted areas with smalbr mediumsize trees
or regions with some vegetation types like highland scrub. These regions could be identified correctly by PALSAR
data Lehmann eal. 2015. Improvedforest maping have beemeportedin a number of studidsy usingintegrated
PALSAR and Landsatlatain tropical regiongLehmann et al. 2015; Reiche et al. 2015; Thapa et al. 2amhd)
PALSAR and MODIS datin monsoon Asia and several sample regions of the {@irdet al. 2016b; Zhang et al.
2019) However, it remains unclear about the potential to improve the annual forest monitoring in the @®NUS
combiring PALSAR and Landsat images

In addition to annual forest maps, information on evergreen forests and deciduossdaisst important for
forest management and conservatidlany fudies showed thdhe spatial distributions of evergreen and deciduous

forestshave been changingnd will continueto changen the future driven bymultiple stressors involving climate
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change forestdisturbance, landise change, and invasive spe¢kesott et al. 2019; Mekonnen et al. %) Soh et al.
2019) Accuratedistribution information of evergreen and deciduotisress typesis alsoneededto reduce the
uncertainty inthe carborbudgetqDeb Burman et al. 2021)Vith the development dtarth observation technology,
some efforts have been carried oyptoduceorest typedatasetbased on multiple spacebermr/and airboreimages
(Kushwaha 1990; Laurin et al. 2016)s an examplgfor the study athe nationalor continentalscale,the NLCD
dataseprovides the nationwiddistribution of deciduous, evergreen, and mifegksts in the U.Sat 30m spatial
resolutionfor theyears of 2001, 2006, 2011, and 20T6e 50m evergreen and deciduous foresapin 2010was
generatedhcross the monsoon Asia usiRQLSAR andtime seriesMODIS imageqQin et al. 2016h)In addition,
time series MODIS images have beaeportedtio improve theestimates oévergreen forests tropical regiongQin
et al. 2019) As the NLCD used muliemporal Landsat images to identify evergreen and deciduous forests, time
series Landgaimagescould improve the discrimination and classification of evergreen and deciduous faxests
supportthe annual analyseis the scientific research and policy makiog forest ecosystemslo date few efforts
have beenconductedo explore thepotentialover the temerate regiondespite otheimportance

The United Nations Food and Agriculture Organization (FAO) Global Forest Resources Assessment (FRA)
provides essenti al information for un dicuseseteveryfile yeags t h e
since 199y assembling thiorest datdrom individual countriegKeenan et al. 2015k an effort b improveannual
forest mapsat a national scafer supporting the FAO FRA pgram this studyhad three objectivesThe first objective
was todevelopannual forest mapand annual evergreen forest mapshe CONUShy usingboth PALSAR-2 and
Landsaimagesduring20152017 The £condobjective was tossess and compare the resultant PALSARndsat
based forestnaps withthe major satellitebasedforest cover datasets by usitige foreststructuredata {ree height
and tree canopy covage) which were derived fronthe observations of the Geoscience Laser Altimetry System
(GLAS) onboard of NASA's Ice, Cloud, atahd Elevation Satellite (ICESA). This comparison with a large amount
of LIDAR data will help understand the differences of the forest datasets under the forest definition used by the FAO
The FAO defines forest as natural forest area largerQHdrawith tree cover over 193 andtree height greater than
5-m (FAO 2012) The third objective was teeportthe PALSAR2/Landsatbased forest maps atd administration
levels (stateand CONUS) and compare them with the forest area estimates from the Forest Inventory Assessment by

the USDA Forest Service, which are the primary data sources provided by AhgoM&nment for th&AO Global

W
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Forest Resources Assessmédifiis comparison will help us to investigate tapabilityof combiring the PALSAR

2/Landsat approach and the FIA approfetsupport of the Global Forest Resource Assessmdime asitional scale.

