Forest Ecology and Management 511 (2022) 120126

Contents lists available at ScienceDirect
FOREST
ECOLOGY AND
MANAGEMENT

Forest Ecology and Management i

journal homepage: www.elsevier.com/locate/foreco

Check for

Identifying conifer mortality induced by Armillaria root disease using e
airborne lidar and orthoimagery in south central Oregon

Brent W. Oblinger® , Benjamin C. Bright”, Ryan P. Hanavan ¢, Mike Simpson ?,
Andrew T. Hudak ", Bruce D. Cook ¢, Lawrence A. Corpd

@ USDA Forest Service, Forest Health Protection, 63095 Deschutes Market Rd, Bend, OR 97701, USA

b USDA Forest Service, Rocky Mountain Research Station, 1221 South Main St, Moscow, ID 83844, USA
€ USDA Forest Service, Forest Health Monitoring, 26 Fort Missoula Rd, Missoula, MT 59804, USA

4 NASA, Biospheric Sciences, Goddard Space Flight Center, Greenbelt, MD 20771, USA

ARTICLE INFO

Keywords:
Armillaria

Abies concolor
Abies magnifica
Remote sensing
Disease detection
Snags

Canopy gap

ABSTRACT

Armillaria root disease causes tree stress and mortality worldwide, including in conifer forests of western North
America. Armillaria-induced tree mortality is slower than other disturbances, such as fire, but persistent over
time, and therefore difficult to detect across large areas. Hence methods to detect Armillaria-affected trees and
identify infested stands are of great value to forest managers. We used high-density light detection and ranging
(lidar), high-resolution aerial orthoimagery, and associated field observations to map individual tree health
across an Armillaria-affected forest dominated by Abies in south central Oregon. The lidar point cloud was
segmented into individual tree objects (polygons representing tree crown extents as viewed from nadir), for

which lidar metrics and spectral metrics derived from orthoimagery were computed. Lidar-detected tree objects
were paired with 150 field-observed trees with corresponding health measurements, and a random forest clas-
sifier was developed that separated trees into: 1) asymptomatic; 2) live, Armillaria-infected; 3) recently killed
(>50% of red needles remaining); and 4) dead (<50% of dead needles remaining) classes with 83% accuracy
using lidar and spectral metrics. The classifier was applied to map individual tree health status for 290,964 tree
objects across the 1257-ha study area. Approximately 20% of trees were classified as unhealthy including live,
infected and 4% of trees were classified as recently killed or dead. We created hotspot maps using the Getis-Ord
Gi* statistic and analyzed clustering of tree health spatial patterns using Ripley’s L statistic. Hotspot maps
effectively identified clusters of live unhealthy trees and tree mortality; unhealthy and dead trees were found to
be significantly spatially clustered at distances of 100-2500 m. We created a dead tree density grid, which we
coupled with a lidar-derived canopy gap grid to identify sites and stands affected by root disease. Canopy
openings were mapped using a canopy height model with a minimum opening area of > 202 m2. Clusters of
mapped dead trees (excluding recently killed trees) intersecting canopy gaps were used to detect sites with root
disease-induced mortality. Twenty-seven stands containing long-term plots from previous studies were evaluated
for the presence of root disease-induced mortality. All 27 stands were correctly identified with conifer mortality
induced by root disease. This approach for detecting dead trees intersecting canopy openings induced by root
disease can aid in: i) prioritizing subsequent field data collection; ii) planning silvicultural prescriptions; and iii)
assessing management expectations for snags and wildlife habitat where root disease-induced mortality is
altering stand structure.

1. Introduction Coetzee et al., 2018). In forests of the Pacific and Inland Northwest, USA,
Armillaria root disease contributes to significant tree mortality with

Armillaria root disease is one of the most globally-important forest Armillaria spp. as primary fungal pathogens that can alter stand structure
diseases affecting conifers and broadleaf trees (Shaw and Kile, 1991; and successional pathways (Shaw and Kile, 1991; Byler and Hagle,
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2000; Filip et al., 2010; Lockman and Kearns, 2016). This disease can be
caused by multiple Armillaria species (Kim et al., 2010; Lockman and
Kearns, 2016) with some species acting as secondary pathogens, which
increase the host tree’s susceptibility to additional damage such as
growth loss and mortality associated with insects or other stressors
including drought (Shaw and Kile, 1991; Goheen and Hansen, 1993;
Cruickshank et al., 2011). Conifer mortality due to Armillaria root dis-
ease is primarily caused by A. ostoyae (=A. solidipes (Bursdall and Volk
2008)) in the Northwest, USA (Lockman and Kearns 2016). Armillaria
root disease caused by A. ostoyae is an important management concern
in forests of southern British Columbia, Canada as well (Morrison and
Mallett, 1996; Morrison et al., 2014). While most conifer species native
to northwestern USA and southwestern Canada are susceptible to
infection by A. ostoyae, true firs (Abies spp.) are particularly susceptible
to damage and mortality induced by Armillaria root disease (Filip, 1977;
McDonald et al., 1987; Filip et al., 2015).

Trees infected by root disease are expected to experience increased
stress under a changing climate or be predisposed to new infections
(Klopfenstein et al., 2009). Identifying where damage and infected hosts
currently exist is important when predicting the future extent and
severity of root disease (Klopfenstein et al., 2009; Sturrock et al., 2011).
However, detection of root disease at broad scales throughout managed
forests can be challenging and require intensive field surveys (Hoffman
et al., 2014). Further, root disease-associated damage may be possibly
overlooked due to interaction with other stressors (Shaw and Kile, 1991;
Thies and Sturrock, 1995).

The US Forest Service conducts an annual aerial detection survey
(ADS) to visually sketchmap certain forest insect and disease activity to
assist in capturing indicators of forest health (Bennett and Tkacz, 2008;
Potter and Conkling, 2020). These surveys provide valuable information
on damage associated with a wide range of diseases and insects such as
sudden oak death (caused by Phytophthora ramorum), laurel wilt (caused
by Raffaelea lauricola), southern pine beetle (Dendroctonus frontalis),
western spruce budworm (Choristoneura freemani), and mountain pine
beetle (D. ponderosae), but these surveys often fail to measure damage
and mortality associated with most forest root diseases (Potter and
Conkling, 2020).

Armillaria and other root disease pathogens cause progressive,
chronic tree mortality over many years due to relatively slow root-to-
root spread, or via attachment of Armillaria rhizomorphs spreading to
roots in the soil. Slow, incremental change in tree mortality is difficult to
detect during aerial surveys, unlike the rapid change caused by other
disturbances associated with fire or bark beetle outbreaks (Shaw and
Kile, 1991; Filip et al., 2007; Lockman and Kearns, 2016; Coleman et al.,
2018). Visual interpretation using aerial photos has been used to detect
root disease-induced conifer mortality (e.g., Gregg et al., 1978; Williams
and Leaphart, 1978; Lattin, 1997; Leckie et al., 2004) but the methods
remain time consuming and labor intensive with varying accuracy.
Lockman and Kearns (2016) acknowledged the need for improved
detection of incidence and severity of root diseases at broad scales in the
USA. Forest managers would benefit from improved detection of dam-
age associated with root diseases when planning silvicultural pre-
scriptions and prioritizing field data collection. The presence of root
disease is important when considering wildlife habitat associated with
snag and down wood recruitment and can affect expectations for
maintaining thresholds of canopy cover for ecologically-important spe-
cies such as the northern spotted owl (Strix occidentalis caurina) (Maffei
and Tandy, 2002; Maffei et al., 2008; Carswell et al., 2021). There is also
a need for improved detection and monitoring of conifer mortality
associated with Armillaria root disease when evaluating regeneration
success in plantations at various stages following reforestation efforts
(Murray and Leslie, 2021).

