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Abstract

Alpine treeline systemareremote and difficult to access, making them natoeaididatesor remde sensing applications.
Remote sensingpplicationsare needed at multiple scales to contentscapescaleresponseso climate warmingo finer-
scale spatial patternand finally to community processes. Relighihighresolutiontree speciesdentification over broad
geographiareads important for connecting patternsuaderlyingprocessesavhich are driven in part bgpecieétolerances
andinteractions (e.qg., facilitation)fo our knowledge, @& are the first to attempt tree species identification at treeline using
satellite imageryWe usedconvolutional neural networks (CNNggined withhigh-resolution WorldView3 multispectral
and panchromatic imageryo distinguishsix tree and shrub species found at treeline insthghern Rocky Mountains:
limber pine (Pinus flexilis), Engelmann sprucg€Picea engelmannii)subalpine fir (Abies lasiocarpg quaking aspen
(Populus tremuloidesylandular birchBetula glandulosa)and willow (Salix $p.). We delineated15polygonsin the field
with a Trimble geolocatoraiming to capturdhe high intra and interspecies variation found at treeliiée adapted our
CNN architecture to accommodate the highesolution panchromatic and lowegsolution multispectral imagery within the
samearchitecture, using both datasets at their native spatial resolW®rrained four and tweclass models witlaimsto
1) discriminate conifers from each other and from deciduous species, and 2) to discriminate lintber k@ystone species
of conservation concednfrom the other specieQur models performenhoderatelywell, with overall accuracies of 444,
46.7%, and 86.2% for the sixfour-, and tweclass models, respective(gs compared toandom models, which could
achieve 28.0%, 35.1%nd 80.3%, respectivelyln future work, our models may be easily adaptegerformobjectbased
classification which will improve these accuracies substantiatyd will lead tocosteffective, high-resolution tree species
classification over anuch widergeographic extent than can behiewed with uncrewed aerial systems (UABluding

regionsthat prohibit UAS such asn National Parksn the U.S
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1 Introduction

Alpine treeliné® the elevationallimit of tree occurrencén mountain ecosyster@isis remote rugged, andften difficult or
dangerous to acceskhese factorsompound data limitations already prevalent in the fieldcofogy. Treeline systems are
notoriously heterogeneous, and factors that limit treeline elevation exist on many(btallrsson et al., 2007Remote
sensing technologiepotentially overcome access limitations and may enseleline ecologists toinvestigatepatterns

connected tethe underlying processedhat drive treeline ecologieg multiple scale§Garbarino et al., 2023)

Aerial photography and satellite imagery have been used for decades to map treeline position acrossvinegionas
contributed to the identification dhe variablesthat control treelingosition (Wei and Karger and Wilson, 2020; Leonelli
and Masseroli and Pelfini, 2016; Brown et al., 1994; Allen and Walsh, 1888 recently,research has focused on
determining where treelines have advanced to higher elevatiomtior densifiedGarbarino et al., 2023; Feuillet et al.,
2020) as they are predicted to @ath increasingaverageglobaltemperature¢Harsch et al., 2009; Korner, 1998; Holtmeier
and Broll, 2005; Brodersen et al., 2018p far, remote sensing studies at treeline Hmanprimarily focused on patterns
and the connection to process is often missifay exampleit is known that some treelines are advancing while others are

not (Harsch et al., 2009ut the reasonfor thisremain unknowrand may vary by treeline systdifeuillet et al., 2020)

Bader et al(2021)presented a useful global framework to guide hypothesis formation about how community structures and
spatial patternsare driven by underlyingecological processesaiming to identify parallels or commonalities across
geographic regionsThey postulated that concerted efforts to discover and connect these patterns and processes are key t
understanding treeline ecosystems, including complex treeline shifessponses to climate change multiple scalesln

other words, we require remote sensing applications that can extrapolate froscéillecommunity processes to spatial
patterns within treeline communities to larger scale patterns of treeline community distr{@artarino et al., 2023; Bader

et al., 2020)

Field research at treeline has demonstrated impohawt speciesspecific tolerancesand facilitative interactions may
influence the position of alpine treelifBrodersen et al., 2019; Mcintire and Piper and Fajardo, 2016; Resler and Butler and
Malanson, 2005)For example,reelines formed by\othofagusspecies in New Zealand and Hawaii are-300 m lower

than expected from global isotherms, &netrosiderogreelines in Hawaii are also several hundred meters lower than those
dominated byPicea abies(L.) H. Karst, likely due to speciespecific tolerancegkorner and Paulsen, 2004fertain
coniferspecies, such as limber pifeinus flexilisE. Jamesand whitebark pinéPinusalbicaulisEngelm), both white pines

in Family Pinaceae and Subgerftsobus,are more droughtand stresgolerant at the seedling statien other conifers

the Rocky Mountainswvhich may confer an advantage for establishmedierharsh treeline condition@®lIrich et al., 2023;
Hankin and Bisbing, 2021; Mccune, 1988; Bansal and Reinhardt and Germino, ROgEneral, the seling stage is
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particularly vulnerable to abiotic stressors such as high growing season temperatures and(@wuagid Smith, 1991;
Germino and Smith and Resor, 2002)d recruitment at treeline tends to occur in pulses associated with consecutive years
of higher moisture and cooler temperatugitllar et al., 2015; Batllori and Gutiérrez, 2008oth limber and whitebark

pine are able taestablishas seedlingsvithout facilitative aid i.e., from nurse objects drom other coniferswith greater
frequency tharotherforest treeqSindewald and Tomback and Neumeyer, 2020; Resler et al., 2014; Wagner et al., 2018;
Tomback et al., 2016a)

Speciesspecific facilitative interactions are also important for treeline advance in climatically lisyittdms andstress
tolerantspeciesare more likely to act as facilitato(€allaway, 1998; Resler and Butler and Malanson, 2005; Pyatt et al.,
2016; Batllori et al., 2009)or example, whitebark pine is known to serve as a tree island initiator, facilitating the leeward
establishment of other conifers and so conferring greater growth and survival for leeward trees and §Eenfibayk et

al., 2016a; Tomback et al., 2016b; Pyatt et al., 20C&arly, speciesdentification isan important link between pattern and
processn treeline system@here multiple species are presardremote identification of speciegould be, quite literally,

instrumental

Remote sensingpplications for tree species identification have proliferatétl the continuous improvement gpatial,
spectral, and radiometric resolutiorhese advances in remote sensing technology have Bl éaponential increase in
species identification studiesince 1990(Fassnacht et al., 2016; Pu, 202Tp date,one study hasttempted species
identification at treelineusing uncrewed aerial systems (UA@)ishra et al., 2018; Garbarino et al., 2028lishra et al.
(2018) succeeded imachieving 73% overall accuracy in identifying four tree species aarest10 m x 80 m region of the
Himalayasusing multispectral UAS imageryhis success highlights thgotential anceffectiveness of higiesolution UAS
datafor treelinespecies identificationsing an objeebased classification approach with image segmentdafiuis.technique
can generatgegetation surveyim the Himalayasn a fraction of the time compared to previousthodsanddemonstrates
the importance of continuing the developmentJ&S methods for communitievel treeline studies. However, work with
UAS requiresdaysin the fieldand somedegreeof site access, ansb may not be suitable for locationgith extremely

ruggedterrain.

Airborne hyperspectral imagery and lidar LIDAR & light/laser imagingdetectionand ranging anactiveremote sensing
platform that usesime lags inreflectedlaserpulsesto measure distances andrsap the 3D surfacestructure ofsensed
objecty havealso commonly been useth concert fortree speciesdentification (Dalponte and Bruzzone and Gianelle,
2012; Matsuki and Yokoya and Iwasaki, 2015; Liu et al., 2017; Shen and Cao, 2017; Voss and Sugumaram,spdos)
cases with classification accuracies randimgn 76.593.2% (Dalponte and Bruzzone and Gianelle, 2012ywever,the
sensors and overflights arelatively costly. Traditionally, atellite remote sensing is less costly Imats lower spatial

resolution.Recently with the advent of better access and more affordable imagery from higher resolution imaging systems,
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the scientific community has more choices for tree species reséarcbrne multispectral imagery also generally yields
100 high classification accuracy (85.8%®alponte and Bruzzone and Gianelle, 20X&2iggesting that several approaches with

current technology can support spedmeel tree identification and mappinging a high resolution imaging system

Despite the lower spatial resolution of satellite imagei@ross et al. (2019) accomplished hagturacy (85.37%)
discriminationamongseven rainforest tree species within the La Selva Research Center in Costa Ritéghsiagolution

105 WorldView-3 (WV-3) imagery(Cross et al., 2019b; Cross et al., 2018%a}Yhis work, afield spectroradiometer was used to
determine the foliage spectral reflectance curves (light reflectance) of individual tree species. Theneastged in the
field were then compared with the spectral reflectance curves observed in #3iMAgery after atmospheric correctipn
as a spectral groundtruf€ross et al., 2019a)fwo spectral vegetation indices specific to V¥\bands were developed
(Cross et al., 20193nd usedor objectbased classificationf a segmented imagErior to this work, applications of W3

110 imagery for species identification had mixed success and the imagery was often used in combination with machine learning
or airborne lidalmmitzer and Atzberger and Koukal, 2012; Li et al., 2015; Majid and Latif and Adnan, 2016; Wang et al.,
2016; Rahman and Robson and Bristow, 2018)

Here we describevhat may bethe first to attempto remotely identifyplant species in a treeline system using satellite
115 imagery(Garbarino et al., 2023We aimed to discriminate s&ipine treeline tree and shrub spedieshe southern Rocky
Mountains, using a pixelbased convolutional neural network (CNN) classification of highesolution WV-3 satellite
imagery. CNNs are a type ofdeep learning modetommonly used for image recognition tasRdey are effective at
detecting patterns in imagefpr other gridded data) at multiple scalgoodfellow and Bengio and Courville, 2016d,;
Dubey and Jain, 2019 he focus of our work was to discriminalienber pinéd a keystone species of conservation
120 concer® from other specie¢Schoettle et al., 2019)imber pine populations are threatenedthg spread of white pine
blister rust, a disease caused by the-native invasivefungal pathogenCronartium ribicolaJ.C. Fisch. limber pine has
already been listed as endangered in Alberta, Caflades et al., 2014; Schoettle et al., 202&hber pine is expected to

migrate to higher elevations as climate char{ygnahan et al., 2013but itscurrenttreeline distribution is unknown.

