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Abstract Forest insects and pathogens, in addition to fire,
contribute to structural diversity by creating snags (dead
trees) and dead tops on live trees or “topkill” in conifers
throughout western North America. Snags and top-killed
trees are important sources of wildlife habitat but quantify-
ing their presence can be challenging at broad scales. Mul-
tiple approaches for detecting snags have been developed,
but limited methods exist for detecting topkill via remote
sensing. There is a need to monitor overlapping disturbances
across time and space in addition to the structural diversity
in mature and old-growth forests. We used airborne light
detection and ranging (lidar) and associated field obser-
vations to map individual dead trees and live trees with
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topkill across a forest dominated by Pinus ponderosa in
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 were
computed. Lidar-detected tree objects were paired with 647
field-observed trees with corresponding tree health meas-
urements, and a random forest classifier was developed
that separated trees into: (1) live without topkill; (2) live
with topkill; and (3) dead classes with 87% accuracy using
lidar metrics. Tree mortality was mainly due to fire injury
and native bark beetles, such as western pine beetle (Den-
droctonus brevicomis), while topkill was primarily due to
comandra blister rust (caused by the native fungal pathogen
Cronartium comandrae). The classifier was applied to map
individual tree health status for 46,444 tree objects from
which tree health class density maps were created across
the 229-ha study area. Approximately 43% were classified
as live without topkill, 22% of trees were classified as live
with topkill, and 35% of trees were classified as dead. This
approach can be used to improve detection of topkill in coni-
fers, along with tree mortality, caused by disturbances asso-
ciated with forest insects and pathogens.

Keywords Remote sensing - Snags - Topkill - Pinus
ponderosa - Cronartium comandrae

Introduction

Evaluating structural diversity in forests is vital when con-
sidering the need for restoration treatments in dry, interior
forests where large, old trees are often under-represented
compared to historic conditions in many parts western North
America (Hagmann et al. 2013; Kolb et al. 2007; Spies et al.
2006). Monitoring tree mortality levels and individual tree
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health at the stand scale is also necessary to assess the risk
of losing highly valued, old-growth characteristics due to
disturbances associated with fire, a changing climate, com-
petitive stress, insects and diseases (Dolph et al. 1995; Fie-
dler et al. 2007; Mercer et al. 2022; Perrakis et al. 2011).
Understanding stand structure shaped by disturbances, or the
absence of disturbance, in stands with large, old ponderosa
pine is important to help inform management decisions
(Harrod et al. 1999; Youngblood et al. 2004).

Standing dead trees (snags) contribute to structural diver-
sity thereby enhancing wildlife habitat diversity and a vari-
ety of ecosystem services (Harmon et al. 2004; Kilgo and
Vukovich 2014; Sandstrom et al. 2019). Size, abundance
and stage of decomposition of snags are common structural
indicators of available habitat, and indicators of biodiversity,
when evaluating conditions for a range of habitat features
(Marcot et al. 2010; Thomas et al. 1979; Bell et al. 2021).
Quantifying the density of live and dead trees also helps to
inform estimates of suitable habitat, biomass, carbon stor-
age capacity of forests, timber volume, and potential fire
behavior (Janisch and Harmon 2002; Lutz et al. 2021; Reed
et al. 2023; Sanchez Meador et al. 2015).

The diversity of dead wood structures also influences
forest biodiversity (Harmon et al. 2004; Sandstrom et al.
2019). Dead tops on live trees (topkill) contribute to struc-
tural diversity and enhance habitat availability through addi-
tional dead wood recruitment on living trees. For example,
a variety of wildlife, including cavity-excavating birds, uti-
lize live trees with topkill (Raphael and White 1984). The
cavities excavated by different woodpecker species in topkill
have wide-ranging influences on the wildlife community;
for instance, Bunnell (2013) notes that over 60 species of
vertebrates use these cavities for either roosting or nesting
in the Pacific Northwest, and Hardin et al. (2021) suggest
that woodpecker activities might have additional effects on
trophic relationships within forested systems.

In addition to cavity excavations, the gaps that are cre-
ated at the top of the canopy via tree mortality and topkill
can influence foraging activities for multiple species. Top-
kill can provide perch sites and associated openings in the
canopy are helpful for visual detection of prey, and bird spe-
cies such as Lewis’s woodpeckers (Melanerpes lewis) and
olive-sided flycatchers (Contopus cooperi) have been noted
to use topkill as perch sites from which to flycatch in the
adjacent canopy gap (Altman and Sallabanks 2020; Vierling
et al. 2020). Bats are also aerial insectivores and bat forag-
ing behaviors are based on combinations of echolocation
characteristics, wing morphologies, and foraging strategies,
and fine scale canopy structural characteristics. While it is
currently unknown whether bats forage around topkill sites,
canopy gaps are known to influence the foraging behavior
of some bat species (e.g. Jung et al. 2012; Froidevaux et al.
2016).
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Detecting live trees with topkill and snags is important
to monitor changes in live tree health, mortality levels, and
other forest conditions before and after disturbances. Forest
insects and diseases cause topkill on live trees that remain
living for some time and identifying live conifers with
topkill is important when evaluating the range of habitat
features, or when estimating timber volume and merchant-
ability (Cedervind and Langstrom 2003; Filip 1977; Geils
and Jacobi 1993; Mitchell and Buffam 2001). Quantifying
topkill is of particular interest when assessing tree vigor in
stands with late, old-growth structure as large trees are often
highly valued resources that take centuries to replace (Kolb
et al. 2007; Spies et al. 2006).