Airborne light detection and ranging (lidar) can provide high reso-
lution measurements of forest structure useful for a variety of applica-
tions (Lefsky et al., 2002; Marchi et al., 2018). When high-density lidar
data are analyzed in a single-tree, object-oriented approach (Reitberger
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et al., 2009; Li et al., 2012; Dalponte and Coomes, 2016; Lindberg and
Holmgren, 2017; Campbell et al., 2020), individual tree attributes such
as tree volume (Maltamo et al., 2004), basal area (Silva et al., 2016),
canopy fuel characteristics (Popescu and Zhao, 2008; Klauberg et al.,
2019), species (QOrka et al., 2009; Kim et al., 2009b; Zhao et al., 2020),
and condition (Wing et al., 2015; Shendryk et al., 2016; Klauberg et al.,
2019; Karna et al., 2019) can be estimated. The amount of energy re-
flected to the lidar sensor, often referred to as lidar intensity, has proven
to be especially useful for distinguishing live and dead vegetation
components (Kim et al., 2009a; Morsdorf et al., 2010; Bright et al., 2013;
Wing et al., 2015), as has combining optical imagery and lidar data
(Polewski et al., 2015; Shendryk et al., 2016; Kaminska et al., 2018;
Campbell et al., 2020). Studies using lidar have successfully classified
individual trees as dead or alive (Yao et al., 2012; Wing et al., 2015;
Polewski et al., 2015; Casas et al., 2016; Kaminska et al., 2018; Miltia-
dou et al., 2020; Briechle et al., 2020); fewer have demonstrated the use
of lidar for distinguishing between multiple tree condition or “health”
classes (Shendryk et al., 2016; Barnes et al., 2017; Meng et al., 2018a;
Lin et al., 2019; Varo-Martinez and Navarro-Cerrillo, 2021). Although
previous studies have used remote sensing to detect and map conifer
decline and mortality caused by root disease (e.g., Johnson and Wear,
1975; Williams and Leaphart, 1978; Quinn and Niemann, 2017), to our
knowledge, only a few have done so at the individual tree scale (Leckie
et al., 2004; Navarro-Cerrillo et al., 2019; Iversen, 2020).

Precision agriculture has demonstrated great ability to map damage
due to plant diseases causing physiological stress signatures using
airborne multispectral imagery (Fletcher et al., 2001), in addition to
agricultural applications of airborne hyperspectral imagery (Du et al.,
2004; MacDonald et al., 2016; Chen et al., 2019) and spaceborne sat-
ellite imagery to reduce losses (Chen et al., 2007). In some forested
settings, the use of multispectral (Leckie et al., 2004; Quinn and Nie-
mann, 2017) and hyperspectral imagery (Iversen, 2020) has been uti-
lized to detect root disease damage affecting conifers and incremental
changes in tree health. NASA Goddard’s Lidar, Hyperspectral and
Thermal (G-LiHT) imaging system (Cook et al., 2013) has been suc-
cessfully mounted in US Forest Service aircraft flying ADS surveys to
map emerald ash borer, Agrilus planipennis (Pontius et al., 2017), gypsy
moth, Lymantria dispar (Meng et al., 2018a), and post-fire burn severity
(Meng et al., 2018b) using very high resolution (VHR) imagery. Remote
sensing provides promise to assist the annual ADS by capturing forest
damage due to insects and diseases that might not be captured manually
with visual survey techniques, and G-LiHT could be mounted and flown
concurrently with ADS crews. Airborne remote sensing platforms
capable of capturing both optical VHR and lidar imagery can greatly
improve our ability to map forest disturbances (Cook et al., 2013; Asner
et al., 2017).

This study utilized G-LiHT to simultaneously collect airborne lidar
and optical VHR imagery (~5 cm spatial resolution) over a mixed-
conifer forest in south central Oregon with a history of damage associ-
ated with persistent root disease (Maffei et al., 2008; Filip et al., 2010).
The primary objective was to use airborne lidar and orthoimagery
classifications to develop a method for detecting areas with Armillaria
root disease-induced mortality in conifers via patterns in dead trees
associated with canopy gaps. Mapping and predicting the presence of
root disease can provide valuable information to forest managers and
assist in prioritizing ground surveys for planning silvicultural
prescriptions.

2. Materials and methods
2.1. Study area

The study area is an Abies-dominated forest with multiple stands
known to be infested with Armillaria root disease in the Fremont-

Winema National Forest in south central Oregon, USA (Fig. 1; Maffei
et al. 2008; Filip et al., 2010). Klamath Falls, Oregon is approximately
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Fig. 1. Study area in the Fremont-Winema National Forest in south central Oregon, USA. Field plot locations are overlaid on the G-LiHT true-color orthoimagery.

40 km southeast of the study area. Five species of Armillaria have been
detected within the area including A. calvescens, A. sinapina, A. gallica, A.
cepistipes and A. ostoyae. Among the five species, the primary species of
Armillaria causing conifer mortality is A. ostoyae (Reaves and McWil-
liams, 1991; Filip et al., 2010). Elevation above sea level ranges from
1510 to 1958 m across the study area. Annual precipitation averages
approximately 1200 mm. Annual temperature averages approximately
6.4 °C, with an average January minimum of —5.3 °C and an average
July maximum of 24.9 °C (1981-2010; https://prism.oregonstate.
edu/normals/).

White fir (Abies concolor) is the dominant tree species; other common
tree species found in the study area include Shasta red fir (Abies magnifica
var. shastensis), coastal Douglas-fir (Pseudotsuga menziesii var. menziesii),
ponderosa pine (Pinus ponderosa), and western white pine (Pinus mon-
ticola). Common plant associations include white fir-grand fir/western
starflower (Trientalis latifolia) and white fir-grand fir/golden chinquapin
(Castanopsis chrysophylla). Transitions to Shasta red fir and mountain
hemlock plant associations occur at higher elevations and Douglas-fir
plant associations at lower elevations adjacent to the study area (Simp-
son, 2007). Fire exclusion has resulted in a greater abundance of true firs
that are highly susceptible to Armillaria root disease throughout the area
compared to pre-European settlement (Filip et al., 2010; Hagmann et al.,
2019). Ponderosa pine and coastal Douglas-fir are less susceptible to

Armillaria root disease at this location (Filip et al., 2010). Historic treat-
ments in the study area include selective harvesting of large Douglas-fir
and ponderosa pine. More recent forest management (1980’s-1990°s)
included clearcuts followed by plantings, as well as thinning, shelter-
wood, and group selection treatments (Filip et al., 2010).