Tablel. Characteristics of the main forest codatasetst a high spatial resolution (tens of metéos)the
Contiguous United States

Sensors | Datasets | Forest Major data| Methods Spatial Periods References
definition source resolutio
ns
Statistic | FIA Tree Inventory Sampling State Annual Burrill et al.
s cover O1|data sampling (2021)
design aftern
1998
Optical | NLCD Tree Landsat Decision 30-m circa 1992, Jin et al.
c ov 80%0 |images tree 2001, 2006, | (2019)
tree heighO5- 2011, 2016,
m 2019
Landsat | tree heightD5- | MODIS Regression | 30-m 2000, 2005, Sexton et al.
VCF m VCF, tree 2010, 2015 | (2013a)
Landsat
images
GFW tree heighD5- | Landsat Decision 30-m 2000, 2010 | Hansen et
m images tree al. (2013a)
SAR JAXA Tree cover | PALSAR/P | Decision 25m 20072010, | Shimada et
010%, tree | ALSAR-2 tree 20152018 | al. (2014)
heightO5-m images
SAR/Op | PL- Tree cover| 25m Decision 30-m 20152017 | This study
tical Foress | O10%, tree| PALSAR-2 | tree
heightO5-m and  30m
Landsat
images in
20152017

2 Materials and Methods

The workflow in Fig.1 presents thehtee major study sections and the detiirocessesf each section in this

study. First, we generated the annual forest mapseual evergreen and deciduous forest nap30m spatial

resolutionduring 20152017 by integrating PALSAR and Landsatime-seriesNDVI data. Secondye compared

the resultantPALSAR-2/Landsatforest mapswith othermajor satellitebasedforest datasets the study period of

20152017. Weassessethese forest map®llowing the FAQ's forest definition using thieee height and canopy

coveragalata fromthe ICESatl LiDAR -basedproducts. Thirdwe examinedhe performancall the satellitebased

forest map®n forest area estimates by companwith the FIA statistic data at the state and national administration

levels.
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Figure 1: The workflow of this study. It includes three major study sections and the detailed processes of each section in
150 this study.

2.1 Study area

Our study area isie CONUSwith an area of about 8.08>X¢Bm?, including the 48 states and Washington, DC.
About 50% of the CONUS land covehange has involved forestince 200{Homer et al. 2020)The CONUS has
large topographicalvariation fromthe eastern USAo the western USAas shown byhe spatial distribution of

155  topographyin the CONUS (Fig. 2.
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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 the digital elevation model (DEM). (b, c, d)
the acquisition dates oPALSAR-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 colleetitthe Google Earth Engine
(GEE) platform (https://developers.google.com/earth
engine/datasets/catalog/JAXA_ALOS PALSAR_YEARLY_SA#&St access: 18 March 202Zhe PALSAR2 HH
and HV polarizatiofbands provided bythe Earth Observation Research Center, Japarspace Exploration Agency
(JAXA), are slope correctedadiometrically calibratedgndortho-rectifiedbackscattersvith a geometric accuracy o
around 12 meterReiche et al. 2018Jig. 2 shows the acquisitiodatesof the PALSAR-2 mosaic imagesverthe
CONUS and most images were acquidetling May to OctoberThe HH and HV bandeere convertedrom the

amplitude valueito gammanaught backscattering coefficients in decilfe}susingacalibration facto(CF) of -83
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(0=10x InDN?+ CF). Two composite layers.e., thedifference (HHHV) andtheratio (HH/HV), were calculateds

input datafor forest mapping.

2.3 Landsat data in 20152017

We used altheLandsat7 Enhanced Thematidapper(ETM+) and Landsa8 Operational Land ImagéOLl)
surface reflectanc€SR) images from 2015 to 2017to constructa time seriesimage data cubein GEE
(https://developers.google.com/eaethgine/datasets/catalog/LANDSATRSt access: 18 March 2022his dataset
provides multispectral images at 3@ resolutionand the SR data were derived fronop of atmospheréTOA)
reflectance bythe atmospheric correctionodes(Vermote et al. 2016)The badquality observatios with clouds,
cloud shadowssnowice, and scasine-off stripswere identifiedas NODATAfollowing the quality band (pixel_qga)
The remaiing goodquality observatios were used toalculatethe vegetation indicesf NDVI, EVI, and LSWIfor
eachimage in the data cubgig. 3 showsthe spatial distribution ofinnual totagoodquality observatiomumbes

(GOB3 for individual pixels over the CONUSrom 2015 to 2017.