In ponderosa pine, multiple insects and diseases can
cause topkill in mature trees. Throughout many parts of
western North America, the Ips pine engraver (Ips pini)
and other Ips spp. can kill tops of pines after boring in the
phloem (Furniss and Carolin 1977). The disease comandra
blister rust, caused by a native fungal pathogen (Cronartium
comandrae), affects two- and three-needle (hard) pines in
North America and can cause topkill in lodgepole and pon-
derosa pines in the western U.S. (Bergdahl and French 1976;
Filip 1977; Geils and Jacobi 1993; Miller and Blomstrom
1968; Powell 1970).

Comandra blister rust causes stem-girdling branch and
bole cankers following infection by basidiospores in nee-
dles or young shoots of hard pines (Johnson 1979, 1986;
Geils and Jacobi 1990). In addition to requiring a hard pine
host, Cronartium comandrae is a heterocyclic rust fungus
that requires an alternate host to complete its life cycle,
such as comandra or bastard toadflax (Comandra umbel-
lata), and northern comandra (Geocaulon lividum) (Johnson
1986). Individual branches on pines are killed as the obli-
gate parasite causes expanding cankers, or entire portions
of the crown can be killed after girdling and insect attacks
around cankers (Jacobi 1993; Childs 1968). Bole cankers
can also be lethal depending on where a bole canker occurs,
and depending on the size of tree infected with seedlings
and saplings more likely to be killed by bole cankers (John-
son 1986; Geils and Jacobi 1993). Cankers originating far-
ther from the bole are also less likely to reach the bole and
become lethal (Childs 1968; Geils and Jacobi 1990). In the
U.S., topkill can be locally severe in lodgepole and pon-
derosa pines in parts of Rocky Mountains and the Cascades
Range (Childs 1968; Johnson 1986).

Various methods for remote detection of snags have
been developed to support monitoring efforts estimating
the occurrence and density of snags (e.g. Meddens et al.
2011; Coleman et al. 2018; Wing et al. 2015; Krzystek
et al. 2020; Oblinger et al. 2022; Monahan et al. 2022;
Stitt et al. 2022a, b; Shrestha et al. 2024). Snag classi-
fication methods most often employ supervised classifi-
cation, in which an analyst identifies tree health classes
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(live or dead) in imagery or point cloud data (often with
associated ground observations) and develops a statistical
model predicting tree health status from metrics derived
from remote sensing data. Fitted statistical models are
then applied across remote sensing data extents to map
tree health. Previous studies that classified high-resolution
multispectral imagery have reported accuracies of > 90%
for distinguishing live and dead tree pixels. Point cloud
data methodologies in which individual tree crown objects
are detected and characterized have reported similar classi-
fication accuracies of >90% and snag detection rates rang-
ing from 43 to 100%. While the remote detection of snags
has been well studied, to our knowledge, only one previous
study has investigated the remote detection of topkill with
point cloud data; Shrestha et al. (2024) demonstrated the
use of multispectral drone imagery, from which they gen-
erated three-dimensional point cloud data, for the detec-
tion of insect-caused tree damage in individual conifers.
They were able to successfully distinguish six levels of
tree damage with an overall accuracy of 70% and measure
topkill in individual trees.

The objective of this study was to evaluate a method
for remote detection of live conifers with topkill, live trees
without topkill, and snags utilizing airborne lidar and a
random forest classifier on a forested landscape. To exam-
ine this approach, a known location was used containing

Fig. 1 Field observation plot
locations within Metolius
Research Natural Area (RNA)
overlaid on true-color National
Agriculture Imagery Program
(NAIP) imagery from 2016
(panel a). Metolius RNA is
located within the Deschutes
National Forest (NF) in central
Oregon, USA (panel b). The
analysis was constrained to
the western portion of the
RNA highlighted where plots
were installed and terrain was
relatively flat with elevation
ranging 850-980 m above sea
level (panel c)

Study area
[0 Metolius RNA

0 0.5 1
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a mix of conifers with healthy crowns, live conifers with
topkill and snags (Filip 1977).