2.2. Lidar and orthoimagery acquisition

On June 30, 2018 the NASA G-LiHT airborne imager (Cook et al.,
2013) was flown over a 1690-ha area on a fixed-wing aircraft. Our study
area was limited to the 1257 ha of forest north of Highway 140 because
forest composition south of the highway generally differs from compo-
sition north of the highway, where root disease is prevalent. Also, much
of the area south of the highway is non-forested (Fig. 1). For this anal-
ysis, three G-LiHT products were used: lidar point clouds, a lidar-derived
canopy height model (CHM), and three-band (RGB) digital orthoima-
gery (Table 1). Hyperspectral and thermal imagery gathered with G-
LiHT were not available for analysis; furthermore, we wanted our
methodology to be accessible to others and therefore not dependent
upon these less commonly available airborne imagery products. Lidar
point clouds were delivered as tiled LAS files; orthoimagery was deliv-
ered as tiled 8-bit RGB GeoTIFF files. All G-LiHT parameters and spec-
ifications can be found in Cook et al. (2013).
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Table 1

Candidate predictor variables from lidar and orthoimagery. Variables were used
in Random Forest (RF) models to classify individual trees into four stages of
Armillaria root disease infection. Only first returns were used to calculate lidar
height variables; only single returns were used to calculate lidar apparent
reflectance variables. Variables that were selected as important and included in
the final RF models are shown in bold and italics.

Variable Description

Lidar

HMEAN Mean tree height
HMAX Maximum tree height

HSD Standard deviation of tree height

HSKEW Skewness of tree height

HKURT Kurtosis of tree height

CRAD Tree crown radius

PSINGLE Proportion of first returns that are single
LRMEAN Mean lidar apparent reflectance

LRMAX Maximum lidar apparent reflectance

LRSD Standard deviation of lidar apparent reflectance

LRSKEW Skewness of lidar apparent reflectance

LRKURT Kurtosis of lidar apparent reflectance

NBBFR Normalized branch-bole/foliage ratio (Wing et al., 2015)

Orthoimagery

RMEAN Mean red

RSD Standard deviation of red

GMEAN Mean green

GSD Standard deviation of green

BMEAN Mean blue

BSD Standard deviation of blue

VCImean Mean of the Vegetation Contrast Index (Eq. (4); Zhang et al., 2018)

VCIsd Standard deviation of the Vegetation Contrast Index (Eq. (4);

Zhang et al., 2018)

ExG- Mean of Excess Green minus Excess Red (Eq. (8); Meyer and Neto,
ExRmean 2008)

ExG-ExRsd Standard deviation of Excess Green minus Excess Red (Eq. (8);

Meyer and Neto, 2008)

2.3. Field observations

To assist in classification model development, field observations of
587 trees in 15, 900-m? fixed-radius plots (radii = 16.93 m) were
gathered across the study area in the summer of 2018 within two weeks
of airborne data acquisition (Fig. 1). Plot centers were marked with
rebar and study trees were tagged with numbers. Plot center coordinates
were recorded with a professional-grade GNSS receiver, and later
differentially corrected with post-processing. Plot locations were chosen
to sample stands spanning the range of apparent Armillaria root disease
incidence and severity (Maffei et al., 2008; Filip et al., 2010); strata
included areas with predominantly healthy appearing trees, live infec-
ted trees, and recently killed trees. Strata with live infected and recently
killed trees also had dead trees previously killed by Armillaria root
disease.

In each fixed-radius plot, all live and dead trees with diameter at
breast height (DBH) measurements > 12.7 cm were recorded system-
atically clockwise around plot centers, beginning with trees bearing true
north from plot center. Distance and bearing from plot centers were
recorded for a subsample of trees (a minimum of two per quadrant
totaling at least eight per plot) using a laser range finder (Laser Tech-
nology, Inc., TruPulse® 200X, Centennial, CO, USA) from plot center.
This subsample of “stem mapped trees” (131 of 587) was used to facil-
itate matching trees from the field sample to the lidar-derived tree ob-
jects. In addition to the individual tree measurements, maximum height
of shrubs, seedlings and saplings of all species was recorded in each
sample plot.

Individual tree measurements included: species, DBH, height, height
to live or dead crown base or both for some live trees, tree “health”
status (healthy appearing, live but infected with Armillaria, killed by
Armillaria, and whether recently killed within two years or killed over
two years prior according to foliage retention), crown health rating
(healthy, fair health, fair to poor health, or poor health based on foliage
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condition and color; similar to ratings by Salman and Bongberg, 1942),
crown color (green, chlorotic (light green), yellow, red, orange, brown),
crown width, crown condition class (open-grown, dominant, co-
dominant, intermediate, suppressed), and the approximate amount of
foliage/branches remaining on dead trees. Asymptomatic trees
appeared healthy with green, full crowns and no basal resinosis (Shaw
and Kile, 1991). Dead trees were assessed for infection by Armillaria by
excavations around the root collar to confirm the presence of diagnostic
mycelial fans of Armillaria sp. under the bark and pitching in roots or at
the root collar (Shaw and Kile, 1991). Dead trees with > 50% of dead
foliage remaining were considered recently killed. Trees recorded as
“live infected” were confirmed to have pitching within the bark and
diagnostic signs (mycelial fans of Armillaria sp.) of Armillaria root dis-
ease under the bark at the root collar (Shaw and Kile, 1991).

2.4. Lidar processing

Tiled lidar point clouds were buffered and normalized to heights
above ground using the ‘lastile’ and ‘lasground new’ functions of LAS-
tools (Isenburg, 2020). Lidar point clouds were segmented into indi-
vidual tree point clouds using the ‘lidR’ R package (Roussel and Auty,
2020). For each buffered LAS tile, a pit-free canopy height model (CHM)
was created using the ‘grid_canopy’ function (Khosravipour et al., 2014)
and individual tree tops were detected with the ‘find_trees’ function
running the local maximum filter (Imf) algorithm (Popescu and Wynne,
2004). We employed a circular variable window within the ‘Imf’ algo-
rithm using the formula:

W = Ht x 0.04+3 @

where W is the diameter of the variable window in meters and Ht is
the height of the CHM in meters. This resulted in window diameters that
ranged between 3 and 6 m for our study area. We found that this window
size did well detecting live and asymptomatic trees, which averaged 6 m
in crown diameter, as well as dead trees, which tended to have crown
diameters that were < 6 m. The CHM and tree top locations were then
input into the ‘segment_trees’ function, running the algorithm of Silva
et al. (2016), to segment and classify point clouds into individual tree
objects. We also tested two other algorithms for segmenting point clouds
into tree objects that were available in the ‘lidR’ package, those of Li
et al. (2012) and Dalponte and Coomes (2016), and found that all three
algorithms, especially the CHM-based methods, gave similar results
(Hastings et al. 2020); we ultimately chose to use the algorithm of Silva
et al. (2016) because of its generally higher accuracy in delineating
conifers (Hastings et al. 2020), which dominated our study area, and its
smaller computational cost relative to the algorithm of Li et al. (2012).
Two-dimensional (2D) convex hulls in vector polygon format were also
created for each three-dimensional tree object, in which polygons rep-
resented two-dimensional tree crown extents as viewed from nadir.