2 Methods
125 2.1 Satellite Imagery Acquisitionand Treeline Community Composition

We purchased/NV-3 panchromatic and multispectral imagergllectedin July 2020 from Maxarcovering twotreeline
study areas in Rocky Mountain National P§RMNP), Colorado, USA(Figure 1) We chose the study areas for their
proximity to trail accessvithin the imagery; the Longs Peak study $@e72 knt, ranging from3,250-3,620 m elevatioh
was a4-6 km hikefrom the Longs Peak Traiéad and the Battle Mountain study ite37 kn?, ranging fron3,250-3,560 m

130 elevation was a6-8 km hike from the Storm Pass Ttrahd. Field work was limited tearly mornings before afternoon
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convection developed into storms with ligihtg hazards, except for the rare clear degcess was therefore important for
obtaining adequate data for training and validatRNINP includesa broad geographic area of treeline with many trails
allowing for reasonable treeline accefbe imagery was collected on July 21, 2020, with 0% cloud cover and -aadiff
angle of 16.8 degree$VV-3 data include a panchromatic (blaakdwhite) band with 31 cm spatial resolution and eight
135 multispectral bands with 1.24 m resolution:; coastal blue -¢8XD nm), blue (4510 nm), green (51%80 nm), yellow
(585-625 nm), red (63®90 nm), red edge (70645 nm), neainfrared 1 (NIR1, 770895 nm), and neanfrared 2 (NIR2,
8601040 nm).The panchromatic band pools spectral information faenmoss the visible and nearfraredregions(450-800

nm)to yield a blackandwhite image with higher spatial resolution than the multispectral bands.

Rocky Mountain 'Nat,ioﬁal Park (RMNP). -

Basemap sources: Esri, TomTom, Garmin, FAQ, NOAA, USGS ©
OpenStreetMap contributors, and the GIS User Community;
topographic basemap sources: Esri, Airbus DS, USGS, NGA, NASA,
CGIAR, N Robinson, NCEAS, NLS, OS, NMA, Geodatastyrelsen,
Rijkswaterstaat, GSA, Geoland, FEMA, Intermap and the GIS user
community.

140 Figure 1.Locations of study areasnd WV -3 imagery within RMNP and Colorado. The boundary of Colorado can be seen in blue
in the top right inset map. The RMNP boundary is in pale greenin the left map; the town of EstesPark is marked for reference
The study areas(Battle Mountain and Longs Peak)are purple polygonsvisible over the WV-3 imagery extent, displayed in RGB
(Red = red band, Green = green band, Blue = blue band) both the map on the left and the enlarged inset map on the right
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Limber pineis a dominant conifer at treeline in both study ang&isdewald and Tomback and Neumeyer, 20Z8g Longs
Peak treeline study areacommunitiesinclude dense willow Salix glaucal., Salix brachycarpaNutt., and hybrids),
Engelmann sprucéPicea engelmanniEngelm), subalpine fir(Abies lasiocarpa(Hook.) Nutt), glandular birch(Betula
glandulosaMichx.), and quaking aspeiPopulus tremuloide$idestr). The Battle Mountairreelinestudy areadommunities
are predominatelgomposedof limber pine with Engelmann spruce, subalpine fir, willow, and glandular birch as minor

components.

2.2 Orthorectification and Atmospheric Correction

We collected ground control points (GCPs) at trail junctions and switchpasksy a Trimble Geo7entimeter edition
geolocator with a Zephyr 2 antenna mounted onna darbon fiber pole. GCPs are highcuracy(5-10 cm) positions of
select landscape features visible in satellite imag#eydocumented each GCP collection with photos from several angles,
indicating the precise location of the pofaeeFigure A2), as well as image chigsee FigureA3) with the position marked
from Google Earth Pr{FigureA3).

Maxarperformed rigorous orthorectification to correct for distortions due to terraindidethis using the nearest neighbor
resampling method (preserving the original data values) thithGCP position@nd documentationve provided We
requestedhe nearest neighbor resampling metBpdcifically,to preserve the original reflectance values, as gaptsany

method that would substitute the original values with a statistical sumorangterpolated valueCubic convolution
resampling is commonly used because it results in a smoother image, but it alters the data values, effectively introducing
noise into the data. APansharpeningo is a similarlty in
pansharpeningrtificially improves the spatial resolution of datasggsmodelling statistical relationships between coarser
resolution multispectral imagery wifiner-resolution panchromatic imageaynd interpolating likely value§he result may

aid in visual interpretatiofor humans, but no new real information is being provided @NN. Eachlarger multispectral

pixel is a mixture of spectral sighatures of objects at the finer resalutioving to the finer resolutiomakes assumptions

about the relationship between ttveo datasetghat introduce error and distortions into the dathe coarseresolution
multispectral datanay not have enough information for realistic assumptions to be, maddt is likely this approach would

inflate the sample size without adding new informatittris possible that more recent deleprningbased methods of
pansharpening could achieve high enosggkctral fidelity to justify the step, but we chose to tieedata in their native
resolutions and adjust our CNN architecttbeaccommodate the several splatesolutions.This way, weare still allowing

the CNN to learn from the higheesolution panchromatic data without inflating the sample size of our multispectral data.

Maxar alsoappliedthe atmospheric compensation (ACOMR)rection to the imagerywhich uses cloud, aerosol, water
vapor, ice, and snow (CAVIS) band data collected at the same instance as the multispectral data to identify and correct fo

atmospheric influencg®acifici, 2016)
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2.3Field Collectionsof Polygons Delineating Species Patches

In both study areas combinedewelineateds15 polygons ofcontiguous, singlspeciedree/shrubpatchedn the fieldthat
included a total 0165 limber pine, 129 Engelmann spruce, 84 subalpingZfiwillow, 141 glandular birch, and 25 aspén
minor component of the treeline communitfable 1) The species seleatdor classificatiorare abundant at these treeline
sites andare representative oflominant tree and shrub species at treeline in RMNP. 3hvab species that are also
abundantvere excluded becausieey formsmaller patcheat treelinewith areashelow the image resolutiofless than 1.2
m): common junipefJuniperus communis.) and shrubby cinquefo{Dasiphorafruticosa(L.) Rydb). A large sample size
is necessary to capture tinraspecgsvariation at treeline in plant condition causeddifferences irfrost desiccation, wind
damage, or water availability, which influences the riefiared wavelength#n particular(Curran, 1989; Campbell and
Wynne, 2011)

We delineated species polygons over five field seasons (2029)to obtain tle largest sample size possiliethe time
available. Our haphazamklection(vs. strict randomizationdf species patchehat met our criteria was also intended to
enable us to obtain as many samples as posSipéxzies patches were delineated if they were 1) greater than approximately

1 min area and 2) purely a single species with no contamination frasoccoring species. Ideally, patches were selected
which were separated from other tree and shrub species by alpine tundra or rock, but this was not always possible. If patche
were bordered by other species or if two pure species patches adjoined, we paused collection to walk to the opposing side
the patch before resuming collection, creating a straight line to indicate greater caution during the later labelling process
ensure training pixels were selected which did not contain any of the adjacent spkxigalked the perimeter of each
polygon with a Trimble GeoXT or a Geo7xising differential correction enabled to obtasthievesubmeteraccuracy

(typically 1060 cmat treeling.

Each polygon contaired one or more individuals obne given speciesapart from limber pineall of thesespeciesmay
spread clonally at treeline, making discrimination of individual trees or shrubs impossible without a genetic aimabesis.
pine hasmulti-stemmed growth format treeling but multiple stems magomprisedifferent individualsoriginaing from a
single C | a rnkitéracker (Nucifraga columbiana(Wilson, 1811) cache of limber pine seedgresenting the same
difficulties (Tomback and Linhart, 1990; Linhart and Tomback, 1985)

We imported the polygon data to ENVI (version 4.8, Exelis Visual Information Solutions, Boulder, CO) and selected
multispectraMWV-3 pixels that fell entirely within the bounds of each of the polygivesexaminedboth the panchromatic

and multispectral imagery to identify systematic offsets between the polygongegethtion patchem the imagery A

slight offset of approximately 0.5 mas identified, which reduced the number of viable polygonspixels for inclusion

We used the shapes of the vegetation patches in the panchromatic imagery and the shapes of the polygonghe identify



210 correct locations of polygons in the imagery and select pixgls that fell within the fielddelineatedvegetation patches
with high confidenceA single operator performed all pixabelling, and that operator was most often the person in the field
delineating patcheslhe multispectral and panchromatic imagesreorthorectifiedtogether the pixelsalignedacross bands
and sensofs 4 x 4 panchromatic pixels aligoreciselywith one multispectral pixeMVe then exported the reflectance data
from each region of interest as CSV files.

215

Table 1. Class frequencies (proportion of total pixels) for theCNN models. Frequencies are out 0615 polygons and5,631 pixels
respectively. CNNs use a pixebased classification approach (sample unit the pixel, not the plant). Table summaries are of
labelled region of interest polygons as opposed the raw, field-delineated polygonsnot all field-delineated polygons were useful
The areal summaries are for region of interest polygons.

Species Polygons Pixels Area summariem?)