0 0LO0O——— 1)
O w0¢d 5 2
0 YOO——— 3
wheré 5 " and” are the surface reflectance valuedloie (450520nm), red (63®90nm), near

infrared (760900nm), andghortwaveinfrared 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 yearduring 2015-2017.

2.4 Sample data for accuracy assessment of forest maps
The accuracy of the PALSAR/Landsat annual forest maps were assessed basedgtobiilesalidation sample

190 setreleased by researchérsm Tsinghua University, Chin&ttp://data.ess.tsinghua.edu,dakt access: 20 February

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

interpretatiormethodfor the Finer Resolution Observation and MonitoffBpbal Land CoverFROM-GLC) (Gong

et al. 2013) The samples with land cover changes were identifisdally according to the Google Earth images

during 20152017 whichwereremovedin this study A total number ofl, 958 points were used for the validation of
195 the resultant forest maps, which incluée forests, 85 croplands431grasslands205 shrubland€5 water bodies

and wetlands, @limpervious surfaces, abarren lands (Figl).
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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 thirgbarty researchers from Tsinghua University, China (http://data.ess.tsinghua.edu.cn/)
(Gong et al. 2013). They were revised by excludi the samples with land cover change according to the Google Earth
images. Forest_NL, Forest_BL, and Forest_MLdenoteneedleleaved forest, broadleaved forest, and mixedeaved forest,
respectively.

2.5 Canopy height and canopy covergedata from ICESat LiDAR

To assesthe PALSAR2/Landsat forest maps antherforest mapén terms offorest structure featurésanopy
height, canopy coverag#)at are used in forest definition by FA®e used thd CESat global canopy covageand
height datastto generate theamples of (1) forest canopy heidhteter)and (2) forest canopy coveraf). This
ICESatdataset wsderived based on the observations from the Geoscience Laser Altimetry System (GLAS) on board
of NASAG6s | ce, Cl cadlite (IGESal)withaardodtpriitlof@boat 65h in diameter(Tang et al.
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 foot print levéTang et al. 2019 here are morthan 550,000 laser spots from ICESaiverthe CONUS
(Fig.5). We recognize the time difference between the ICESat data-200 and the PALSAR data (2018017),

which may affect the assessment, dependent upon the land use change. A pixel hesnhiies & terms of forest

11



215 in one timeperiod: (1) as forest in both 20@®09 and 201&017, (2) as forest in 2068009 but not in 2012017
(forest loss due to deforestation), and (3) as forest in-2013 but not in 2002009 (forest gain due reforatibn or
afforestation). For those pixels that were forest in 28039 and 2012017 (Scenario #1), as the canopy height and
canopy coverage of a forest stand are likely to increase over years, there is no effect of time differen@8992003
vs 20152017) on the assessment. For those pixels with the scenario #2 and #3, the time differences could have small

220 effect on the assessment.

(a) ICESat-1 samples

40°N

Canopy cover (%)

30°N

0 20 40 60 80 100

' Canopy height (m)
: Percentage(%)
120°W TT0°W 100°W 90°W 80°W 0 0.3 0.6

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

2.6 Five forest cover data products for intercomparison

225 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 2016he 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@ resolutiom was generated hysing decision tree algorithms and mitmporal Landsat
images lttps://www.glad.umd.edu/dataset/glol28110treecover30-m, last access: 1 May 20P{Hansen et al.

230 2013a) The Landsat VCF product in 201%a global tree cover percentage datamed can belownloaded from the
LandCover and LandJse Change Programht{ps://Icluc.umd.edu/metadata/glot3fimlandsaitree-canopy
versiond4, last access: 5 May 20R1lt is generatedby using a regression tree modelrescad the 250m MODIS
VCFtree cover layer into 3fh (Sexta et al. 2013a)The Landsabased NLCD201@rovides land cover information
at 30m resolutionover the CONUSwith an accuracy of 83%https://www.mrlc.gov/data/nlc@016land-cover