Lidar metrics were computed for individual tree objects using the
‘tree_metrics’ function (Table 1) and associated with 2D tree crown
extent polygons. Height metrics were calculated using only first returns.
Before computing lidar apparent reflectance metrics, extracted range-
corrected intensity values as recorded in the intensity field of vendor-
delivered LAS files were calibrated to linear apparent reflectance
values with the following equations:

1

R(dB) = Ryin + (zzz " (Ruax

65535 - Rmin)) (2)

where R is the apparent reflectance of the return, I is the stretched
16-bit value in the return intensity field, and Ry, and Rpyqy are —25 and
5 dB (dB), respectively, minimum and maximum values of the 16-bit
intensity ranges, which are chosen when LAS files are created. Loga-
rithmic apparent reflectance values in dB were then converted to linear
apparent reflectance values using:

R(dB)

R=101" 3
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Except for the proportion of first returns that are single (PSINGLE
metric), only single returns were used to calculate lidar apparent
reflectance variables as to eliminate the confounding influence of partial
returns on apparent reflectance measurements.

As in the study by Wing et al. (2015), apparent reflectance values
were related to tree components in preliminary analyses. Dead trees
reflected the shortwave-infrared (SWIR, 1550 nm) lidar more strongly
than live trees, with a breakpoint at 0.26 in lidar apparent reflectance
distributions (Fig. 2).

We therefore concluded that returns with apparent reflectance
measurements > 0.26 were likely from large woody surfaces such as
boles and branches, whereas returns with apparent reflectance mea-
surements < 0.26 were likely from fine foliage. A normalized branch-
bole/foliage ratio (NBBFR), based on the branch-bole/foliage ratio of
Wing et al. (2015), was calculated with lidar apparent reflectance
measurements and the following equation:

(#returnswithR > 0.26 — #returnswithR < 0.26)

NBBFR =
Total#returns

(€3]

Note that this relationship between tree components and lidar in-
tensity differs from that found by Wing et al. (2015), as well as others
(Kim et al., 2009a; Casas et al., 2016), who used more traditional, near-
infrared (NIR, 1064 nm) airborne lidar systems. These studies found
that live foliage was associated with greater NIR return intensities
whereas woody components were associated with smaller NIR return
intensities, as well as a small proportion of high NIR intensities in the
analysis of Wing et al. (2015).

2.5. Orthoimagery processing

RGB orthoimagery tiles were mosaicked and reprojected into UTM
coordinates; the resulting image had a spatial resolution of 5 cm. Poly-
gons representing tree crowns created from the lidar point clouds were
used to extract RGB values coincident with tree crown polygon extents
from the orthoimagery mosaic using the ‘extract’ function in the R
‘raster’ package (Hijmans, 2020). Extracted values were normalized to
values between 0 and 1 by dividing 8-bit RGB digital numbers (DN) by
255. RGB metrics were calculated for each tree crown object extent
(Table 1), including two RGB-based vegetation indices, the Vegetation
Contrast Index (VCI; Zhang et al., 2018) and the Excess Green minus
Excess Red Index (ExG-ExR; Meyer and Neto, 2008), which were

50
—— Asymptomatic
Live Infected
< 407 —— Recently Killed
‘;; Dead
£ 30—
o
i
2 20
©
[}]
X 10
0 u

| [ [ [ [ [
0.0 0.2 0.4 0.6 0.8 1.0

Lidar apparent reflectance

Fig. 2. Mean distributions of lidar apparent reflectance (single returns only) for
trees that were live and asymptomatic, live and infected by Armillaria root
disease, recently killed by Armillaria root disease (>50% of dead needles
remaining on crowns), and dead for some time (<50% of dead needles
remaining on crowns). N = 150 trees.
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calculated using the following equations:

VC :% (5)
RCC = ﬁ )
GCC :(R'Fig‘i‘B) @
BCC = ﬁ ®)
ExG — ExR = (2 X GCC*RCC*BCC) — (1A4 X RCC — GCC 9

where R, G, and B are normalized RGB values, and RCC, GCC, and
BCC are RGB chromatic coordinates.

2.6. Pairing field observations with lidar tree objects

We detected a total of 536 tree objects across our 15 plots, similar to
the total number of field-observed trees, 587. However, we were only
able to pair a subset of these lidar-detected tree objects to field mea-
surements because a subset of field-observed trees was stem mapped.
Field observations were paired to lidar-detected tree objects by over-
laying lidar-detected tree top coordinates, lidar-detected tree crown
extent polygons, orthoimagery, and field-measured tree locations and
attributes in a geographic information system. Lidar-detected tree ob-
jects were manually paired to field-measured trees based on proximity,
lidar- and field-measured tree heights, and lidar- and field-measured
tree crown characteristics. Although field-measured tree locations
differed slightly from lidar-detected tree locations, we were able to pair
87% (114 of the 131) of field-mapped trees to corresponding lidar-
detected tree objects. Locations of these trees differed by an average
of 2.38 m and a standard deviation of 1.50 m. As field personnel sys-
tematically gathered tree observations clockwise around plots beginning
with trees bearing north from plot center, and stem mapped at least 2
trees in each quadrant of each plot, we were able to pair an additional 44
lidar-detected trees with corresponding field-measured trees by
comparing field-observed tree height and crown characteristics to lidar-
detected tree objects. Trees were stem mapped using a laser and compass
to measure distance and azimuth from the plot center. We were unable
to use 8 paired tree measurements (stumps) because low numbers of
single returns in these objects made lidar metrics unreliable.

In total, 150 trees with associated field and lidar measurements were
used to develop classification models. Of these 150 trees, 33.3% were
dead (and therefore had no crown class recorded), 21.3% were domi-
nant, 31.3% were co-dominant, 13.3% were intermediate, and 1% were
open grown. We were unable to pair any field-observed, suppressed
trees with lidar objects, either because of spatial ambiguity with no
suppressed trees stem mapped or poor detection by crown delineation
algorithms (e.g., Dalponte and Coomes, 2016). Of the 587 field-observed
trees, 42.4% were dead and therefore had no crown class assigned, 6.5%
were dominant, 16.4% were co-dominant, 19.1% were intermediate,
15.2% were suppressed, and 0.3% were open grown.

2.7. Tree health classification with random forest

Lidar-detected tree-objects were classified by field-observed tree
health status using lidar and orthoimagery predictor variables (Table 1)
and the Random Forest (RF) algorithm using the ‘randomForest’” R
package (Breiman, 2001; Liaw and Wiener, 2002). One characteristic of
the RF algorithm is the internal partitioning of data into training and
evaluation datasets and resulting out-of-bag (OOB) error estimates. This
was advantageous for our classification analyses, as we only had 150
trees with which to train and evaluate our classifications.



B.W. Oblinger et al.