Min Median Mean Max

Subalpine fid Abies lasiocarpdABLA) 0.137 (84) 0.280(1,577) 14 151 27.0 189.0
Limber piné Pinus flexilis(PIFL) 0.268 (165) 0.197(1,109) 14 538 9.8  133.0
Engelmann spruée Picea engelmann{PIEN)  0.210 (129) 0.172(969) 14 538 108 793
Willowd Salixsp. Salixy 0.115 (71)  0.135(760) 14 29 6.1 63.4
Quaking asped Populus tremuloidePOTR) 0.041 (25) 0.028(158) 1.4 8.7 9.0 31.7

Total =615 Total =5,631

220 2.4 Topographic Data

We obtained a 10 m digital elevation model (DEfm the U.S. Geological SurvdyROS Data Centeilheseraster data
are generated by the National Mappiggram from cartographic informaticaand are freely availablgom the National

Map Data Delivery websitghttps://www.usgs.gov/theationatmapdatadelivery). We interpolated the DEM tdhe

resolution of the multispectral data, usimgubic splineresamplingmethod.

225 2.5 Convolutional Neural Network (CNN) Modelling Methods

We chose to useCNNs to leverage spatial patterns in species distributions. While treeline sites are notoriously
heterogeneousyariations in topography and existing vegetation are known to shape snow distribution, which in turn shapes
future distribution of plant species due to variation in water availability during the growing season (Hiemstra and Liston and
Reiners, 2002; Malanson et al., 2007; Zheng and Kirchner and Bales, EQdtBgrmore, species like Engelmann spruce

230 and subalpine fir tend to co-occur due to similar site preferences and facilitative interactions (Burns and Honkala, 1990;
Hessl and Baker, 1997; Gill and Campbell and Karlinsey, 208b}hesetendencies trandate to spatial geernsdetectible
in satellite imageryand CNNs are buito deect patterns in gridded data.
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In this section, walescribe the methods we used to train the CNN mo8elgtion 2.5.1. introduces CNNsr unfamiliar
readersSection 2.2 containsan overview of the CNN model architecture, includargadaptation to allow training on the
higher resolution panchromatic imagery before concatenating those data with the multispectral imagery aSedi&m

2.53 provides an overview of the hyperparameter experiment, used to determine the optimal combinations of fixed
hyperparameters for the best model performalmc®IL models, parameters are the trainable weights and biases within the
models, and hyperparameters are values the usetefines that guide the training process and do not change during
training. Section 2.5} describes the explainable artificial intelligence (XAl) methods used to determine which predictors

were most important for model performance.

While we describe the CNN architecture first (in section 2.5.2) to explain how the CNN works and is built, the specific
architecture was determined in part by the results of several hyperparameter experiments (Figure 2). The first two
hyperparameter experiments are described in sections S1.3 and S1.4 of the supplement, and the final hyperparameter

experiment is described in detail in section®3.

@ @ Foreach pixel, cli @ Eachizampicic
Label pixelsin data la’;/ers ,to P 10-band stack of

imagery within B0 16D miriaee ‘ 160x 160 m
species polygons - chips g rasters, centered

(see section 2.3) on a labelled pixel

(e.g., Figs. 7 and 8) (e.g., Figs. 7 and 8)

/ Round 1 \ @ / Round 2 \ @ Round 3
hyperparameter hyperparameter hyperparameter
experiments with experiments with ‘ experiments with
cross-validation: - cross-validation: cross-validation:
data augmentation regularization and loss functions
\(see section S1 .4)/ \dense layers (S1 .4)/ (see section 2.5.3)

i ) f )

Model selection XAl permutation

based on 6 tests for variable
evaluation metrics ‘ importance (see
(see section 2.5.3) section 2.5.4)
L J - 4

Figure 2. Workflow overview diagram. The first three steps (green) outline how the image data were prepared as image chips
prior to CNN model development (see section 2.3 and exampleinputsin Figures 7 and 8). In stepsfour and five, we trained models
with varying levels of data augmentation and regularization (see sections S1.3 and S1.4 of the supplement). We used five-fold
cross-validation for every variation of each hyperparameter experiment. In steps five and six we eperimented with different

numbers of dense layers ¢ee sectioa S1.4 and A.3) and in step six we also experimented with six different loss functions.

9
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Following the hyperparameter experiments (purple) we proceeded with selecting the best-performing models based on six
evaluation metrics (see section 2.5.3). We then ran permutation tests with the top-performing modelsd an explainable artificial

intelligence (XAl) methodd to assessvariable importance (see section 2.5.4).

2.5.1Introduction to CNNs

CNNs area form of neural network that can be spatially aware, detecting pattegridded dataon multiple spatial scales

and are often used for image recognition tagkdoodfellow and Bengio and Courville, 2016d; Dubey and Jain, 2049)

CNN is structured as a seriesamnvolutional blocks, each containing one or more convolutional layers and ending with a
pooling layer(Dubey and Jain, 2019ach convolutional layer contains many convolutional filters, or "kernels," containing
learned parameters (weights and biades}ing convolutionthe input channelo¢ datalayers,e.g., the multispectral W-3

data contain eight channelsje multipliedby a 3D convolutional filter, typically with dimensions of 3 pixels x 3 pixels x
number of input channels. The products of this multiplication are summed to create one pixel in the output feature map
(Goodfellow et al., 2016a). The filter slides over the spatial grid of the input imagery; at each position in this grid, it
generates one pixel of the output feature map. To produce the desired number of feature maps (M), a convolutional laye
contains M filtersClassic imagerocessing also uses convolutional filters, but the weights argepeemined. For example,

there are knowr3 x 3-pixel kernels that achieve blurring, sharpening, edge detection, etc. A strength of CNNs is that these
weights are learned rather than-pleterminedThe CNN uses multiple different filters to learn different patterns in the data
(detecting edges, textures, parts of objects, whole objectk, wlich generate multiple feature maps that are sent to the
next convolutional layer. (The number of feature maps generatetixisdahyperparameteset by the user The resulting

feature maps (matrices containing the results of the convolutions) can be thought of as patterns found across all dat
channel s. CNNs may bdetedoh(theicgrivdlution &nd poslingiagers) attached to a traditional neural

network, o which | earns from these deflagerqusti2020eat ures and

Parameters in a CNN consist of weights and bisstge convolutional filtersA single convolutional filter contains one bias

andKn * Ky * Cin weights, where, is the height of the filter in pixel&wis the width in pixels; an€i, is the number of

input channels. Thus, a single convolutional layer cont@isbiases an&Kp* Ky * Cin * CouWeights, whereCoutis the

number of filters or outpuieature mapsThe model is trained in a series of epochs; in each epoch, the CNN learrs from
series of manypatcheof training sampledn the first epochall the weights and biases start from a random initial seed. The

first batch of data is input to the CNN, and the loss functionis calculitbde | oss functi on i s an e
the ML model how right or wrong it is in its predictichsa feedback mechanism. After the model learns ftoentraining

samples in an epoche weights and biases adjustedthrough backpropagation (explaineddetail in S1.}, using rules

of gradient descent to minimize the loss funciiitre measure of model error)

10
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Another batch of data is fed to the CNN, the loss function is calculated, and backpropagation is répsafdcess

repeats for B training batches each containing N data samples, where B and N (both positive integers) are hyperparametet
At the end of the epoch, the validation loss is computed, using data in the validation fold.tlimsepeats for P epochs or

stops early oncthe loss function fothe validation fold(also known as otdf-bag error)has not decreased in the last Q
epochs, where P and Q (both positive integers) are hyperparamiétensrocess of training a machine learning (ML) model

with small batches (minibatches) of randomly selected training data is known as stochastic gradient descent, and is the mo
common algorithm used for training by contemporary ML developers to create deep learning (Godelellow and

Bengio and Courville, 2016c, b; Li et al., 2014)

Most of the methodsve use are standard in tiL literature, but we recognize our audiemsay includetreeline ecologists
for whom these methodsenew. We provided furtheexplanations of CNN methodsandtheir importancd for interested
readersn Supplement S1, including loss functions (Sdnd Appendix B), backpropagation ($1.ReLU activation (SP2),
batch normalization (S2), data augmentation (), and dropout (S3).

2.52 CNN Model Architecture

We trainedall CNN modelsusingKeras(version3.10.0)application programming interfader TensorFlow (version 2.19.0)

in Python (version 3.11.5)We used all eight multispectr&/V-3 bands, the panchromatic band, @hdinterpolatedDEM

as the CNN inputsyielding a total of 10 channel®s CNN modelis a pixetbasedclassificationapproach, witha variable
number of pixels within each tree or shrub polygBafore modelling the data were subset into 160 x 160 m image chips,
each centered on one training p&ene pointwithin one tree or shrub polygofhis initial subsetting process streamlined
the datasetreducingthe RAM and time required to run the model.

The pixel dimensions of each image chipried bythe spatial resolution of the data: 513 x 513 pixels for the panchromatic
imagery (31 cm resolution)and 129 x 129 pixels forthe multispectral imagery and the interpolated DEMP4 m
resolution) We adapted the model architecture to accommodate this discrepancy, to leverage the information in the higher
resolution panchromatic imagenyhile ensuing that all 10 data channelsw@d be processed togetheithin the CNN The

first two convolutional blocksni the CNN procegsl only panchromatic imagerfat 31 cm resolution)Each convolutional

block consised of two convolutional layes (with a 3by-3 convolutional filter) followed by 2by-2 pooling which reduces

the spatial resolution by halHence in two convolutionalblocks the 513 x 513 panchromatic dateredownsamplediia

max poolingto 257 x 257(62 cm resolutionpnd thento 129 x 129(1.24 m resolution)matching the resolution of the
multispectraland interpolated DEMIata(Figure 3). Max pooling helps with edge detection and allows the model to learn
patterns on larger spatial scales. Using our classification problem as an example, the CNN could first learn size and shap

patterns for species morphologies, associated with the spectral data, and, after pooling, could learn that certaie species a
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found near other species or landscape features at coarser scales (such as rivers, or places of low or high prominence in t

DEM). Fora more detailed description of each convolutional block, please see Appendix C.