Materials and methods
Study area

The Metolius Research Natural Area (RNA) covers 548 ha
(1354 acres) on the eastern slope of the Cascades in the
Deschutes National Forest (NF) in central Oregon, USA
(center coordinates of 44.4939° N, 121.6196° W; Fig. 1).
Forest stands are primarily comprised of mature ponderosa
pine (Pinus ponderosa). Although ponderosa pine is the
dominant tree species, Douglas-fir (Pseudotsuga men-
ziesii), grand fir (Abies grandis), incense cedar (Caloce-
drus decurrens), and western larch (Larix occidentalis)
also occur across the RNA. Terrain is flat on the west-
ern half of the RNA, with elevations ranging from 850 to
980 m (2789-3281 ft) above sea level. The eastern half
of the RNA is a western-facing slope that ranges from
980 to 1490 m (3281-4888 ft) above sea level. Average
annual precipitation is 660 mm, with little precipitation
from June through September. Mean maximum and mini-
mum temperatures in July are 27 and 8 °C, respectively.
Mean maximum and minimum temperatures in January

Metolius\RNA—|

Elevation (m)

e 1500
s 800
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are 5 and —4 °C, respectively (1991-2020 climate normals
from PRISM, https://prism.oregonstate.edu/normals/). We
restricted our analysis to the flatter western portion of the
RNA where field observation plots were located, elevation
above sea level was <980 m, and ponderosa pine is the
dominant tree species.

Field observations

Field observations of 1120 trees, which were almost
exclusively ponderosa pine, were gathered on 13 long-
term monitoring plots located in the western half of the
RNA in the summers of 2016 and 2017 (Fig. 1). Long-
term monitoring plots were square with an area of 1 ha
(100 m x 100 m). Tree status (live or dead), tree height, the
presence and height of topkill on live trees (Fig. 2), and
tree location relative to GNSS-measured plot corner loca-
tions were recorded for each tree with a diameter at breast
height (DBH; 1.37 m) > 12.7 cm. The cause of tree mortal-
ity or topkill was recorded when discernable. Professional-
grade GNSS receivers with sub-meter estimated horizontal
accuracy after differential correction were used to record
plot locations from which tree locations were determined.
Field observations were converted to point shapefile for-
mat for intersection with lidar-derived tree objects.

Fig. 2 Ponderosa pine (Pinus ponderosa) with and without topkill in
the Metolius Research Natural Area, central Oregon
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Airborne lidar data acquisition and processing

Airborne lidar data were acquired across Metolius RNA in
the fall of 2016 (Table 1). The vendor delivered point cloud
data as LAS files in which returns were classified as ground
or nonground. Ground-classified returns were interpolated to
create a digital terrain model (DTM) with FUSION software
(McGaughey 2022). The DTM heights were then subtracted
from heights of the aboveground returns to create height-
normalized LAS files in which elevation values represented
heights above ground. Height-normalized LAS files were
compressed to LAZ files and merged into one LAZ file with
LAStools software (Isenburg 2020).

Discrete-return lidar systems often record multiple
returns per pulse, so that intensity, or the amount of energy
returned to the lidar sensor, gets distributed among multi-
ple returns. To account for this possible confounding effect
when using lidar intensity for analysis, we used only first
returns, i.e., returns where the Return Number LAZ field=1.
We also considered using only single returns, in which the
laser pulse is reflected by a single surface and not distrib-
uted among multiple returns, indicated by returns where the
Number of Returns LAZ field=1. However, we found no
improvement in using only single returns versus first returns
for our classification analysis. In addition to return number,
intensity variation caused by automatic gain control (AGC)
and range variation can introduce confounding effects when
lidar intensity data is used for analysis (Korpela et al. 2010).
To determine whether intensity artifacts were present in our
data, we produced 10-m mean and maximum intensity ras-
ters across the lidar acquisition and examined these grids
for possible artifacts. The AGC artifacts that can manifest
as artificial striping did not appear to be present in intensity

Table 1 Lidar acquisition parameters

Parameter Value
Vendor Atlantic Group, LLC
Aircraft Cessna T210L (N732JE) or

Partenavia S.P.A. P 68 C/TC
(N775MW)

Lidar system Leica ALS70-HP

Nominal flight height 1965 m aboveground level
Sensor scan angle 30°

Scan frequency 41 Hz

Pulse rate of scanner 278 kHz

Laser wavelength 1064 nm

Beam divergence 0.22 mrad

Nominal swath width 1098 m

Nominal swath overlap 50%

4.6 pulses m™2
2

Nominal pulse density

Return density 17 returns m~
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rasters, suggesting the vendor’s proprietary process for
removing the influence of AGC on intensity values, which
we requested to be completed, was successful. We also found
that no relationship between elevation above sea level and
maximum and mean lidar intensity grids across the study
area, suggesting that range normalization was not necessary.