We developed two classifications. First, a simple classification of live
versus dead trees, and second, a classification of trees into four field-
observed tree health classes: asymptomatic, live infected, recently kil-
led (>50% of dead needles remaining), and older dead (<50% of dead
needles remaining). To identify the most important variables and
parsimonious models, we used the ‘rf.modelSel’ function of the ‘rfUtil-
ities’ R package (Evans and Murphy, 2018), which identifies important
predictor variables based on a scaled model improvement ratio (MIR)
measure and identifies top RF models that minimize OOB error with the
fewest explanatory variables (Murphy et al., 2010). MIR measurements
range from O to 1, with a value of 1 indicating highest importance.
Several iterations of the ‘rf.modelSel’ function were run in order to
experiment with excluding individual variables of highly-correlated
explanatory variable pairs (r > 0.9). Running several iterations identi-
fied: 1) consistently important variables, 2) unimportant variables, and
3) which variable from highly correlated variable pairs minimized OOB
errors. We selected final models that minimized OOB error using only
important uncorrelated variables.

2.8. Mapping tree health across the study area

Using the ‘predict’ function of R, the final four-class model was
applied to lidar-detected 2D tree crown polygons across the study area.
Tree crown polygon shapefiles were in several buffered tiles, as they
were created from buffered LAS tiles. Buffers were removed and polygon
tiles were combined to create a map of individual tree health across the
study area. When developing the classifier, the use of the term “live
infected” was warranted as data used to develop the classifier were
collected from the field plots where trees classified as “live infected”
were confirmed to be infected with Armillaria root disease. However,
when applying the classifier across the study area that included trees
outside of field plots, we substituted the term “unhealthy” for “live
infected”, as we were hesitant to label all unhealthy trees across the
study area as being infected with Armillaria root disease, since dieback
and discoloration in live tree crowns could have been caused by factors
other than Armillaria root disease such as foliage diseases in plantations
also observed at this location.

2.9. Spatial analyses of the tree health map

Ripley’s L, a measure of spatial clustering, was calculated for each of
the four tree health classes at 100 m distance increments ranging from
0 to 3000 m (Ripley, 1976). Negative values of distance minus Ripley’s L
for that distance indicate spatial clustering; positive values of distance
minus Ripley’s L for that distance indicate spatial dispersion. Ripley’s L
was implemented with the ‘khat’ function of the ‘splancs’ R package
(Rowlingson and Diggle, 2017).

The polygon tree map was generalized to 30-m tree density grids, one
grid for each tree health class, and hotspot maps were created using the
Getis-Ord Gi* statistic, as implemented in the ‘localG’ function of the
‘spdep’ R package (Ord and Getis, 1995; Bivand and Wong, 2018). Grid
cells where the Getis-Ord Gi* statistic, a Z score, were > 1.96 were
considered hotspots for the given tree health class.

3. Mapping canopy gaps with lidar-derived canopy height model

A lidar-derived canopy height model (CHM) at 1 m spatial resolution
based on first returns was used to identify canopy gaps and create a 1-m
canopy gap raster (Koukoulas and Blackburn, 2004). To detect canopy
gaps, the heights of shrubs and trees were considered in field plots in
canopy openings created by root disease. In ArcMap, canopy gaps were
defined as 1) having canopy height values < 4 m, the maximum height
of shrubs, seedlings and saplings that were observed regenerating in
gaps created by root disease mortality centers, and 2) covering an area
of > 202 m? (>0.0202 ha). A minimum gap size of 202 m? was used
because it equated to the circular area of four average crowns after
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pooling field measurements of crown widths for all live, open-grown,
dominant and co-dominant trees in plots.

3.1. Detecting areas with root disease-induced mortality and prioritizing
stands for ground surveys

Areas with root disease-induced mortality were detected in ArcMap
by identifying clusters of mapped dead trees that intersected canopy
gaps. This approach was validated by confirming the presence of
standing dead trees within and adjacent to canopy gaps in long-term
Armillaria root disease monitoring plots reported by Maffei et al.
(2008) and Filip et al. (2010). Further, field plots in this study in 2018
reaffirmed this characteristic pattern with more dead trees typically still
standing along the perimeters of canopy openings opposed to the center
of openings (Fig. 3). To detect areas of root disease-induced tree mor-
tality, we intersected 30-m tree density grid cells having > 24 dead
trees/ha (TPH) with canopy gaps in ArcMap. Standing-dead tree den-
sities > 24 dead TPH have been reported in some stands in central
Oregon where root disease-caused mortality has been observed (Filip,
1977; Filip and Goheen, 1982; Filip et al., 2010); however, we used this
lower dead tree density threshold to account for lower overall tree
densities being present in managed stands post-treatment in our study
area. Filip and others (2010) found an average increase of approxi-
mately 24-25 dead TPH in leave trees over ten years following treat-
ments in mature stands in this study area. Filip and Goheen (1982) also
found that most of the standing dead trees in an area surveyed for root
disease-caused mortality in central Oregon had been dead for over five
years. The presence of recently killed trees with dead foliage still
attached was not included in determining areas with root disease-
induced mortality, since recently killed trees may or may not be pre-
sent at a given time on sites with root disease-induced mortality (Shaw
and Kile, 1991).

With limited resources, prioritization of stand management units is
necessary to increase efficiency of conducting ground surveys or stand
exams and when planning restoration treatments designed to reach
desired future conditions in response to forest diseases (e.g., Singleton
and Oblinger, 2017). Predicted areas with conifer mortality induced by
root disease were then overlaid with stand management unit boundaries
in ArcMap to identify stands for further ground surveys. A total of 161
stands were evaluated for the presence of conifer mortality induced by
root disease.

Other long-term monitoring plot locations along with past field data
on the presence of Armillaria root disease-caused tree mortality from
studies by Maffei et al. (2008) and Filip et al. (2010) were overlaid on
the study area in ArcMap to estimate the accuracy of stands identified
with conifer mortality induced by root disease. Unpublished results on
the presence of tree mortality caused by Armillaria from long-term plot
remeasurements in 2017 and 2015 respectively were used from these
studies. A total of 27 of the 161 stands, containing 270 long-term plot
locations, were evaluated in ArcMap to estimate the accuracy of stands
identified with conifer mortality induced by root disease.

To estimate the severity of disturbance due to Armillaria root dis-
ease, the size of canopy openings was approximated where Armillaria
was confirmed at three arbitrarily selected 2018 field plot locations. The
methods from Hart and Kleinman (2018) were used in which the mean
diameter of a canopy opening is compared to the mean height of adja-
cent trees (D:H) surrounding the canopy opening. Greater values of D:H
equate to higher severity disturbances beyond the gap-scale (Hart and
Kleinman 2018). Tree height data for live trees (with a crown condition
class of dominant or co-dominant) from each 2018 field plot were used
to estimate the mean height of adjacent trees surrounding each opening.
Length and width measurements of canopy openings were approximated
in ArcMap using visual interpretation of orthoimagery and canopy gaps
mapped.
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Fig. 3. Clusters of standing, dead trees within and intersecting a canopy gap formed by Armillaria root disease-induced mortality in white fir in the study area.
Several chlorotic (yellowing), live infected trees and recently killed trees with red crowns are present along the edge of the opening. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this article.)