235 conus last access: 9 May 20RHomer et al. 2020)This producthas three forest typesleciduous forest, evergreen

forest, and mixed foregHomer et al. 2020) he 25-m annual global forest mafiom 2015 to 201from JAXA were

12


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

produceddy usingthePALSAR-2 mosaic datand a decision tree meth@AXA forest maps)whichareavailable at

https://www.eorc.jaxa.jp/ALOS/en/palsar_fnf/fnf_index.htmith last access of 12 May 2023himada et al. 2014)

JAXA forestused the FAO forest definitiorso, $milarly, for the tree cover products of Landsat VCF and GFW, we
240 selected the pixels with tree canopy coverage greater than 10% as forests.

The forest areatatistical datdor year 2017at the county scaleasalsoused for comparison analysis. This
statistical datasetomes from the USDA Forest ServicgFS) Forest Inventory and Analysis (FIA) program
(https://www.srs.fs.usda.gov/pubs/579G8t access: 10 May 20r4Andis widely used irthe studiesof forests inthe
CONUS(Burrill et al. 2021; Domke et al. 2021; Hoover et al. 200} the critical data saue provided byhe US

245  government for the FAO's Global Forest Resources Assessment, agsbiorces manageaxsad the publito manage

and utilize the forest resources in the United States

13
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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 2012017.

2.7 PALSAR-2/Landsat forest mapping approach

The advantages of-bandALSO-2 PALSAR-2 datain penetrating treeanopy to interact wittree branches and
trunkslead to highewolume backscatter signaleom forests tharfrom otherland cover typege.g, grasslands,
shrublands¢croplands, 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

14
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PALSAR/PALSAR2-basedforestsignature analysi@Qin et al. 2017)As these land cover typesavelow NDVI
values they can betrackedand identifiedby optical imagesAccording tothese knowledgesve developed a two
step forest mapping approalshintegration ofPALSAR or PALSAR-2 and optical€.9.MODIS, Landsat)magesin
our previous studiesuch asn South AmericaQin et al. 2017)Asia (Qin et al. 2016h)and Australia(Qin et al.
2021) However, these previowsudies were mainly conducted at a lower spatial resolution $6-01 by PALSAR
and MODIS) or attempted for limited spatial scales using PALSAR/PAL3ARd Landsat imagei$ is still unclear
thatthe performance of the integratddtasets for monitorinthe annual dynamics of forest distribution and forest
functional types over the temperate regions.

In this study, we usetthe sameworkflow to identify andmap forest cover in CONU®In et al. 2016a)First,
we identifiedforestpixels by using25-m PALSAR-2 imagesand thethresholdbasedalgorithm A pixel is classified
to be pixel forest, if its PALSAR data meetsl90 HV7.500 Di f f 6.5 @0Oc & a ®95.dhehresholds
for the 25-m PALSAR2 imageshad beenslightly adjustedfrom those for the 28n PALSAR databased on our
previousstudies orPALSAR andPALSAR-2 signaure analyss of forest and notforest sampleéChen et al. 2018;
Qin etal. 2016a)A 51 5window medianfilter was applied to decreatieepotential noise (e.gsaltand pepper noise)
on thePALSAR-based forest and ndorest(F/NF) maps.These resultant 281 F/NF maps were resampled to130
to match thespatial resolution of Landsat imag&®ress usuallyhave a high leaf area indefarger than 3 #im?),
but rocky lands, barren lands, and built surfaces have no or little green vegetain a yearDue to LAl and NDVI
are closely related to each other, the valud¥!| with 0.7 or so usually represents the range of 1 té/ehfof LAI
dependent upon the vegetation typ&bkich can be used tdentify forestandeliminate the commissioerrorsin the
PALSAR/PALSAR?2 based foreshaps(Qin et al. 2016a)Herewe generateche maximum NDVI layes from all
the available Landsat imagées each yeafJanuary to December) durirgp152017 and appliedthe threshold of
NDVImax> 0.7 into the layersto generaté¢he NDVImax masls to extract the pixels covered by green vegetafidre.
annual 30-m forest map wagroducedby overlaying the PALSAR-based foresmaps and the Landsdtased
NDVImax mask layers