A canopy height model (CHM) with a spatial resolution
of 1 m was created from the height-normalized LAZ file
with the ‘rasterize_canopy’ and ‘p2r’ functions of the ‘lidR’
R package (R Core Team 2022; Roussel et al. 2020; Roussel
and Auty 2022). Individual tree tops were identified within
the CHM using a local maximum filter (Imf) function imple-
mented in the ‘locate_trees’ function of the ‘lidR’ package.
To optimize Imf parameters for our study area, we based
the circular moving window diameter for detecting CHM
maxima on a linear model predicting crown diameter from
tree height in our study area (Popescu and Wynne 2004).
We determined optimal linear model coefficients by running
several iterations of the ‘locate_trees’ function with differ-
ing Imf window sizes for the entire acquisition. For each
iteration, we calculated crown diameters and tree heights for
all detected tree objects (n=22,000-53,000) and fit a linear
model (R?=0.35-0.42) predicting crown diameter from tree
height. We chose a final Imf function (Fig. 3) that averaged
linear model parameters for the various linear models with-
out resulting in overly segmented tree crowns, as determined
by visual inspection of tree crown objects:

ws=15+hx02 e))

where ws is the diameter of the moving window size (m)
for detecting CHM maxima, based on the average crown

y=15+0.2"
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Fig. 3 Relationship between maximum height and crown diameter
for lidar-detected tree objects across the study area (n=46,444). The
best-fit linear model was used as the moving window size for detect-
ing CHM maxima for tree top identification

diameter for a tree of height (%), or the height of the CHM
(m). The ‘locate_trees’ function was run with Eq. 1 as the
Imf function for final identification of individual tree tops
across the CHM.

The normalized point cloud was segmented into indi-
vidual tree objects by implementing the algorithm of Silva
et al. (2016), which required the CHM and tree top locations
as input, within the ‘segment_trees’ function of the ‘lidR’
package. The algorithm of Silva et al. (2016) was developed
in and therefore performs relatively well in open pine forests
(Hastings et al. 2020) like the ponderosa pine forest in our
study area. We evaluated the tree segmentation by compar-
ing the segmented tree objects with matched field-observed
trees within a geographic information system (GIS); for each
field-observed tree that could be reliably matched with a
lidar object, we assessed whether the field-observed tree was
either (1) correctly segmented, (2) over-segmented, i.e., the
tree was separated into two tree objects when there should
only be one, or (3) under-segmented, i.e., multiple trees were
incorrectly grouped as one tree object.

Lidar height and intensity metrics for individual tree
objects were created with the ‘crown_metrics’ function
of the ‘lidR’ package (Table 2). Metrics included the nor-
malized branch-bole foliage ratio (nbbfr; Wing et al. 2015;
Oblinger et al. 2022), defined as:

(#ofreturnswithintensity > 25) — (#ofreturnswithintensity < 25)

bbfr =
nbbfr Total#ofreturns 2)

where returns with intensity values > 25 are associated with
foliage and returns with intensity values <25 are associated
with branches/boles. The intensity threshold used to distin-
guish woody versus foliage components is lidar acquisition
dependent, as Wing et al. (2015) used an intensity threshold
value of 60, and Oblinger et al. (2022) found an inverse
relationship between short-wave infrared (SWIR, 1550 nm)
lidar intensity (reflectance) and foliage/woody components.
We determined an intensity threshold value for this lidar
acquisition by examining lidar intensity histograms of live
trees and snags in a preliminary analysis. An intensity value
of 25 was selected because it was (1) midway between live
tree and snag distribution peaks and (2) where distribution
inflection points occurred (Fig. 4).

To assist in distinguishing live trees with topkill from oth-
ers, individual tree metrics included the creation of a height
density profile from which top-most returns were identified
based on the highest profile peak height (Fig. 5). This highest
profile peak height was identified with the ‘peakwindow’ func-
tion of the ‘cardidates’ R package (Rolinski et al. 2007) and
was found to correspond with the field-measured live heights
of trees with topkill (R*=0.57, RMSE =5 m). Metrics based
on returns greater than this highest profile peak height were
created to aid with classification (Table 2). A two-dimensional
representation of tree object crowns as viewed from nadir were

@ Springer
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Table 2 Candidate lidar
metric variable names and

Metric name

Description

descriptions. Top-most returns
are defined as those with
heights > the highest profile
peak height (hpph; Fig. 5). Only
first returns >2 m in height
above ground were used for
metric creation

npoint
psingle
crwn_dia
hmean
hmax
hmin

hsd
hskew
hkurt
hpph
nbbfr
imean
imax

imin

isd

iskew
ikurt
psingle_top
nbbfr_top
imean_top
imax_top
imin_top
isd_top
iskew_top
ikurt_top

imean_ratio

Number of returns

Percent single returns

Crown diameter

Mean return height

Maximum return height

Minimum return height

Standard deviation of return heights

Skewness of return heights

Kurtosis of return heights

Highest profile peak height (Fig. 5)

Normalized branch-bole/foliage ratio (Eq. 2)
Mean return intensity

Maximum return intensity

Minimum return intensity

Standard deviation of return intensities
Skewness of return intensities

Kurtosis of return intensities

Percent single top-most returns

Normalized branch-bole/foliage ratio of top-most returns (Eq. 2)
Mean return intensity of top-most returns
Maximum return intensity of top-most returns
Minimum return intensity of top-most returns
Standard deviation of top-most return intensities
Skewness of top-most return intensities
Kurtosis of top-most return intensities

Mean intensity of top-most returns / mean intensity of lower returns

40 —
= = Live without topkill
o . . .
o Live with topkill
<>_>’ 30 Snag
c
>
2 20 —
(0]
=
® 10— +
[0)]
o

0—

I I | | I |
0 20 40 60 80 100

Lidar intensity

Fig. 4 Histograms of lidar return intensities for live trees, live trees
with topkill, and snags. The vertical line represents a lidar intensity
value of 25, which was selected to separate foliage and branch-bole
returns

output as a polygon shapefile using the ‘geom’ = ‘convex’
switch of the ‘crown_metrics’ function in the lidR package.