4. Results
4.1. Classification accuracy and important predictor variables

The classification of tree objects as alive or dead was highly accurate,
with an overall accuracy of 95.3% (Table 2). The most important pre-
dictor variables for classifying trees as alive or dead included two lidar
variables, mean lidar apparent reflectance (LRMEAN, MIR = 1.0) and
the standard deviation of lidar apparent reflectance (LRSD, MIR = 0.6),
and one orthoimagery variable, the mean of the Vegetation Contrast
Index (VCImean, MIR = 0.4). The SWIR lidar reflectance was lower for
live trees and higher for dead trees, whereas VCI values were greater for
live trees and lower for dead trees (Fig. 4).

The classification of tree objects into four health classes was 83.3%
accurate (Table 3). Asymptomatic trees and live infected trees were most
confused. The most important predictor variables for the four-class
model, in order of importance, were mean lidar apparent reflectance
(LRMEAN, MIR = 1.0), the standard deviation of lidar apparent reflec-
tance (LRSD, MIR = 0.5), the standard deviation of blue (BSD, MIR =
0.5), tree crown radius (CRAD, MIR = 0.5), the mean of the Vegetation
Contrast Index (VCImean, MIR = 0.4), the mean of Excess Green minus
Excess Red (ExG-ExRmean, MIR = 0.4), mean blue (BMEAN, MIR = 0.3),
and the skewness of tree height (HSKEW, MIR = 0.2).

Table 2

Confusion matrix showing the classification accuracy of live versus trees killed
by Armillaria root disease using airborne lidar and orthoimagery. Overall ac-
curacy was 95.3%. N = 150 trees. Bold values in cells indicate correctly classi-
fied trees.

Reference
Dead Live Precision (%)
Classification Dead 45 4 91.8
Live 3 98 97.0
Recall (%) 93.8 96.1

Lidar apparent reflectance and blue reflectance from orthoimagery
tended to increase as tree health decreased and time since death
increased (Fig. 4). The VCI and ExG-ExR followed similar patterns to
each other, showing a decrease as tree crowns progressed from green to
red, with an increase for dead trees with few or no needles relative to
recently killed, red-needled trees. Structural differences between tree
classes captured by lidar were also useful for classification. Long dead
trees, which had begun to lose branches, showed smaller crown radii
and more positive skewness of height relative to other tree health
classes.

The normalized branch-bole/foliage ratio (NBBFR; Wing et al. 2015)
was also a good predictor of tree health classes. However, it was highly
correlated with the simpler LRMEAN (r = 0.98), so we chose to include
LRMEAN rather than NBBFR in final models. The NBBFR or similar
variables might be useful for tree health classifications in other appli-
cations. Likewise, red and green bands were also useful classifiers,
however, RGB bands were all highly correlated; we chose to use the blue
variables because they were consistently chosen as important, whereas
red and green variables were less consistently selected.

4.2. Tree health maps and spatial analyses

A total of 290,964 tree objects were identified across the 1,257-ha
study area. Most tree objects were classified as alive; 75.8% were clas-
sified as asymptomatic and 20.1% were classified as unhealthy. Only
4.1% of tree objects were classified as dead, 1.0% being classified as
recently killed and 3.1% being classified as older killed trees. Suppressed
trees, and to a lesser extent, intermediate trees, overtopped or partially
overtopped by more dominant trees, were likely detected poorly by
crown delineation algorithms (e.g., Dalponte and Coomes, 2016) and
therefore were not accounted for in the maps.

Spatial patterns of dead, recently killed, and live infected trees were
typical of Armillaria root disease centers, in which older dead tree
clusters are surrounded by recently killed and live infected trees
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Fig. 4. Distributions of lidar and orthoimagery variables used to classify live trees as asymptomatic, live and infected by Armillaria root disease, recently killed by
Armillaria root disease (>50% of dead needles remaining on crowns), or dead for some time (<50% of dead needles remaining on crowns). VCI = Vegetation Contrast

Index; ExG = Excess Green; ExR = Excess Red; SD = Standard deviation.

Table 3

Confusion matrix showing the classification accuracy of trees into various stages of Armillaria root disease infection using airborne lidar and orthoimagery. Overall
accuracy was 83.3%. N = 150 trees. Bold values in cells indicate correctly classified trees.

Reference
Asymptomatic Live Infected Recently Killed Dead Precision (%)
Classification Asymptomatic 59 0 0 92.2
Live Infected 1 2 67.6
Recently Killed 1 11 2 64.7
Dead 1 1 30 93.8
Recall (%) 84.3 84.6 88.2

(Fig. 5A). All tree health classes were significantly spatially clustered
more than a random spatial distribution at distances from 100 to 3000 m
(Fig. 5B). Spatial clustering increased as tree health class progressed
from asymptomatic to dead, with recently killed and older dead trees
being noticeably more clustered than living trees. Clustering of dead
trees was greatest at distances of 1000-1500 m. Clustering of all tree
classes was similar at distances > 2500 m.

The tree density and hotspot maps provided a more general visual-
ization of where dead, recently killed, and unhealthy trees were clus-
tered across the study area, highlighting patterns of Armillaria root
disease centers (Fig. 6A-D). Total areas of unhealthy (live), recently
killed, and older dead hotspots, where Getis-Ord Gi* > 1.96, were 143
(11.4%), 19 (1.5%), and 50 (4.0%) ha in the 1257 ha study area,
respectively (Fig. 6D).

4.3. Areas detected with root disease-induced mortality and stands
prioritized for ground surveys

Several larger canopy openings intersected with dead trees in the
middle of the study area. We also detected many smaller canopy open-
ings that intersected with dead trees, which were likely associated with
Armillaria root disease, throughout the study area (Fig. 6F). Out of 161
stands evaluated, the presence of conifer mortality induced by Armil-
laria root disease was identified in 61% of them (98 stands). All 27

stands used to estimate the accuracy of stand-level identification were
correctly identified for the presence of root disease-induced mortality.
Ground surveys could be conducted in these identified stands to identify
which tree species may be tolerant or resistant to Armillaria, to be
favored for retention during treatments, and when planning which tree
species to plant that are tolerant or resistant to Armillaria (Filip et al.,
2010; Murray and Leslie, 2021). A D:H of 2.7, 3.9 and 4.3 was observed
in the three arbitrarily selected canopy openings confirmed to be caused
by Armillaria root disease. Therefore, root disease was classified as an
intermediate severity disturbance in these stands given that D:H > 2.0
(Hart and Kleinman, 2018). The largest of the three canopy openings
covered > 2.5 ha.

5. Discussion

Better forest management decisions during landscape-level planning
depend on improved, reliable detection of changes in forest structure,
whether due to gap- or broader-scale disturbances of intermediate or
catastrophic severity. Recent forest health remote sensing studies have
largely focused on disturbance caused by insects versus diseases, except
for sudden oak death caused by Phytophthora ramorum and pine wilt
disease caused by Bursaphelenchus xylophilus (e.g., Chen and Meente-
meyer, 2017; Zhang et al. 2021). We believe our novel use of combining
lidar and high resolution imagery to detect conifer mortality induced by
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Fig. 5. A) Map of classified trees overlaid on true-color orthoimagery for a portion of the study area confirmed to have white and Shasta red firs severely affected by
Armillaria root disease. The RF classifier was applied to 290,964 individual trees across the study area to map four classes of trees affected by Armillaria root disease.
B) Distance versus distance minus Ripley’s L for each tree health class. Negative values of distance minus Ripley’s L indicate spatial clustering. Clustering was greatest
for recently killed and dead tree classes at distances of 1000-1500 m. (For interpretation of the references to color in this figure legend, the reader is referred to the

web version of this article.)

root disease shows promise for improving our overall ability to use
remote sensing to detect disease incidence across broad scales. In some
instances, forest managers have access to both airborne lidar data and
orthoimagery providing opportunities for improved detection of tree
mortality and live trees experiencing stress induced by diseases or in-
sects. Sources of aerial imagery potentially now include four-band US
National Agriculture Imagery Program (NAIP) imagery, or other sources
of VHR multispectral satellite-borne imagery such as WorldView prod-
ucts from the Maxar satellite constellation.