Panchromatic

513x513x1

Multispectral !
1 L7

129 x129x 8

129 x 129 x 1
Figure 3. CNN architecture for the six-class model, incorporating panchromatic, multispectral, and DEMinputs at different
spatial resolutions.Each convolutional block is represented by a green box labeled "Conv" (actually two series of convolutiand
activation, followed by batch normalization) and an orange halfoval labeled "Max-pool". After two convolutional blocks with
only the panchromatic data, the multispectral and interpolated DEM data were concatenated with the feature maps from the
convolutional bAt tleehkdsthe fedtuteamagms €68 of them, each with 5 x 5 pixelsyere flattened (all of the values
in all of the feature maps are appended to a-D vector, 3200 values longand followed by one classic NN dense laye¢ or A f ul |
connect e,dielding g eectdr pfsix probabilities, onefor each class. At each step, the dimensions of the image patch are
indicated in pixels, as well as the number of feature maps. For example, the first Conv step yielded four feature maps of 533
pixels.

After two convolutionablocks once the panchromatic daterepooled down to the resolution of the multispectral imagery
and the interpolated DEM, those channels were concatefafie€ o n c a t 03). Bewentéeitltponel€oneraw DEM
channel eightraw multispectral channelandeightfeature maps based on the one panchromatic chameed)fed into the
next convolutional block. Then, after five more convolutional bloeleli halving the spatial resolution while increasing the
number of feature mapshe last feature maps were flatterfeglorganized into a-D vector)and fed intoa densdayer, or
fifully connected layey A traditional (spatially agnostic) NN contains only dense layessich arevectors ofvalues

connected to every adjacent value, includitidhe values inhe next(and previousiiense layds).

Following the dense layer, wased the softmax activation functido force outputs to range from-0 with a sum ofl
(interpretable as probabilities representing all possible events/classes in the sampléGpadfe)low and Bengio and
Courville, 2016d) The norterminal dense layers included a dropout rate of 0.650, and every convolutional and dense layer
used an kregularization strengthf 10%5. Dropout and k regularization are botregularization methods that help prevent

the CNN from overfitting to the training data (see S1.3 for detdils®@se were fixethypeparametersdetermined to be the

best settings via the hyperparameter experiment described in section 2.5.2

The total number of training samples was$31. We validated the modelusing fivefold crossvalidation, so for each
model, we used fotfifths of our data for training and the remaining fifth of the data for validatiée split the training and
validation by individuad for a given organism, either 1) all of the pixéds that organism were in the training set or 2) all
of the pixels were in the validation sétfter creating the foldswe performed data augmentati¢@oodfellow and Bengio

and Courville, 2016a)urning each original training sample into eight augmented sanidedo this,we first normalized
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the datatransforming the data from physical values (x) 4scares (zpased on the mean and standard deviatiosach

training fold Data should be separatgdo training and validation foldseforenormalization, because otherwise would

be leaking information about the full data distribution from the validation data into the trainingJ dat@ate an augmented

data sample, we add Gaussian noise to the predictors in the original sample, with a mean of 0.0 and standard deviation ¢
0.2 (The parameters of the Gaussian distribution from wiviedrew the noise were fixed hyperparameters.) Thus, the final

sample size for the training dataset was 45,048 image (h&lx 8 augmented samples)

During each epoch, the model was trained \aithd5,048 data samples in batches of 64 samples each (703 total batches)
Each model was trained for 100 epochs, with a command to stop training early if the loss function did not imdreve for
epochsWe trained all CNN models with the Adam optimizer, using all the Keras defaults, including an initial learning rate
of 0.001. The Adam optimizer updates the learning rate after every epoch and adjusts learning rates separately for ever
model parameter (every weight or big§oodfellow and Bengio and Courville, 2016b; Kingma and Ba, 200/
determined the optimal loss function for our classification problem through the hyperparameter experiments (described in

the next section, 2.5.2.).

We trained three CNN models, each with a different number of cla€$assification becomes more difficult with each
additional classWe pooled classes witfewer data to see whether that would improve model performararticularly for
distinguishing limber pine from the other species with higher accumra@ddition to the siclass modelye trained a four

class model to separate the three conifers (limber pine, Engelmann spruce, and subalpine fir) from each other and from th
deciduous plants (glandular birch, willow, and aspémg lattergr ouped t oget her in one <cl as
managersnayfind it useful to discriminate limber pine from other treeline speewedrained a tweclass model with limber

pine and the ot her %he ENN achhitectyne fouthieer-dandave-claSsOriodesvas dhe same as the
six-class model, except for the output layer. The output layer produces one probability per class, so its output vector varie
in length fromtwo to six (Figures C1 and Q2

2.53 Hyperparameter Experiments and Model Selection

We ran hyperparameter experiments separately for the feixr-, and twoeclass modelgseeSupplemenS1.5for detailed
information on what eachhyperparametedoes within a CNN. Hyperparameters have a strong influence on model
performanceso it was important to test a subset of hyperparameter combinatiatentify the bestersions of thesix-,

four-, and tweclassmodels.The samdour experimental hyperparameters were used for all three experiments: the number
of dense layers at the end of the motied, dropout rate (used for néerminal dense layers, i.e., all dense layers except the
output layer that provides the final probabilistic predictions), theegularization strengtfused for all convolutional and
dense layers)andthe loss function. Tabl@ summarizes the values tested for each hyperparameter for each of the three

models. The candidate valuested in the experiment for each hyperparameéze chosen for their usefulness in training
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skillful CNN models in past worklLagerquist and Mcgovern and Gagne li, 2019; Lagerquist et al., 2020; Lagerquist et al.,
2021) We also tested a wider range of values for 1) the number of dense layers, 2) dropout ratewaightL(see

Supplement $4).

As part of the hyperparameter experiment, we traithedmodels withtwo loss functionscross entropy anthe Gerrity

score Crossentropyis widely usedor classification problemst comes from the field of information theory and describes
the bits required to distinguish two distributions (i.e., the distribution of predictions from the distribution of obssjvatio
(Lagerquist, 2020)The class frequencies in our datasete quite unbalance(able 1), so we also tested the Gerrity score,
which rewards "risky" predictionsThat is,in a problem with unbalanced classes, the Gerrity score rewards correct
predictions of a lowefrequency class (which are harder) more strongly than correct predictions of afnégjuency class
(which are easierGerrity, 1992) Equations for these metrics can be found in Appendix B and in other published works
(Lagerquist and Mcgovern and Gagne li, 2019; Lagerquist, 2020)

The Gerrity score depends on how classes are ordered numerically. For examplig;dlass problem, the Gerrity score
reward correct predictions of "class 1" more strongly than correct predictions of "class 6," even if both classes have equal
frequency. Thus, by default, we orddiclasses from least to most frequémnding the pixebased class frequencies in Table

1). We also testd the Gerrity score with two modifications. Omes the classveighted Gerrity score, where each data
sample in the loss functiowas weighted by +1 @ b ttwhichever was lowerwhere Qs the frequency of the correct
class. Classweighting makes the Gerrity score reward risky predist@ren more. The second modificatiaas the limber
pinefirst (PIFL-first) Gerrity score, where the aforementioned Wsisreordered to make limber pine "class 1". TEL-
first Gerrity scoregives higherewardsfor correct predictions of limber pindhe Gerrity score varies betweehand 1. A

higher score is better, and as long as it is above 0, the model is performing better than a randofinagerdelst and
Mcgovern and Gagne li, 2019)

Table 2. Experimental hyperparameter values tested for the six four-, and two-class models.

Hyperparameter Six-class model Fourclass model Two-class model

Number of dense layers 12,34 1,2,3,4 12,34

Dropout rate 0.575, 0.650 0.650 0.650

L, regularization strength ~ 10%5, 10° 1063 10%5

Loss function (1) Gerrity score with clasaeighting and PIFL first,(2) Gerrity score with no class

(all six loss functions were weighting and PIFL first,(3) Gerrity score with class weighting and default orc
tried for all three models)  (4) Gerrity score with no class weighting and default or(rcrossentropy

and (6) classveighted cros&ntropy
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In the sixclass experimenthe total number of hyperparameter combinations @6asepresenting all possible combinations
of four numbers of dense layers, twoopout ratestwo L, regularization strengthsnd sixloss functions(Table 2) For
every hyperparameter combinati¢imyperparametemodel)we performed fivefold crossvalidation, thus training five sub
models; we refer to each set of five crosdidated submodels as one modéFigure 4). This yielded a total of 480 sub
models for the skclass experimen96 x 5)and 120 sulmodels for each of the smaller experimei$ x 5) To evaluate
the performance of eadtyperparametamode| we usd predictions only on oubf-bag samples. For eaatiodel| every data
samplewas outof-bag appeaing in the validation fold rather than one of the training faldsy once.Given that our dataset

contaired5,631 samples, the results for edgiperparametanodelwere thereforebased on 531 outof-bag predictions.