@ Springer

This polygon shapefile, which included crown metrics for each
tree object, was used for model development and application.

Pairing field observations with lidar-detected tree
objects

Field-measured tree locations, which included GNSS and
field-measurement error, did not precisely overlay tree loca-
tions as represented by the CHM when visually assessed
within a GIS. When apparent, field-measured tree locations
were therefore adjusted within the GIS to correspond to the
CHM and intersected with overlying tree crown polygons
with the ‘intersect’” function of the ‘terra’ R package (Hijmans
2022). To maximize agreement between field-observed trees
and lidar-detected tree objects, we calculated the three-dimen-
sional (3D) Euclidean distance (Silva et al. 2016) between the
two, defined as:

ed = \/(Xﬁeld — Xiga)” + Vet = Yiar)” + Zheta = Ziiea)”
3

where X4 Yield> Zelg are field-measured easting, north-

ing, and tree height (m), respectively, and Xj;4,r» Yiidar Ziidar
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Fig. 5 Example of a lidar height density profile for a live tree with
topkill. Maximum height, as measured by lidar, is shown as a dot-
ted-and-dashed horizonal line. Live height, measured in the field, is
represented by a dashed horizonal line. Highest profile peak height,
determined from the ‘peakwindow’ function of the ‘cardidates’ R
package (Rolinski et al. 2007), is represented by a dotted horizontal
line. The gray area represents heights of returns that were used to cre-
ate top-most return metrics

are lidar-measured easting, northing, and tree height (m),
respectively. In cases where the polygon shapefile inter-
sected more than one-field measured tree, we kept the pair
with the smallest 3D Euclidean distance. We also dropped
pairs where the 3D Euclidean distance was>5 m. This
resulted in 647 field-observed/lidar pairs. Of these, 524
(81.0%), 50 (7.7%), and 73 (11.3%) were identified in the
field as live trees without topkill, live trees with topkill, and
snags, respectively.

Random forest classification

We developed a random forest (RF) model (Breiman 2001)
classifying lidar-derived tree objects as either live, live with
topkill, or snag. Candidate predictor variables were the lidar
metrics in Table 2. We implemented RF modeling in the
‘randomForest” R package (Liaw and Wiener 2002) with
‘ntree’ and ‘mtry’ parameters of 500 and 3, respectively.
Several iterations of the ‘rf.modelSel’ routine of the ‘rfU-
tilities’ R package were used to identify the most important
variables and select the most parsimonious model (Murphy
et al. 2010; Evans and Murphy 2018). For each ‘rf.modelSel’

Table 3 Confusion matrix showing classification accuracy of trees
as either live without topkill, live with topkill, or snag. Overall accu-
racy =87%. n=196 trees

Classification Reference Total User acc. (%)

No topkill Topkill Snag

No topkill 68 9 2 79 86

Topkill 4 35 4 43 81

Snag 1 6 67 74 91

Total 73 50 73 196

Prod. acc. (%) 93 70 92 Overall acc.=87%

iteration, we (1) randomly selected 73 of the 524 possible
live tree samples for modeling, to balance classes (Chen
et al. 2004; Shearman et al. 2019), and (2) included only
one metric of highly correlated metric pairs, so that correla-
tion did not influence predictor variable selection (Strobl
et al. 2008). We chose a final RF model that minimized the
out-of-bag (OOB) error rate with the fewest, uncorrelated
(R<0.9) predictor variables.

Tree crown map analysis

The final RF model was applied to all the lidar-detected tree
crown objects using the ‘predict’ function of the ‘terra’ R
package, to map tree crown status across the study area.
Tree density grids were created by summarizing tree counts
within 30-m grid cells across the study area to prioritize
further field surveys and specific habitat evaluations.

Results
Field observations and classification accuracy

The overall mean dbh and height of trees at the plot-level was
55.5 cm (range 48.9-65.1) and 29.0 m (range 26.4-35.6),
respectively. In plots, the primary causes of ponderosa pine
mortality were attributed to fire and bark beetles (Dendroc-
tonus and Ips spp.), while the main cause of topkill observed
on ponderosa pine was comandra blister rust and to a lesser
extent, bark beetles. The final RF model classified trees as
either live, live with topkill, or snag with an overall accu-
racy of 87% (Table 3). Live tree with topkill was the most
confused class and was equally confused between the live
and snag classes. Live and snag classes were classified with
similar high accuracies, having user and producer accuracies
ranging from 86 to 93%.