Our results make a direct contribution to improving detection
monitoring methods for root disease-induced tree mortality where
expression of certain root diseases, caused by Armillaria ostoyae and
other pathogens, involve a consistent pattern of dead trees intersecting
canopy openings due to root disease. In the study area and at additional
sites west of Upper Klamath Lake in Oregon, white and Shasta red firs
often die standing due to Armillaria root disease and canopy openings
form over time (Filip, 1977; Maffei et al., 2008; Filip et al., 2010). Our
approach also shows great potential to detect conifer mortality induced
by laminated root rot in mountain hemlock, Douglas-fir or mixed-conifer
forests where canopy openings often have standing dead trees within or
surrounding canopy openings due to the primary fungal pathogen
Coniferiporia sulphurascens (=Phellinus weirii; Lattin, 1997; Maffei and
Wing, 2017; Quinn and Niemann, 2017). Canopy openings intersected
by standing dead trees can also form due to the fungal pathogens Het-
erobasidion occidentale and H. irregulare, which commonly cause Heter-
obasidion root disease in western North America (Slaughter and
Parmeter, 1989; 1995).

The spatial pattern in tree health classes mapped in the study (Fig. 5)
aligns with decades of field observations by forest pathologists (Filip,
1977; Maffei et al., 2008; Filip et al., 2010; Hagle, 2010). Three-
dimensional lidar data includes information on understory and surface
vegetation structure, which may help to better characterize and

understand variable effects of root disease pockets on landscape-level
habitat and plant species diversity (Hansen 1999). Our results reaf-
firmed that these structural characteristics can be used to detect spatial
patterns of dead trees and canopy openings associated with tree mor-
tality induced by root diseases (Williams and Leaphart, 1978; Shaw and
Kile, 1991).

Additional descriptions of airborne data signatures could be useful
for detecting undocumented damage by forest diseases or insects with
remote sensing or during ADS (Ciesla, 2006; Meng et al., 2018a). The
time between establishment of a particular root disease pathogen and
the beginning of associated tree mortality, and resulting canopy open-
ings, could affect which identifiable signatures are present. As evidenced
by field observations, recently killed trees are not always present within
or surrounding canopy openings created by root disease. Older dead
trees were more frequently observed in field plots at this location
compared to recently killed trees, which may be confused with living
trees having crown dieback in classifications. Our findings suggest the
inclusion of older dead trees (not mapped in ADS) to identify where root
disease is contributing to ongoing tree mortality, and that recently killed
trees may not always improve detection of root disease-induced conifer
mortality.

Field observations were also needed to define the minimum canopy
opening size and dead tree densities for identifying sites with conifer
mortality induced by root disease. Some canopy openings created by
Armillaria may not have had any standing dead trees within or adjacent
to them when airborne data were acquired. Certain sites with canopy
openings covering < 202 m? and openings intersected by dead tree
densities of < 24 TPH may have been omitted, and as such, our results
underestimated the total area affected by Armillaria root disease.
Although canopy opening data prove variable as described above, stand-
level results presented here were promising for improved detection of
damage induced by root disease. The highly clustered distribution of
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tree health status in Armillaria root disease-induced tree mortality
centers and the size of disease centers (Fig. 5) likely results in effects on
forest structure and ecological function that are similarly fine-scale and
diffuse (Fields 2003).

Our overall accuracy of 83% for classifying four levels of individual
tree health status is comparable to or better than those of others who
have performed similar tree-level analyses in forests affected by root
disease. Inclusion of lidar predictors, especially SWIR lidar apparent
reflectance metrics, is likely one reason for our relatively higher classi-
fication accuracy. Leckie et al. (2004) classified eight levels of tree
health with 55-60% accuracy using high resolution multispectral im-
agery in a root disease-affected Douglas-fir forest in British Columbia;
when =+ 1 health class was considered accurate, their overall accuracy

10

increased to 82%. In an oak woodland on the Iberian Peninsula, Nav-
arro-Cerrillo et al. (2019) classified two levels of root disease-caused
dieback with 87% accuracy using lidar and WorldView-2 multispectral
imagery. Iversen (2020) used hyperspectral imagery and lidar to sepa-
rate healthy and root-disease-infected spruce with 63% accuracy.
Confusion was greatest between healthy and unhealthy classes in the
classification schemes of Leckie et al. (2004) and Iversen (2020); our
classification was similarly most confused between the live asymptom-
atic and live infected health classes, in which canopy differences were
most subtle. Numerous, live infected or unhealthy trees were mapped
throughout the study area; this is reasonable given that up to 100%
incidence of Armillaria root disease has been reported in mature conifers
in other mixed-conifer forests (Morrison et al., 2001).
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Lidar apparent reflectance metrics were especially useful for classi-
fying tree health status. Our analysis of SWIR apparent reflectance dis-
tributions for different tree health classes showed that SWIR reflectance
strength varied by vegetation component type (Fig. 2); dead trees
composed of woody surfaces reflected the SWIR laser more strongly than
live trees covered with live foliage. Interestingly, NIR laser reflectance,
or intensity, trends are opposite for woody/foliage vegetation compo-
nents: dead trees tend to reflect NIR lasers more weakly than live trees
(Kim et al., 2009a; Bright et al. 2013; Wing et al. 2015). Such di-
chotomies in vegetation reflectance by wavelength are the basis of many
remote sensing indices. For instance, the normalized difference vege-
tation index (NDVI) is based on the fact that healthy, live vegetation
reflects red and NIR light differently. Similar indices for actively
measuring vegetation condition or health might be developed by con-
trasting reflectance data from NIR and SWIR lasers in a multispectral
lidar system. Note that one strength of the G-LiHT system is the ability to
calibrate lidar intensity to apparent reflectance. When using lidar in-
tensity data for analysis, intensity calibration or normalization is usually
beneficial and often necessary.

Our results further illustrate that root disease can alter stand struc-
ture, and therefore affect forest development in the Northwest (Byler
and Hagle, 2000; Hansen and Goheen, 2000). Coalescing canopy
openings were observed at various sites and although the extent of
several canopy openings was examined, results from three canopy
openings indicate Armillaria can cause an intermediate-severity forest
disturbance, which is an important characterization of this disturbance
agent beyond the gap scale (Hart and Kleinman, 2018).
Intermediate-severity disturbances are defined by Hart and Kleinman
(2018) as creating canopy openings with a D:H of > 2.0. Further evi-
dence supports this disturbance characterization in the study by Filip
et al. (2010) that reported canopy openings ranging from a few trees in
size to 4 ha in the study area and Filip (1977) documented canopy
openings 1-4 ha in size due to Armillaria root disease ~ 40 km north of
the study area with mature true firs of similar heights around canopy
openings. Therefore, root disease is influencing forest cover patch size
and structural heterogeneity in this region.