In postclassificationa temporal and logical consisterayeckwas performeanthis threeyear foresandnon
forest (F/NF) maps to reduce the noisenigclassificationin the F/NF sequend€hen et al. 208; Qin et al. 2016a)
For eaclhpixel in annualF/NF time series magsom 2015t0 2017 thereasonabléorest dynamicsvereNNN, FNN,

NNF, FFF, NFF, and FFIN denotes noffiorestand F indicates foresfTheNFN and FNFsequencewereconsidered
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as 'hot reasoablesequenceandre-processe@dssequences dINN and FFFE respectively This 3-year consistency
check during 2012017 makes the annual forest map in 2016 with higher confidence, and vuseiilfor inter-
285 comparison and foet area estimates at county, stated CONUS scate The resultanPALSAR-2/Landsat (PL)

annual forest maps are called as-Rirest maps" in this study.

2.8 PALSAR-2/Landsat-based annual evergreen forest maps in 2042017
Evergreertrees have green leaves all the year round, but deciduous trees usually shed their leaves in winter or
dry season. Thedeaf phenological profiles can be captured by the satddliteed vegetation indices (¢.§DVI,
290 EVI and LSWI) to distinguish evergreendadeciduous forestdrabakaran et al. 2013; Qin et al. 201@gsed on
the characteristics of forest canopy phenology and vegetation indices, we have developed a simple and robust
algorithms to map evergreen forests by analyzing the time sesitesrelated index (LSWI) and greennasdated
indices (EVI, NDVI), and the algorithm has been documented in details in our previous publi@iioetsal. 2016h)
We used the samapproach and generated annual maps of evergiegetationby using the decision thresholds
295 (FQ.sw ®d00% and EVin O . Hefe, the FQs wi was theobservatiof r e quency wiswh)anerS WI 00 (|
all the goodquality observations (&bsg in ayear for individual pixels§Q. 4), and EVhin was the minimum EVI
values in a year. Finally, we overlaid our annualn3PALSAR2/Landsatbased forest/neforest map withthe

evergreervegetatiorlayersto identify evergreen forests

"Ou —— pPTT 4

300 2.9 Validation
The resultanPL-Forestmaps (forest and neiorest) in 20152017 were validated by thealidation samples
generated by the third par{fFig.4). We overlayed the samplesid theresultantPL-Forestmapsto calculate the

confusion matrix and assessthes er 6 s, pr omluaccaeractess, and ove

2.10 Cross-comparison between forestrelated products
305 We selected five popular forest cover datadpois at 25m or 30m spatial resolution to perform the inter
comparison analysis from two aspects of (1) describing the forest structures and (2) assessing the forest resource areas

at different statistic levels.
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First, to understand the differences imie of forest structurmeasurements in the PALSARbased Landsat
based, and PALSAR/Landsatbasedorest mag, we ovetaid thelCESatl samplesndindividual forest pralucts
310 toidentify thoseforest pixelghatgeographicallycorrespond to the ICESatsamples and gathdreir information on
theattributes of forest canopy height azehopy coverage. In this process, all the forest products have been resampled
into 70-m to match the footprint size of ICEShAtThen, thedistributions offorest pixels vere analyzel with the
canopy height and canopy coverdgeindividual forest maps by usirigD histogramand 2D histogramgrapts.
Secondlywe compared our Rbased forest maps with the selected five forest datasets in terms of forest areas
315 at state and CONUS scales. All the forest maps wepeojected into equadrea projection before the forest areas
were calculated from individual maps. & linear regression approach was used to show the relationships in forest
areas between these forest datasets at the state level. The forest area estimategi@iaHevel were directly

compared among them.