@ Springer
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Important predictor variables

Lidar intensity variables were consistently chosen as most
important predictors, including intensity variables of the
top-most returns (Fig. 6). The percent single returns, as
well as the percent top-most single returns, were also par-
ticularly important. Height metrics helped increase classi-
fication accuracy but were the least important; when only
height metrics were included, overall classification accu-
racy decreased to 74%. The normalized branch-bole/foli-
age ratio (nbbfr) and normalized branch-bole/foliage ratio
of top-most returns (nbbfr_top) were frequently selected as
the most important predictors but were also highly corre-
lated with mean intensity and mean intensity of top-most
returns (R=0.98-0.99) and were therefore excluded in the
final model.

Intensity metrics followed expected patterns, with snags
being associated with lower and more varied intensity distri-
butions (Fig. 7). Live trees were associated with greater per-
centages of single returns and snags with lower percentages
of single returns, with top-killed trees being intermediate.

imean — o
imean_top — e}
imax_top — @)

imean_ratio — @)
psingle_top — (o)
iskew — o)
imax — e}
psingle — e}
ikurt — o
hmax | O

Lidar metric

iskew_top | ©O
hsd — O
npoint —O

[ [ [ [ [
02 04 06 08 10

Model improvement ratio

Fig. 6 Variable importance of selected predictor variables. The
model improvement ratio is a normalized measure of variable
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cent single top-most returns; ‘iskew’ =skewness of return intensi-
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The ratio of the mean intensity of top-most returns to the
mean intensity of lower returns (imean_ratio) was smallest
for top-killed trees, as expected.

Tree health maps

Of the 647 field-observed/lidar-object tree pairs, we esti-
mated that 90% were segmented correctly, 6% were over-
segmented, and 4% were under-segmented, suggesting that
our procedure for optimizing tree segmentation parameters
successfully balanced inevitable under- and over-segmenta-
tion. A total of 46,444 tree objects were detected across the
study area. Of these, 20,176 (43%) were classified as live,
10,184 (22%) were classified as having topkill, and 16,084
(35%) were classified as snags (Fig. 8). Tree density of 30-m
grid cells across the study area averaged 204, 88, 45, and
71 ind. ha™! for all live without topkill, live with topkill,
and snag classes, respectively (Table 4). Tree density of
all classes was spread evenly across densities of approxi-
mately 100— 300 ind. ha™!, with a peak around 200 ind. ha™
(Fig. 9). The distribution of live tree density was concen-
trated around the mean of 88 ind. ha™!, with many grid cells
having live tree densities between 100 and 200 ha™'. About
40% of grid cells contained < 25 ind. ha™! of top-killed trees,
with most cells containing < 100 top-killed ind. ha™!, and a
small number of cells containing high densities of > 100 top-
killed ind. ha~!. Snag density followed a positively skewed
distribution like that of top-killed tree density. Snags were
concentrated in recently burned areas (Fig. 10). Areas of
high topkill density generally coincided with areas with
higher live tree density. Topkill density was also relatively
higher in the southern half of the study area.

Discussion

We provided another demonstration of mapping individual
tree health by segmenting and classifying individual tree
objects from airborne lidar data. Our overall classification
accuracy of 87% is similar to accuracies of previous studies
employing airborne lidar to classify individual live and dead
tree objects (Appendix Table 5). Previous studies demon-
strated the utility of lidar intensity metrics for distinguish-
ing between live and dead tree biomass (Kim et al. 2009),
predicting live and dead tree basal area (Bright et al. 2013),
and identifying individual snags (Wing et al. 2015). Like
others, we found that lidar intensity metrics, which describe
the amount of laser energy reflected to the lidar sensor, were
effective in distinguishing live and dead trees, with dead tree
components being associated with lower near infrared (NIR)
return intensities and live tree components being associated
with higher NIR return intensities. Like previous studies,
we developed a site-specific supervised classification; our
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Table 4 Tree density (ind. ha™') statistics of 30-m grid cells across
the study area

Class Minimum Mean Maximum Standard
deviation
All 0 204 778 98
No topkill 0 88 289 50
Topkill 0 45 456 40
Snag 0 71 478 79
] —_ Al
40 = Live without topkill