( Average
s . 5 across
1% hyperparam | ™@inino N g:;::%im E"a'“a"""' 8 error metrics \ 8 error | metrics B Model
set e (raw values) rankings ranking
Average
o = . across
2" hyperparam | """ N ?rzses_r\'/‘acl’iggle ” E"a'“at'°"' 8 error metrics 8 error | metrics B Model
set o (raw values) rankings ranking
® ® ®
® ® ® ® [ ]
® ® [
Average
95 hyperparam| """ » s ngsr\?a?iggled E"“"”atm"' 8 error metrics 8 error | merics » Model
set bl (raw values) rankings ranking
Average
K . = across
96" hyperparam| 2" N ?str\'/‘a‘figgle . Eva'uat"’"' 8 error metrics 8 error | metrics 5 Model
set subn;odels) (raw values) } \ rankings ranking

Figure 4. Schematic for the sixclass hyperparameter experiment. Thetwo- and four-class experiments follow the same
methodology, except with 24 hyperparameter sets (hence, 24 models) instead of 96. Each row corresponds to one model; tHe blac
ellipsis (dots) representthe 3rd through 95th models; each green box represents an object (hyperparameter set, model, set of error
metrics or rankings); and each orange arrow/box represents a procedure. The purple braces indicate that models are being
compared with each othed i.e., they indicate a procedure that cannot be done independently for each model. The last
procedured implied but not shownd is choosing the model with the best "Model ranking," averaged over all eight error metrics.

We considezd eight evaluation metricg) top-1 accuracy?) top-2 accuracy3) top-3 accuracy4) crossentropy,5) Heidke

score,6) Peirce score?) Gerrity score, an®) PIFL-first Gerrity score. Togk accuracy is the fraction of data samples for
which the correct class is in the k highest probabilities output by the pnfodelxample, tof2 accuracyis the fraction of

data samples for which the correct clas®me of the two classes predicted with the highest probafiigr1 accuracy is

usually just called "accuracy," i.e., the fraction of samples for which the correct class receives the highest probability from

the model. Further discussion of all metrics, includimathematicaind conceptual definitiacan be found in Appendix B.
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We ranked each model terms of each evaluation metdat of the total number of models attempted in the experirfent.
the six-class experiment, these rankingare out of 96; for the smaller experiments, these rankivgys out of 24. Then, for
eachmode| we averageits rankings over all eight metrics. Thedelwith the best average rankimgs chosen as the best
model.

2.54 Permutation Tests

Permutation tests are a form XAl (Mcgovern et al., 2019)methods thaenableinterpretation ofML model results in

terms of the predictors use@lhe permutation test comes in four varieties: the sipgks forward, mukpass forward,
singlepass backward, and mufiass backwardlhe permutation tessuccessively permutghuffle) or depermue (clean)

the values ofpredictor variables and quantifying the impaleat has on model performandeor data with correlated
predictors, each variety of the test gives different regifisgovern et al., 2019)Our image data contain both spatial
autocorrelation, where nearby pixels are correlated with each other, and spectral correlation, where nearby wavelength banc
in the multispectral imagery are correlated with each other. These problems always arise in image data, meaning tha
methods assuming mutual independence cannot beltigeomportant toexamineall four varieties of the test and determine

which results are consistetatdraw robust conclusions

In the permutation test, permutingoeedictorvariable refers to shuffling the valuestbt variableacross all data samples

(in our case, across all eaf-bag samples), breaking the relationship betwéenpredictorand the target variable (in our

case, the speciadass. In the singlepass forward test, only one predictor variable is permuted at a time, leaving the other
variables unchanged. After permuting gmedictorvariable,the model performance on the clean datdsetomparedo
performance on the dataset withat variablepermuted. If model performance dropmgnificantly with the predictor
permuted, thernhat predictoris considered very importana the multipass forward test, the singbass forward test is

carried out iteratively. Step 1 begins with a clean dataset and determines the most important vagiadtéhxis then
permutedfor the duration of the tesStep 2 begins with the output from step 1 (a datasetxadthermuted and all other
variables unchanged) and determines the seowrst important variableszng, Which is then permutefbr the remainder of

the test This continues untibll predictor variables are permuteldh the singlepass backward test, we begin with a
completely randomized dataset, where all predictor variables are permuted. Then only one predictor variable is cleaned u
(restored to the correct order) at a time, leaving the other variables permuted. After cleaningpreuicter variable, we
measure how much this improves model performance compared to the completely randomized dataset. If the mode
performance improvesignificantlywhenthe predictoiis cleaned up, thetihat predictois considered wg important In the
multi-pass backward test, the singlass backward test is carried out iteratively. Step 1 begins with a completely
randomized dataset and determines the most important varkahleyhich is then cleaned upr the duration of the test

Step 2 begins with the output from step 1 (a dataset xtith cleaned up and all other variables still permuted) and
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determines the secosmost important variableszng, Which is then cleaned upr the remainder of the testhis continues
465 until all the predictor variables have been cleaned

3 Results
3.1 Hyperparameter Experiment Results

The hyperparameters for each of geectedmodels (sixclass, fouiclass, and twalass) are shown in Tab® Figure5

showsthe topl accuracy for alinodelsin the sixclass experimenTheselected model (circld)ad accuracies of 0.44, 0.70,
470 and 0.83 (tofl, top2, and tog3, respectively)whereas the model with the highest-iopccuracy(star)had accuracies of

0.45, 0.67, and 0.8The selected model performeduch better on the Gerrity score (0.38 vs. 0.30), comparably on the

Heidke and Peirce score3.§1 and 0.32 vs. 0.32 and 0.3ahd only marginally worse on tfdFL-first Gerrity scorg0.45

vs. 0.49).The selected modelas the besnodel out of 96 modelsased on the average of all eight metrics

Loss function = cross-entropy without class weights
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Figure 5. Hyperparameter experiment results for the sixclass classification, evaluated by toft accuracy. Each grid cell of the
figure shows results from a single CNN model (one set of hyperparameters), including results from all five soiwdels. In the case
of every data sample, the prediction came from a CNN that was not trained on that data sample. The color indicates the-1op
accuracy of the model. The models are organized by their hyperparameter values. The circle indicates the model that was tslec
from the set. The star indicates the model with the highest tep accuracy.

The selected fouclass modelas the best out of 24 evaluatedth the secondhighestranking foreach togk accuracy as

well as high rankings for the remaining metrics (Tad)leThe selected twalass model was again the best balance out of 24
evaluated; it was the tegperforming model based on the Gerrity, Piwkeighted Gerrity, Heidke, and Peirce scomesd was

the 3¢bestmodel based otop-1 accuracyTable3). Strangely, aross the board, models that performed well based on the
crossentropy metric performegdoorly based on the other 7 metri@&eSupplementS2 for the remaining hyperparameter

experiment result figurg$1-S21).
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Table 3. Hyperparameters and model performancemetrics for the top-performing models. The rank of the selected model with
respect to each performance metric is indicated in parentheseRanks are out of96 for the sixclass model and out of 24 for the
490 four- and two-class models. All metrics are positively oriented (higher is better) except for cresstropy, which is negatively

oriented.

Hyperparameter Six-class model Fourclass model Two-class model
Number of dense layers 1 1 1

Dropout rate 0.65 0.65 0.65

L2 weight 10°%° 10°%° 10°%°

Loss function Classweighted Gerrity score DefaultGerrity score DefaultGerrity score
Performance Metric Six-class model Fourclass model Two-class model
Top-1 accuracyrank) 0.441(39 0.467 (2 0.862 (3%

Top-2 accuracy (rank) 0.700(3%) 0.767 (2™ NA

Top-3 accuracy (rank) 0.831 (4™ 0.922 (24 NA

Gerrity score (rank) 0.379 (4" 0.254 (39 0.591 (1%9
PIFL-weightedGerrity score 0.450 () 0.318 (4" 0.591 (1%9

(rank)

Heidke score (rank) 0.314 (39 0.247 (39 0.576 (&)

Pierce score (rank) 0.320 @) 0.240 &M 0.591 (1%
Crossentropy (rank) 4.264 (86"M) 5.749 (229 2.980 (21)

3.2 SixClass Model Results

The sixclass modeperformance was good considering the complexity of thedadkthe spatial and spectral resolution of
the datawith a topl (overall) accuracy of 44% and a tog2 accuracy of 70% (Table 3).By comparisona trivial model

495 would have a tofl accuracy 0£28.0% and a tof2 accuracy of 47.6%-or a trivial model, the predicted probability of cl&ss
is always the frequency of claks n t he dat a. I n other words, a trivial
sample. For the siglass problem, a trivial model would always predict 28.0% probability of subalpine fir, 18.9% probability
of glandular bitch, etc. (Tablb.

500 Using theclassweighted Gerrity scorewas effective leading to highewoverall model performance arfdr the correct
identification of minority classeghoughthe model performed best at distinguishithg two highesfrequency classes:
subalpine fir and limber pinf~igure 6). Figure 6 shows the classes which the model correctly identified with the greatest
frequency, as well as ttspecies it most often tended to confuse.

505
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Column-normalized confusion matrix

(For a given predicted species, how often is each species observed?)
ABLA 12.9% 30.6% 8.6%
0.6
PIFL
)]
2
O
3 BEGL 383%  16.6%
2]
©
)
E ) o,
S PIEN 16.7%  14.3%
2]
0
@)
Salix
POTR
o bad = ] -
5 3 I % OE oz
& n L o <

Predicted species

Figure 6. Column-normalized confusion matrix for the sixclass model. Classes include subalpine fir (ABLA), glandular birch
(BEGL), Engelmann spruce (PIEN), limber pine (PIFL), aspen (POTR), and willow%alix).

510 Limber pinewasmost often confused witillow and Engelmann sprudée the sixclass mode{Figure6), likely because of
the model 6s r el i anc e seeHigures 8be8d, pral ri86).hWhitetirbieri pne does majrow( as true
krummbholz at treelinéHoltmeier, 2009)it is stunted and flagged and resersldlow or other shrubsn the panchromatic
imagery.Figure7 shows an examplead fAbest hito ident i fi c-eassnwodel, which dorrectp e r
predicted limber pine with 100% probabiliffhe example isepresentativef the dispersed pattern and snsadle of limber

515 pine at treelineSeeSupplemenss.1 for other best hits.