3 Results
320 3.1 Annual forest and evergreen forest maps in 2022017
The PALSAR2/Landsat forestmaps showed the annual forest distribution CONUS during 2015to 2017
(Fig.7a, b, c).At the pixel level, wecalculatedthe frequencyof individual pixels covered by foresh 2015
2017Fig.7d). 79% ofthe forest pixelshaveconsistent forest cover during 20152017 with a frequency of three,
which is much larger than the proportions of forest pixels with one yes)(@itwo years (@%) forest coverThe
325 forest dynamics durin@015 to 2017 were shown in Fig.7e,ltf suggested that ane forest decrease théorest
increaseespecially for the central regions.
Based on théhird-party validation samples (Fig), theaccuracies othe PALSAR-2/Landsat forestwerehigh
and varie slightly for the years of 2015 to 2017, tbeerall accuraies of ~93%, the usés accuraes of87.6%to
95.8% and produces accuraes of 90.6%to 91.%% (Table2). The forest map in 2016 hatightly higheraccuracy
330 than 2015 and 2017, which was expedbedausehe 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 teeBHctién
2.7). The accuraciesvere comparable tthe PALSARbased forest mapthat were reporteaverall accuracies

exceedind@1% (Shimada et al. 2014)
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() PALSAR-2/Landsat forests in 2015 (b) PALSAR-2/Landsat forests in 2016

o g
e | e

- B - L2

(f) Increased forest in 2015-2017

335 11J°W 10("’W 90'W 80!W

Figure 7: Annual forest maps in 20152017 based on PALSAR? and Landsat images, (a) PtForest in 2015, (b) PL-Forest
in 2016, and (c) PLForest in 2017. (d) the forest frequency map generated based on the-Parest maps in 2018017. (e)
the decreased forestin 201  5-2017. (f) the increased forest in 2015 -2017.
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Table 2. Accuracy assessmentasiualPALSAR-2/Landsatforestmaps in 20152017 (PL-Foress) based on the
third-partyvalidationsampleqFig.4). The User's (UA), Producer's (PA) and Overall (@&guracyare shown

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

Foress 596 84 680 87.6% 91.4% 92.8%
2015 Nonforess 56 1222 1278 95.6% 93.5%

Total 652 1306 1958

Forests 599 81 680 88.1% 91.9% 93.2%
2016 Nonforests 53 1225 1278 95.8% 93.8%

Total 652 1306 1958

Forests 591 84 675 87.6% 90.6% 92.6%
2017 Nonforests 61 1222 1283 95.2% 93.5%

Total 652 1306 1958

Based on the PALSAR/Landsat forest maps, viertheridentified annual evergreen foresh CONUS during
20152017 (Fig8a, b, c). These resultagnergreen foreshaps have similar spatial pattemish the evergreeforess
in the NLCD-2016 dataset(Fig. 8d). Evergreen forests show obvious regional characteriatick are mainly
distributed in the western, southeastern, and northeastern re§tbeSCONUS. The evergreen forest area estimated
from the PALSAR2/Landsat map in 2016 was 1.08%n?, which is higher than the evergreen forest6.62x108
km? but lower than the totalreaof evergreerorestsand mixed forests of 1.22xE&m? from the NLCB2016(Fig.
8a-d). The spatial comparison between these two products was carried out at the pixel sc3d¢. (Hignoticeable
discrepanciesverein the outhwestern regions (e.dNevadaUtah, Arizona), the south Florida, and some regions in
the northeastern CONU$ the southwestern regions, the differences were mainly from the detection of evergreen
and norevergreen forests between skéwo productsFor the eastern regions (e.gouth FloridaNew England
state$, the differences of tleetwo products were mostly caused by the detection of forests, as most of the evergreen
forest pixels in the PALSAR/Landsat evergreen forest map were shown adarest in the NLCD map (Fige).
At the statescale, the PALSAR/Landsat evergreen forest map in 2016 had a good linear relationship with the
evergreen forests in NLCD 2016, with a slope of 0.8 ahdfR0.54 (Fig.8f). A strongerrelationship was found
between the evergreen foresea from the PLEvergreerforestmapsand thesum of evergreerforestand mixed
forestsfrom theNLCD-2016at the state scalavith a slope of 0.98 anc?Rf 0.69 (Fig.8f). One possible explanation
could bethat the mixedforests in NLCD intude evergreespecies (Selkowitz and Stehman 2011jlowever,it
cannot beestimatedquantitativelybecause it is uncertaeboutthe forest types angroportionswithin the mixed

forest pixés (Tran et al. 2016)