Change detection could be conducted to evaluate canopy opening
enlargement over time and to further evaluate the range in extent of
openings as a result of Armillaria being present. Attempts to mimic
natural disturbance patterns in silvicultural systems, via the arrange-
ment of clumps and canopy openings, are often considered, which points
to the need to further document the size of canopy openings induced by
root diseases in managed forests (Lundquist and Beatty, 2002; Hart and
Kleinman, 2018). From our 2018 field plot observations, multiple stands
had highly susceptible white and Shasta red firs regenerating in canopy
openings that were caused by Armillaria root disease with no other seed
sources nearby and some individual Armillaria genets have likely been
present in the study area for centuries or longer (Ferguson et al., 2003;
Filip et al., 2010).

Armillaria species are prevalent throughout forest ecosystems. In the
study area, Armillaria root disease is the primary agent inducing conifer
mortality as evidenced by field data collection in 2018 and previous
studies (Maffei et al., 2008; Filip et al., 2010). The primary species of
Armillaria detected in the study area causing conifer mortality is A.
ostoyae, and four other species have also been detected including A.
calvescens, A. sinapina, A. gallica and A. cepistipes (Reaves and McWil-
liams, 1991; Filip et al., 2010). Species of Armillaria vary in their
ecological roles and some may cause root and butt rot on a wide range of
woody plants while others are important saprophytes (Baumgartner
et al,, 2011) or may be antagonistic toward other Armillaria species
(Warwell et al., 2019). Due to the variability in virulence of Armillaria
species, and different genets within species, continued work to delineate
the known distribution and roles of Armillaria spp. is needed, particu-
larly when evaluating any potential changes in their ecological behav-
iors into the future (Hanna et al., 2021). Significant growth loss and
reductions in stand productivity can occur in infected conifers that do
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not show aboveground symptoms, which is why we estimated the
presence of live infected trees (Cruickshank et al., 2011; Lockman and
Kearns, 2016). A relatively high percentage of live trees (20%) were
classified as live, unhealthy in our study area. Drought stress coupled
with Armillaria root disease infection can exacerbate conifer mortality
at this location, and throughout the Inland Northwest, and can be a
threat to regeneration efforts (Murray and Leslie, 2021). Fir engraver
(Scolytus ventralis) commonly attacks Abies spp. with root disease in
Oregon and although not detected, other root pathogens such as H.
occidentale, could contribute to additional conifer mortality. Damage
associated with Armillaria root disease is expected to increase in various
forest types as climatic conditions shift current habitat for host tree
species that could potentially become more stressed (La Porta et al.,
2008; Klopfenstein et al., 2009). Additionally, changes in pathogen
populations and microbial communities could occur as a result of
increased warming (La Porta et al., 2008; Klopfenstein et al., 2009;
Kubiak et al., 2017). Root diseases can also greatly reduce forest carbon
storage (Healey et al., 2016). Hence the need for improved detection of
root disease-induced mortality (Lockman and Kearns, 2016).

Our results were promising for identifying stands with root disease-
induced mortality to prioritize for ground surveys during project plan-
ning by silviculturists and other land managers. For example, our results
can be utilized within the Klamath Accelerated Landscape Restoration
project that includes our study area. Prior to our novel approach and
findings, no reliable method for efficiently detecting root disease-
induced mortality at broad scales, utilizing remote sensing, currently
has been developed in the northwestern USA. An earlier study by Fields
(2003) in central Oregon found that root disease-induced tree mortality
results in increased coarse woody debris that contribute to surface fuel
loads, and would be expected to influence fire behavior. Potential fire
behavior could be examined where canopy openings have altered fuel
profiles. Identifying canopy openings and sites where root disease is
contributing to ongoing conifer mortality could be important to wildlife
biologists for improving snag density estimates or estimating current
and future canopy cover for wildlife habitat (Maffei and Tandy, 2002;
Maffei et al., 2008; Baker, 2015; Hagmann et al., 2017; Carswell et al.
2021). Effects on wildlife habitat suitability are variable and species
dependent. For instance, certain vertebrate species diversity has been
observed to be higher in root disease centers than the surrounding forest,
yet mule deer use Armillaria-induced openings less than the surrounding
forest, particularly in late winter when snowpack is deeper in the canopy
openings (Carswell et al. 2021).

Methods could be improved to detect different tree species, or
differing groups of species or genera, non-canopy-dominant trees, and
down log recognition within known root disease-induced mortality
centers. Methods could potentially be improved with additional acqui-
sitions over the same areas to capture changes in canopy openings
around root disease mortality centers over time (Quinn and Niemann,
2017). Hyperspectral and thermal band combinations, or lidar com-
bined with other aerial imagery such as solar-induced fluorescence,
could be evaluated for use compared to orthoimagery coupled with lidar
data. In addition, we believe there is potential for spatial upscaling using
NAIP or VHR satellite imagery and combinations of object-oriented
classification, or machine learning, and supervised classifications to
map damage due to root disease at broader scales. The potential for
remote sensing to improve our ability to capture forest diseases would
also directly improve our national ADS data stream by documenting
additional damage currently unreported in ADS.

6. Conclusions

The developed methodology demonstrates credible prediction, early
detection and quantitative assessment of a major forest disturbance
agent in the western USA. This novel approach of fusing lidar with VHR
imagery demonstrates great utility in generating map products useful for
making better management decisions during project planning and when
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prioritizing field data collection at the stand-level. As an example, in
section 603 of the 2014 Farm Bill, projects designed to reduce the risk of
damage from forest insects and diseases may receive a Categorical
Exclusion from certain National Environmental Policy Act documenta-
tion to streamline restoration planning efforts. These projects can be up
to 1200 ha in size and similar datasets to ours are becoming increasingly
available at similar or broader scales. In larger project planning areas,
limited resources may hinder intensive field data collection when
planning silvicultural prescriptions, and our results show that stands can
be prioritized for efficient ground surveys. Identifying hotspots and
clusters of dead trees and canopy openings could help prioritize stands
for other survey objectives such as fuel loading or where wood fiber
production is being impacted. Documenting impacts of disturbances is
often useful when conducting effects analysis of visual quality in project
planning. Identifying sites where conifer mortality is ongoing and can-
opy openings are being induced by Armillaria root disease is important
when determining where shifting species composition is prioritized or
reforestation may be needed, depending on objectives. This data fusion
approach to identify areas with root disease-induced tree mortality can
also help improve existing root disease hazard and risk models by more
directly pinpointing root disease center locations. Our approach can
provide wildlife biologists with better snag density estimates and
improve estimates and expectations for wildlife habitat for the northern
spotted owl, and other species of interest, where loss of canopy cover
due to root disease can directly affect wildlife habitat and management
decisions (Maffei et al., 2008; Filip et al., 2010; Carswell et al., 2021).
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