20



Patch ID = "PIFLO635_patch000" ... true class = PIFL ... predicted class = PIFL (100.0% prob)
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Figure 7. An exampl e of a bftPHk from the sixeclass madsl,swihdre thee anbdelocorrectly predicted PIFL

with 100% probability. This example(image chip orpatch) is from the Battle Mountain study site. All eight multispectral bands,

the panchromatic band, and the DEM areshown.The red star in the center of eachimage patch is the pixel being classifiedJnits
520 of radiance areW m2srlg mt.
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Subalpine firvasmost often cofused with glandular birclonceagain likely due to reliance on textural information in the
panchromatic ban(Figures 9b, 9d, and 43 in Supplement &); both species form largeatches on the landscape that appear
similar without additional structural informatipauch as height. Engelmann spruce was the least distinguishable after aspen
525 which was a lowefrequency clasandhas a similar growtipattern(in the panchromatic imagery) to both glandular birch
and subalpine firEngelman sprucand subalpine fitend to ceoccur(with the same elevational distributio(§indewald et
al., 2020;see alsd-igures 84, and 3I5). Their mean spectral radianceirvesappear to be statistically distinguishable in the
coastal blue, blue, green, yellow, red, and red edge bands (Figh;eb82theCNN relied less on these bands (Fig8fe
An example ofa worstcase confusion between Engelmann spruce and subalpine fir can be seen i8.FAdimeugh the
530 panchromatic band was very important for model performance (Fapuamd9d), likely due to its high spatial resolution, it
was not enough to distinguish the treeline forms of these species by their morphology or spatial distribution on the

landscape.
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Patch ID = "PIENO137_patch000" ... true class = PIEN ... predicted class = ABLA (100.0% prob)
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535 Figure8. An exampl e of a fwor stEN@OABLALUren toersiz-classlmodelswhére theanodefcarrecdyf P |
predicted PIEN as ABLA with 100% probability. This example (image chip orpatch) is from the Longs Peakstudy site.All eight
multispectral bands,the panchromatic band, and the DEM are shown.

Based on the results of the permutation tessjadion was the most important predictor for model performance (Féguyre

9b, and9d), which makes sense biologically. Willow species thrive in riparian areas, and at the Longs Peak site they are

23



540 typically found along creeks or in topographic depressions where snow gathers (Fgur&iilarly, glandular birch,
subalpine fir, and Engelmann spruce grow more abundantly in areas whdynatenowpack provides moisture through
the start of the growing season (Figurd8 8nd 24) ((Burns and Honkala, 1990; Hessl and Baker, 1997; Gill and Campbell
and Karlinsey, 2015)Limber pine, by contrast, is a droughnhd stressolerant conifer that often occupies convex sites
or wind-swept ridges where snow is blown clésiccune, 1988; Ulrich et al., 2023; Steele, 1990 spatial distribution of

545 species sampleand the spatial accuracy of model predictioas be sen in Appendix DIn figure Dla, we see thatvillow,
in particular, clusters near a riparian area oflthags Peak study arebdlowever, the modelsidl not exclusively predic
species where they ameost often foundWhile the models appear to be relying on elevation to make use of spatial patterns
in species distributions, the modal® not exclusively relying on topograpliata (Figures Dand D32.

550 Several multispectralvV-3 bands were also important for model performance, as evidenced by th@asalforward and
backward tests (Figurgb and9d), includingred, green,yellow, coastal,blue, andnearIR2. The visible bandemerged as
important predicta for distinguishng aspen from the other speci@s the sixclass model(Figure SI6). While the
multispectral bands were clearly important, they did have as strong an influence on model performance as did elevation o
the panchromatic band, indicating the-silass CNN model did not rely on those data as heavily (F@ure
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5-625 nm)

al blue (400-450 nm)

Variable permuted

Variable permuted

lue (450-510 nm)

Near-IR1 (770-895 nm)

Near-IR2 (860-1040 nm)

Red edge (705-745 nm)

1
0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35

Gerrity score Gerrity score
(c) Single-pass backwards test (d) Multi-pass backwards test
1
I Bltie-(450-530-ni) )—I-i All permuted :
I
l—Gﬁeﬁ-{-H-Q—SSQmm) |—|—| Blue (450-510 nm) i
I
.—peaewemetse-mso-aoo nm) .-ned (630-690 nm) !
1
I—W-IMO nm) -—| :
° o !
7} 7} :
% .—NeeHG—H—P-G—BQS nm) % -m) i
o o 1
(6] (9 |
Q Q |
e | I
1
S s !
1
|
e e
Bl Cromoomsm
1
—0.020-0.015-0.010-0.005 0.000 0.005 0.010 0.015 0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35
555 Gerrity score Gerrity score

Figure 9: Results from eachkind of permutation testto assess predictor importance for the sixlass model. Predictors in bold

have a significant effect on model performance when permutedaccording to a 95% confidence interval over 100 random

perturbations of the given predictor. Within each panel, predictor importance decreases from top to bottom, so the most
important predictors are at the top. Our evaluation metric for this permutation test is the Gerrity score.
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3.3 Four-Class Model Results

The four-class model perfored slightly better than the siglass model overall, with tep and top2 accuracies of 617%

and B.7%, respectively (Table 3A trivial model could at most have tefi and top2 accuracies of 35.1% and 63.1%,
respectively The modelWwasbest at correctly identifyingubalpine fir, with the predicted species being correct 60.4% of the
time (Figure 10). The model @ least well at correctly identifying limber pin@9.3%) confusing it with the deciduous
species pool ed iBmgelmanh speicefivastthe kweét fraglieacy dass in theclass datasetl{.2% of

the samples), ansince the top model was trained with the default Gerrity loss and not thefiliFGerrity loss the model
was most penalized for incorrect classification of Engelmann epfine result was that the foatass model was almost

twice as effectivatidentifying Engelmann spruaes the sixclass mode{50% vs. 26.8%)

Column-normalized confusion matrix

(For a given predicted species, how often is each species obse(t)’vGed?)

Other

PIEN

Observed species

PIFL
: 3 3 B

Predicted species

Figure 10: Column-normalized confusion matrix for the four-class model. Classes include subalpine fir (ABLA), Engelmann
spruce (PIEN), limber pine (PIFL),andot her cl asses .pool ed as @AO0Othero
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575

The permutation tests were consistenshiowing the importance of the panchromatic datuo-class model performance
(Figures1la, 11b, and11d). As discussed abovéhe high spatial resolution of the panchromatic dikiely allowed the
CNN to distinguishgrowth forms and patterns species occurrence and-cocurrence on the landscaffégures D3 and
D4). The panchromatic band emerged as the most important predictor for all four driigaess(88-S51). Multispectral
bandsred, green, blue, and yelloalso emerged as significant predictors (Figutdls and11d), particularly for correct
identification of ABLA, PIEN, and Othe(Figures 28, 49, and $0).
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580 Figure 11: Results from each variety of the permutation testo assess predictor importance for thdour-class model Formatting is
explained in the caption of FigurelO.
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3.4 Two-Class Model Results

The twaclass modelhad the highest tep accuracy at 88%, though much of this skill is attributable to its correct
prediction oft he maj or i t y atrvialansdel woufd Gavén eetep@gcuyracy of 80.3%, which is the frequency of

585 Other The model correctly identified limber pine .6% of the time(Figure 12), which is stil an improvement over the
success rates for tlsex-class (56.5%) and fotalass (39.3%inodels

Column-normalized confusion matrix

(For a given predicted species, how often is each species observed?)
-0.9
0.8
Other 0.7

Observed species

PIFL

—
—
o

Other

Predicted species

Figure 12: Column-normalized confusion matrix for the two-class model. Classes include limber pine (PIFL) andther classes
590 pooled as @Ot hero

With the goal ofdistinguishing limber pine from other treeline species, the panchromatic band emergednassthe
important predictor by fér nearly half the model skill depeadon the higher spatial resolution panchromatic band (Figure
13a, 13b, and13d). The red, yellowgreen, and blue bandgere also important for discriminating limber pine from other
speciesLimber pine tends to form lowensity stands, with individuals spaced almost evenly across the lan@szapes

595 6, D5, and D6)Unlike subalpine fir and Engelmann sprudejder pine also does not form large, sprawling krummholz

mats or grow in large patches likglandular birch, willow, andaspen.The relatively lower spatial resolution of the
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multispectralWV-3 bands may have limited the usefulness of these fdatdistinguishing limber pinealthoughseveral
bandswere stillsignificant predictors in the permutation tests for limber pine (Fi§&2}.

(a) Single-pass forward test (b) Multi-pass forward test
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Figure 13: Results from each variety of the permutation testo assess predictor importance for thewo-class model. Predictors in
bold have a significant effect on model performancevhen permuted according to a 95% confidence interval over 100 random
perturbations of the given predictor. Within each panel, predictor importance decreases from top to bottom, so the most
important predictors are at the top. Our evaluation metric for this permutation test is the Gerrity score.

4 Discussion

This study may be the first attempt to use satellite imagery to identify woody plant species in a treeline ecosysterin. Our goa
was to discriminate six alpine treeline tree and shrub species in the Southern Rocky Mountains, usindpasepixel
Convolutional Neural Network (CNN) classification of higisolution Worldview3 (WV-3) satellite imagery. We were
particularly interested in identifying limber pine from other treeline species, especially since it is a species of immservat
concern and its distribution at treeline in Rocky Mountain National Park is incompletely known.