19



365

370

(a) PL-Evergreen forest in 2015 (b) PL-Evergreen forest in 2016
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Figure 8: Spatial distributions of evergreen forests in the CONUS.(a, b, c) Annual evergreen and nosevergreen forest
maps in 20152017. (d) The forest type map from the NLCD 2016 dataset. (d) shows the consistency between the PALSAR
2/Landsat evergreen forest (PEEvergreen) in 2016 andlhe NLCD evergreen forest in 2016 (NLCBEEvergreen). (f) shows
the comparison between PLand NLCD-Evergreen forests 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 PALS2R andsat forestand the XA foressin 2016in terms offorest

area identificatiorfFig. 9). These two products have about 75% pixels in agreement, 11%apikeildentified in the
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JAXA forests,and 14% pixels only in the PALSAR/Landsat forest product. Comparison throegbmin random
samples showed tha® XA foressidentified thepixelswith obvious background of barren lands or rocks, which were
excluded in the PALSAR/Landsat forestslowever,JAXA forests missed more pixels widlense tree cover, which
were identified in the PALSAR/Landsat forests (Fig.9)

375 We further compared the fivetudiedsatellitebased forest data products in terms of their forest definibbns
canopy (treeheight(CH) and canopy coverad€C). The frequency distributions of the forest pixelith CH and
CC were extracted from differerforest productausing ICESatl observatons (Fig. 10). The comparisonresult
showed that the proportion of forest pixels with CH larger thamd&hd CC larger than 10%as85% for NLCD

2016, -82% for PALSAR2/Landsat81% forJAXA, 80% forGFW 2010 79.98%), and77% forLandsat VCF 2015.

[ Forests in both products [ Forests in JAXA forests

Figure 9: A comparison between PLforest in 2016 and JAXA forest in 2016 at the pixel scale. Six randoareas denoted as

a to f were selected from the disagreement regions, which were used to show the z@mfandscapes from the Google Earth
high resolution images. The images were acquired from Google Earth Pro (© Google Earth Pro 2020)
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Figure 10: The frequency distributions of the forest pixels with tree canopy height (CH) andanopy cover (CC) features.
The forest pixelswerefrom the five satellite-based forest products, respectively. The CH and CC data were extracted from
the ICESat-1 observatiors.

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

The forest areawere estimatedat the state and the CONUS sedlem the six forestdatasetsincluding five
satellitebasediorestmaps in 20102017andaFIA statistic data in 201{Fig. 11). At the statescale the FALSAR-
2/Landsaforestmapshavegood linear relationshipsith othersatellitebaseddatasets for each yeduring 2015 to
2017, with the slope ranging from 0.65 to 1.15vRthin 0.87to 096 (Fig. 11a, b, c).In terms of forest area estimates
at the state scaldhe¢PL- and JAXA forest mapshowedhigheragreemergwith the FIA forest datas¢thando GFW

2010, Landsat VCF 2015, and NLCD 20b8estmaps (Fig. 11d) Theforest areastimats from the Landsat VCF
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395 in 2015 was higher than the Ffarest areastimategslope of 1.19)while theforest area estimates from t@&W
2010 and NLCD 201&vere lower than the FIA forest area estimastspes of 0.89 and 0.y {Fig. 11d). Theforest
area estimates from tHL-Forest and JAXA forest mapgerevery closeto thenumbersfrom the FIA (a slope of
0.98).

At the CONUS scalethe forest area estimatéfom the PALSAR2/Landsat forest magdsr years of 2015 to

400 2017were 2.730%km?, 2.79x1CF km? and 2.66xLG km?, respectively, which were similar to the areas of JAXA
forests of 2.79x10km?, 2.68x1.° km? and 2.62xL6 km? (Fig. 11€). The FIA dataetreportedthe forest areaf

2.57xX10Pkm?in 2017, which was very closetiue value of 2.66x10km? fromthe PL-Forestmap in 2017a difference

of 3.5%
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405 Figure 11. The comparisonsof forest area estimates betweesgatellite-based forest products and the FIA statistics at the
state and national scales.
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