© Live with topkill

¢ 30 Snag

©
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Fig. 9 Histograms of tree density (ind. ha™') by tree class for 30-m
grid cells across the study area

methodology could be implemented in other conifer forests
where airborne lidar data are available, however, a new clas-
sifier would need to be developed, especially since our clas-
sifier relied upon uncalibrated intensity data, which varies
between lidar acquisitions. Care must be taken when using
uncalibrated intensity measurements for analysis; generating
rasters based on lidar intensity values and inspecting them
for artifacts, as we did, is a simple method that can be used
to determine whether lidar intensity information is fit for
analysis. In our case, we benefited from the vendor being
able to deliver lidar data where the influence of AGC on
intensity values was removed. We also benefited from having
a small study area with little topographic variation, so that
the influence of range variation (distance of the terrain from
the lidar sensor) on lidar intensity values was minimized.
We relied solely upon airborne lidar data for classifi-
cation, which could be advantageous for others wishing
to apply this methodology, as it does not rely upon multi-
spectral data. Many previous studies found that the inclu-
sion of multispectral or hyperspectral image variables
improved accuracies, albeit less so if lidar intensity metrics
are employed (Bright et al. 2013). Although many previous
studies have demonstrated approaches which can success-
fully distinguish multiple classes or continuous measures of
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tree health (Appendix Table 5), to our knowledge, this is the
first study demonstrating the separation of live, top-killed,
and dead trees solely with airborne lidar data. In this study,
intensity metrics were the most important predictors and
served to explain much of the variation that likely would oth-
erwise have been explained by multispectral or hyperspectral
imagery. Our classification accuracies are similar to those of
Shrestha et al. (2024), the only other study that we are aware
of that has used point cloud data to detect top-killed coni-
fers. They generated point clouds from multispectral drone
imagery and used height and spectral data of point clouds
to classify individual trees into six damage classes with an
overall accuracy of 70%, as well as measure topkill height
of damaged trees.

This study provides methods to help monitor effects of
overlapping disturbances and further characterize structural
diversity in forests. There are often multiple disturbance
agents contributing to structural complexity at various scales
in forest ecosystems (Agne et al. 2014; Hart and Klein-
man 2018; Filip and Goheen 1982). In addition to fire as a
major disturbance in forests of western North America, it is
common for drought, insects and pathogens to alter stand
and forest structure (Lalande et al. 2020; Reed et al. 2023;
Spies et al. 2006). To conserve the diversity of old-growth
characteristics in ponderosa pine and other forests prone to
disturbance, estimates of structural elements are needed to
help inform management decisions (Franklin and Van Pelt
2004; Spies et al. 2006). If live trees with topkill were not
included in our assessment and the study area was evaluated
only for snag presence, the total amount of dead wood and
total structural elements available for wildlife habitat (e.g.
either for cavity excavation or as perch sites for flycatch-
ers and/or avian predators) would have been significantly
underestimated.

Estimates of stand and snag densities, and the abun-
dance of trees with topkill, could be evaluated in Oregon
when considering a range of habitats in ponderosa pine.
These estimates are likely to benefit our ability to identify
suitable habitat for several wildlife species of greatest con-
servation need in Oregon (i.e. Strategy Species), many of
whom would benefit from topkill either as important for-
aging perches and/or cavity excavation sites. Olive-sided
flycatchers and Lewis’s woodpeckers are listed in the top
5 Wildlife Priority Strategy Species List in various regions
throughout Oregon (Oregon Department of Fish and Wild-
life 2016), and both species that would benefit from top-
kill as it relates to increased foraging habitat that includes
perch sites adjacent to areas in which these species can
flycatch. Additionally, multiple woodpecker species are
among the 58 avian Strategy Species, and those species
include Lewis’s woodpeckers, White-headed woodpeckers
(Dryobates albolarvatus), and Pileated woodpeckers (Dry-
ocopus pileatus) (Oregon Department of Fish and Wildlife
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Fig. 10 Maps of tree density All
(ind. ha™") by tree class for S
30-m grid cells across the study
area

Live without tokill

2016). The benefit of topkill to these different species is
likely to vary because of species-specific selection for
nest-site characteristics (e.g. wood characteristics at the
site of excavation, diameter of topkill area, height off the
ground, and surrounding vegetation characteristics). For
instance, white-headed woodpeckers generally excavate

tree cavities closer to the ground than many woodpecker
species (Kozma et al. 2020) so might not use trees with
topkill as much as a species like Lewis’s woodpeckers
(Vierling et al. 2020). Regardless of the initial source of
excavated cavities though, excavated cavities can benefit

@ Springer



34 Page 12 of 17

B. W. Oblinger et al.

Table 5 Examples of studies in which airborne lidar or imagery-derived point data were used to classify the health of individual trees

References Forest type(s) Location Tree classes (#) Classification accuracy (%)

Yao et al. (2012) Spruce, beech, maple Germany Live, dead (2) 73

Wing et al. (2015) Pine, fir, mixed conifer California, USA Snag (1) 43-100 (detection rate)

Polewski et al. (2015) Spruce, beech Germany Live, dead (2) 89

Casas et al. (2016) Mixed conifer California, USA Live, dead (2) 92

Shendryk et al. (2016) Eucalypt Australia Crown dieback and trans- 81 (dieback) 70 (transpar-
parency (continuous) ency)

Barnes et al. (2017) Larch Wales, United Kingdom disease severity categories: 72 (2 classes)

Kaminska et al. (2018)

Meng et al. (2018)
Lin et al. (2019)

Van Navarro-Cerrillo et al
(2021)

*Cardil et al. (2019)
Krzystek et al. (2020)
Briechle et al. (2020)
Miltiadou et al. (2020)