4.1 Overview of CNN Model Performance

Overall, our resulthiad mixed successThe six-class model performed reasonably well given the difficulty of the problem,
with 44.1%top-1 and 70% toj2 accuracg much better than a trivial model could achi¢28.0% and 47.6%, respectively)
The fourclass model did not improve classification accuracy as much as expected, with 46-1%no{@6.7% top2
accuracy(vs. 35.1% and 63%, respectively, for a trivial modellhe simplified tweclassmodel achieve a fairly high
overall accuracy of 82% (vs. 80.3% for a trivial model)The twoclass model idtinguishel limber pine from other trees
and shrubs with 64.0% accuracy, whidm itsown, may not be useful for more than identifying regiofigreelinewhere
high-probability limber pine pixels tend to clustétowever the model @l notablywell (92.1%)at identifying pixels that

arenot limber pine.

4.2 Predictor Importance

The panchromatiband waghe most important predictdyased on the results of the XAl permutation tedstsh foroverall

model performance all three modelsand for identifying limber pinspecifically This makes sense both biologically and

in terms of the model structure. The models were trained on the panchromatic imagery for two convolutional blocks before
the multispectral and elevation data were introduced to the model; this architectural design allowed us to make use of the
higher resolution panchromatic data to detect-ficale spatial patterns, and it likely also reinforced the mathematical
influence of these data in the final model predictidrreeline species often have distinctive physiological growth responses

to stressors (e.g., high winds amelavy snowpack), and their krummholz growth forms vary in their spatial pattémizser

pine frequerly occus as a solitary tree on the landscape, occupying very few pixels and surrounded by alpine tundra
(Sindewald and Tomback and Neumeyer, 20Zther species are more likely to form larger patches through vegetative
layering and are also more likely to-oocuron the landscapdhe CNN models still relied heavily ahe panchromatic

data for thesspeciesbutthey alsomadegreateruse ofthe multispectral imagery for discrimination among these species.
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Elevationwas the second most important predictor fordass model performance after the panchromatic béften
discerning among six species classes, the @\drly picked up on topographic patterns in species distribution on the
landscapeThe species of ilow classified hergSalix glaucal., Salix brachycarpaNutt., and hybridsare mog abundant
near creek the Longs Peak study aremith aspen nomuch farther awayCooper, 1908)This may generalizethen the
model is applied at a broader geographic scaldpw and aspertend to be found in regions with more moist({Baker,
1989; Coladonato, 1993; Uchytil, 1992; Howard, 19%5)gelmann spruce and subalpine fir tend to be fdurttier from
creeks, but in topographic depressions Watk-lying snowpackBurns and Honkala, 1990; Hessl and Baker, 1997; Gill and
Campbell and Karlinsey, 2015%landular birch and limber pine are more often found on s)ap&s limber pine occupies

windswept ridges with early snowméiiccune, 1988; Ulrich et al., 2023; Steele, 1990; Cooper, 1908)

Multispectral bandsvere consistently identified as important predictasaggestingthat the CNN modelutilized the
multispectral imagergespiteits lowerspatial resolutioncompared with the panchromatic imagéfiie visible banddetect

variation inconcentrations of photosynthetic pigments in the leawbsch differ among specie¥he neatinfrared (NIR)

region of the spectrum varies based on cellular structure, which changes with water content, mBkantls useful for
assessing plant health (e.g., the normalized difference vegetation index or [@wian, 1989; Campbell and Wynne,

2011) Trees vary widely in condition at treeline due to varying levels of frost desiccation, wind damage, or water
availability (Tranquillini, 1976, 1979) The relatively lower importance of the-IR bands for discriminating species at
treeline may mean that damage to trees and shrubs introduces variation across species that almost overshadows speci

specific responses to these stressors.

However,the lower importance of the-NR and red edge bands may also be becdies€NN models prioritized the higher
resolution spatial data and spatial patterns of species distributiotise panchromatic imagergver their spectral
differences.Table S1 of section S3 of the Supplement summsaiize WV-3 bands where pairs of species may be
statistically distinguishedeach pair of species differs in at least dnaed except for Engelmann spruce and willow, which
overlapped across all eight banttgerestingly,species pairs commonly differed significantly in the riefnared bands
The fact that these bands were less important for CNN performance suggests that theatiediels panchromatic data
first andonly usedthe multispectral or DEM datsecon® wheneverthe panchromatic data wenet informative In those
cases (e.g., cases where species growth forms were similar), the models made greatiee ¥e\dfand visible band#.is
possible that the nedmfrared bands are more correlateith the panchromatic bandnd sothe models obtained little
additional information from the AR and red edge bandshis is plausible given that botthe nearinfrared bands and the

panchromatic bandre responsive to plant structure.

32



4.3 Model Generalizability

While our models have been validated through-fold crossvalidation,we need to test these models on the classification

665 of geographically distinct treeline communities. Machine learning mogeid to oveffit models which is why we
employedseveralregularization method® reduce the risk of overfitting and to improve generalizability (see Supplement
S1.4. However, the importance of the elevation data in species classificaliesteits low original resolution of 10 m
suggests that these models cohltve learneddiosyncratic topographic patterns at ttveo studysites( i . e . the f
Hans 0 pwherb machine learning modgdick up onsignalsin the data that areometimescollinear with more

670 meaningful signalsmuch like the popular history horse, Clever Hanwko could respond to emotional anticipation in
humans but could not, in fact, couitapuschkin et al., 2019; Pfungst, 191lf)the modeldearned thamoisturesensitive
speciegend to occuin topographic depressionshere snow persists into the spritigey could still generalize well to other
treeline locationsThe figures showing spatial model performance (Appendix D) were encouraging in this repect;we saw
no obvious spatial biases indicating that the models only performed well for different spheiegrey were locted in

675 hotspotsof species ocurrenceat a gven site.On the other hand, the modelgeliedon proximity to a creek that ran through
the study site, theynay performless wellat treeline sites at comparable elevations but without a cieekiture work, ve

will test these models on a geographically independent dataset

4.4 Trade-offs of Computation and Data Acquisition Costs and Increases in Model Accuracy

The use of combined hyperspectral and lidar data is increasingly considered tlstagdlatd for identifying trees with
680 remote sensing dataut ourwork opens the door for more cesffective methods for researchers and mana@iisa and
Hauglin (2016) compared remote sensing data acquisition costs and found thatsbigtion commercial satellite imagery
is much less expensive than airborne aerial ima@@rika and Hauglin, 2016)Costestimates do not include subsequent
computational costs incurred through the analysis of such datasets, which can also represent a barriersfmalevider
implementation; not every manager and researcher has the training or money to make use of supercomputing resources.
685
WV-3 potentially represents a better balance of cost and classification accWse$.imagery is cheaper than aerial
imagery and provides comparable resolution. The addition of ACOMP atmospheric correction is important, because this
method uses CAVIS data collected simultaneously with the multispectral and panchromatic data, yielding highly accurate
correctiongPacifici, 2016) However, as our study showed, even \8/\data may have spatial resolution that is too low for

690 classificationof treeline vegetation species

UAS data may yield better results than ¥8\J/given their very high spatial resolution (soigter). In fact, Onishi and Ise
(2021) demonstrated that a classification accuracy of over 90% for seven species can be achieved usirgyeshphsel
(RGB) imagery, classified with a CN{Onishi and Ise, 2021)hese authors also used>l method guidedGradCAM,
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695 to determine that the CNN was focusing on canopy shapes for its classificatiorfindings support theirsspatial
resolution is important for tree species classification probléfhs. UAS approach mayalso be best for classification
problemsrequiring high temporal resolutiofe.g.,monthly). If data collection span®ultiple years or multiple seasons, the
UAS approachmay bethe most coseffective UAS, however, argrohibitedon some public landé the United States
particularly in national parks and congressionally designated wilderness areas, which inuhsti¢reeline areas of

700 conservation interest.

5 Conclusions

To our knowledge, we are the first to use satellite imagery to distinguish tree and shrub species in alpine treelimesecosyste
(Garbarino et al., 2023)Our study approach fills an important methodological gap, enabling researchers to connect
landscape and locallevel treeline patterns and local treeline processes by leveraging field research on treeline species.
705 Speciedevel maps of alpine treeline would enable researchers to better stratify field sampling efforts to understand

interspecies dynamics, as well as how species tolerances influence treeline elevation advance (or lack thereof).

Our modelshave provenuseful for identifying probability hotspots for limber pine occurrence at treelisupporting
ongoing research and management of this ecologically important conifer. Our matkoalso more cosffective than

710 techniquegelying on hyperspectral and lidar datallected withaircraft and arepplicable to a broader geographic extent
than UAS Our work may also support the ongoing research and conservation of limber pine in the Rocky Mountains of the
U.S. and Canadgchoettle et al., 2019)

However, we believe that adapting these models to an dieseid classification approach will improve classification

715 accuracies and allow landscapeel species identification without the need to train additional modétsanticipate that
outputs fromour CNN modelsin the form ofpixel-level probability maps for classified species, mayebsily processed
into segmented iages of tree and shrub objeftis objectbased classificatioWhile beyond the scope of the present work,
segmentation and objebaised classification will be the necessary next steps to apply these methods at a landscape scale
Once thesenethods are developedde may be abl e to use satellite i manglery

720 monitor the distribution of this important species as climate changes

Appendix A. Field Methods

Collecting ground control point§&GCPs)with a multispectral satellite without tasking the satel(igad placing targetd¥
quite challengingwe selectedsCPsopportunistically, aiming to coveas much of the image as possibiéuch of the

image, especially lower in elevation, was forestautl taller trees obscurggound featuresMuch of the rest of the image
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725 was tundra, with very fewargetable feature®Ve collectedsCPsat the corners of switchbacks and at trail junctiehsays
at or above treeline where these features could be clearly seen in the\Meagere able to collect5 GCPqFigure Al),

six of which were in the Battle Mountain study area fmud of which were in the Longs Peak study area.

il i

o -

730 Figure Al. Teapoints mark théocations of ground control points collected in Rocky Mountain National ®agkthe W\
3 satellite imagedisplayed in RGBThe Battle Mountain and Longs Peak study areaslelireated in purpl€eTrails are

marked with black lineRlease see Figure 1 for copyright details
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Figure A2. Lucas Rudasill and Laurel Sindewald collecting a ground control point and descriptive metadata at the corner of a
735 switchback next to acairn in RMNP. This photo was included, with the GPS data, descriptive metadata, and image chips, to
inform MAXAR orthorectification.
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Figure A3. Example of an image chip from Google Earth Pro with the GCP position marked precisely on the image, corresponding
to the photo documentation in Figure 26. This image chip was included, with the GPS data, descriptive metadata, and photos, t
740 inform MAXAR orthorectification. © Google Earth.
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Appendix B. Loss Functions and Model Evaluation Metrics

We usedeight metrics for model evaluatiotop-1, top2, and top3 accuraciesthe Gerrity score, the PIHirst Gerrity
score, the Heidke and Peirce scores, and -@osspy.Note that evaluation metrics, used to assess the performance of an

745 alreadytrained model, are not necessarily the same as the loss function used for training. Only the Gerrity sebirst PIFL
Gerrity score, and crosmtropywere used as loss functions in this studable B1 summarizes characteristics of each
metric.

Table B1. Characteristics of metrics used for model evaluation.

Evaluation Metric Range of Possible Values Optimal Value Special Values

Top-k accuracies 0-1 1 NA

Default Gerrity score [-1, +1] 1 0 indicates no skill (random model)
Classweighted Gerrity score [-1, +1] 1 0 indicates no skill (random model)
Heidke score (-b, 1] 1 0 indicates no skill and < 0 meal

worse than a random model
Peirce score [-1, 1] 1 0 indicates no skill and < 0 meal
worse than a random model
Crossentropy [ 0, D) 0 NA

750
Eqg. B1 shows how the Gerrity score is calculated, witremditional classveighting(Gerrity, 1992)
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whereN is the total number of data samplé&sjs the number of classesand]j index thepredictions and observations,
755 respectivelyandn_ij is the number of data samples with itieclass predicted arjth class observedVheni = j (when the
prediction matches the observatios)s positive and higher to reward the correct prediction. When/ls is jower or even
negative to penalize the incorrect predicti@n.is in turn determined by the second function in Equatdn which
determines the weights based on class frequencies to increase the reward whéegukmey class is correctly predicted

and decrease the penalty when a-foequency class prediction is incorrect. In the second function, which determirggs the
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760 weights,a is the cumulative observation frequenoy the firstk classes and is defined in the third functiofy;) is the

number of data samples where tkeclass is correct.

TableB1 is an example of asmatrix (a matrix ofs; weights) for the fouclass model. Theg; weights are larger for classes
that have lower frequencies but also depend strongly on the order of the classes. For éXaiNpled a low class

765 frequency (0.I2) relative to Other (@51, so thes; (PIEN, PIEN)weight was higher than any of the weights for Other.
BecausePIEN was the first class indexed for the Gerrity score, and becgusecalculated based cex, which is the
cumulative observation frequency of the fikstlassesthe (PIEN, PIEN) weight wagreater tharnthe (PIFL, PIFL) weight,
even thouglPIFL had thealmostsame class frequency BEN.

770 Table B2. The ssmatrix for the default Gerrity score for the four-class model. The class frequences we@el72 for
PIEN, 0.197 for PIFL, 0.280 for ABLA, and 0.351 for Other.
PIEN PIFL  ABLA Other

PIEN 2.35 042 -0.49 -1.00
PIFL 0.42 0.82 -0.08 -0.60
ABLA -0.49 -0.08 0.44 -0.07
Other -1.00 -0.60 -0.07 0.88

The reverse was true when PIFL was indexed first in the Gerrity score: PIFL had by far the highest weight, even though
PIFL had only a slightly lower class frequency than PIEN (Table B3).
775
Table B3. The ssmatrix for the PIFL -first Gerrity score for the four-class model. The class frequences wedel72 for
PIEN, 0.197 for PIFL, 0.280 for ABLA, and 0.351 for Other.
PIFL PIEN ABLA Other

PIFL 2.11 0.42 -0.49 -1.00
PIEN 0.42 0.83 -0.07 -0.59
ABLA -0.49 -0.07 0.46 -0.06
Other -1.00 -0.58 -0.06 0.89

Eqg. B1 shows the default Gerrity score, which does not have addit@assweighting. We alsoadded weights to the
780 equation to prioritizeéhe low-frequency classesven more heavilyEq B2 shows theclassweightedGerrity score, which

replaces the first function defined in ERL. (The other two functions remain the same.)

39



785

790

795

800

805

.. ™ B B 0¢
7TAECEGAA
ot aeelim
ip Q
(B2)
wheref; is the observed frequency of tfth class anay; is the resulting weightThe weighting functiorwe devised limits

the degree to which a class can be prioritized by capping the weight at the natural log of 50.

Crossentropy is simpler than the Gerrity score. Creafropy quantifies the number of bits required to distinguish the
distribution of model predictions from the distribution of observations. Gxos®py is calculated using E&3, and its
characteristics are listed in Table.B1
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whereN is the number of data samplésjs the number of classgsy is the modebredicted probability that thi& sample
belongs to thé!" class, andix is a binary indication of the correct class, which is 1 ifithexample belongs to tHéd' class
and 0 otherwise.

The Heidke(Heidke, 1926)and PeircgPeirce, 1884scores are similar in that they both measure the proportion of correct
predictions above and beyond those that would be expected from a random(lrageeduist and Mcgovern and Gagne i,
2019) Theirequationdiffer slightly. The Heidke score can be calculated \iith B4and its domain ifisted in Table B1
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where N is the total number of data samples, K is the total number of claggea correct prediction of claksn(Py) is the
number of samples where tk& class is predicted, am{y) is the number of samples where #ieclass is observed. The
Peirce score can be calculated vEitp. B5and shares these term definitions.
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Appendix C. Convolutional Neural Network Architecture Diagrams (Four- and Two-Class Models)

The panchromatic dateere input to the first convolutiondllock, labeled "Conv 513 x 513 x4'nd fA Max pool 25
810 4 an Figure3. All convolutionalblocksin our CNN contaied two convolutional layers, using 3 x@xel convolutional
filters or "kernels". The first convolutional layer in this block transfedthe panchromatic data to two feature maps, via
two learned convolutional filters. The second convolutional layer in the block then traedfivertwo feature maps to four
feature maps, via four learned filteEBsach convolutional layer was followed by an activation function, which is a-pixel
pixel nontlinear transformation. Activation functions are the key component enabling neural networks to lelinearon
815 relationships. Our specific activation function was the leaky rectified linear unit (ReLU) with a slope parametéNafr0.2
and Hinton, 2010)Furthermore, each activation functiaras followed by batch normalizatiofioffe and Szegedy, 2015)
which restores values in the maps to approximatelystandard normal distributiorfThe predictor variables follogd a
standard normal distribution, ensured by owscare transform, but the operations carried out in a CNN can warp this
distribution, which leads to slower training convergenckfter two convolutional layers with activation and batch
820 normalization, we used max pooling to reduce the spatial resolution by\hdfmax pooling, the maximum value for each
set of four pixels is retained. The full series of convolution > activation > batch normalization > convolution > activation
batch normalization > pooling made up one convolutional block (Figréd, and C2). CNN model architecture diagrams

for the fourclass and twazlass models are shown in figures C1 and C2, respectively.

Panchromatic
513x513x1

Multispectral
129 x129x 8

Interp’d DEM
129x129x 1

825

Figure C1. CNN architecture for the four-class model, incorporating panchromatic, multispectral, and DEM inputs at different
spatial resolutions. The architecture is the same as the sixand two-class models, but with a different number of probabilities
output by the final dense layer.

Panchromatic
513x513x1
Multispectral H

129x129x 8
129x129x 1

Figure C2. CNN architecture for the two-class model, incorporating panchromatic, multispectral, and DEM inputs at different

spatial resolutions. The architecture is the same as the sixand four-class models, but with a different number of probabilities

output by the final dense layer.
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Appendix D. Spatial Diagrams of Model Perbrmance

(a) Correct classes at Longs Peak stud site Predictions an occurrences of POTR 1.0 (C) Predictions and occurrences of Salix 1.0
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Figure D1.Targets and owuf-bag predictions for the-6lass model at the Longs Peak study ditd.Targets (actual classes)
with panchromatic radiance (W fsr € ) plotted in the background.Panchromatic radiance is plotted at quarter
resolution (1.24 m instead of 0.31 m), due to memory limitatigig. Out-of-bag predictions and actual occurrences of
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840

845

POTR. For each data sample (one data sample = one polygon pixel, as in Table 1), theorediduwnarker shows the
modeled probability that the data sample is POTR, while the presence of a blue marker indicates that the sample is actuall
POTR. Hence, faint yellow markers (probability ~= 0) with no blue marker on top can be considered true negatives; faint
yellow markers with a blue marker can be considered false negatives; dark red markers (probability ~= 1) with a blue marketr
can be considered true positives; and dark red markers with no blue markers can be considered false [ppSitives.as

panel b but for Salix[d] Same but for PIEN]e] Same but for BEGL][f] Same but for PIFL.[g] Same but for ABLA.
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(d) Predictions and occurrences of PIEN
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Figure D2. Targets and owutf-bag predictions for the-6lass model at the Battle Mountain study sitBormatting is

explained in the caption of Figul.
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(a) Correct classes at Longs Peak stu
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FigureD3. Targets and owbf-bag predictions for the-dlass model at the Longs Peak study sitermatting is explained in

the caption of Figur®1.
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855 Figure D4 Targets and owtf-bag predictions for the-dlass model at the Battle Mountain study site. Formatting is

explained in the caption of Figukl.
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