Iversen (2020)
Chi et al. (2020)

*Abdollahnejad and Pana-
giotidis (2020)

Varo-Martinez and Navarro-
Cerrillo (2021)

Yu et al. (2021)

*Cessna et al. (2021)

Zhou et al. (2022)

Oblinger et al. (2022)

Lin et al. (2023)
*Shrestha et al. (2024)

Oblinger et al. (this study)
(2026)

Spruce, pine and deciduous

Mixed oak-pine
Pine
Oak

Pine-oak

Spruce, beech, fir, larch
Pine, birch, alder
Eucalypt

Spruce

Urban (maple, horse chest-
nut, linden)

Spruce, pine

Pine

Pine

Spruce

Ash

Pine
Fir, pine, Douglas-fir

Pine

Poland

New York, USA
China

Spain

Spain

Germany

Ukraine
Australia

Norway
Belgium

Czech Republic
Spain

China

Alaska, USA

China

Oregon, USA

China
Montana, USA

Oregon, USA

not infected, infected (2)

not infected, light, moder-
ate, heavy (4)

Spruce, pine, deciduous,
dead spruce, dead pine,
dead deciduous (6)

Canopy defoliation (con-
tinuous)

Shoot damaged ratio (con-
tinuous)

Low, high defoliation (2)

No, low, high defoliation (3)
Live, dead (2)

Pine, birch, alder, dead (4)
Dead (1)

Healthy, root rot infected (2)
Damage score (3)

Healthy, unhealthy, dead (3)

Slight, moderate, severe
defoliation (3)

Pine wilt disease infection
stages: green, early, mid-
dle, heavy, and grey (5)

Non-infested, infested, dead
3

Emerald ash borer infesta-
tion stages: healthy, light,
moderate, severe (4)

Live, dead (2)

Healthy, unhealthy,
recently-killed, dead (4)

Crown damage (4)

Healthy, damaged (2)

Healthy, damage level, dead
©)

Live, top-killed, dead (3)

65 (4 classes)

94

81
83
87

82-87
>90
90

72 (recall)
22 (precision)

63
81-89

85
84

74

78

83

95 (2 classes)
83 (4 classes)

78
94 (2 classes)
70 (6 classes)

87

*Point cloud data generated photogrammetrically from multispectral imagery, references above are included in the list of References

multiple species across seasons and years (e.g. Gentry and
Vierling 2008; Edworthy et al. 2018; Cadieux et al. 2023).

“Spike tops”, caused by comandra blister rust, were com-
monly observed in mature ponderosa pine throughout the
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study area and field observations indicated that some large,
old ponderosa pines can persist living for many decades
with topkill enhancing structural diversity at this location
reported by Filip (1977). However, it is likely that some live
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trees with topkill have died since Filip (1977) documented
living pines with topkill here. We found more trees with
topkill in the southern half of the study area that coincided
with where Filip (1977) reported more topkill in some plots.
Wave years happen where more comandra blister rust infec-
tions occur (Jacobi et al. 2002), and Filip (1977) suggested
that numerous infections likely occurred sometime around
1936 at this location. Overall, we detected a higher incidence
of topkill in 2016 across the study area than Filip (1977)
using different methods. We detected an overall mean den-
sity of live trees with topkill that was over four times the
mean density that Filip (1977) found, which suggests top-
kill on live individuals has increased over the last 40 years
since 1976. A recent increase in comandra blister rust, and
other stem rusts of hard pines, has been associated with a
changing climate in British Columbia (Woods 2014; Hennon
et al. 2021). The higher frequency of wave years when more
infections are occurring there appears to be associated with
changes in precipitation and warmer overnight temperatures.
The need for additional monitoring of stem rusts has been
identified under a changing climate (Hennon et al. 2021),
along with possible changes in other disturbance regimes,
and our approach could aid in the detection and monitoring
of damage due to stem rusts elsewhere.

Topkill on Pinus contorta can also occur due to western
gall rust bole infections, caused by the fungus Cronartium
harknessii, and other stem rusts (Dahms 1965; Mulvey and
Bisbing 2016). Topkill and tree mortality often results from
stem girdling cankers on five-needle pines due to the non-
native disease white pine blister rust, caused by Cronartium
ribicola, in North America (Geils et al. 2010). Additional
methods for monitoring damage in ecologically important
five-needle pines, such as whitebark pine (Pinus albicaulis),
threatened by Cronartium ribicola are needed going forward
(Tomback and Sprague 2022). Topkill is not always visible
to observers in fixed-wing aircraft during forest health aerial
surveys and is inconsistently recorded, or in some cases,
mistaken for tree mortality (Ciesla 2006; Coleman et al.
2018). Therefore, having other methods to detect topkill is
needed, and our approach could be used to prioritize areas
for field surveys to further refine estimates of topkill versus
tree mortality.

Our approach could be applied to improve detection of
topkill, along with tree mortality, in conifers caused by a
number of disturbances. Topkill is common on trees that
become severely infected with dwarf mistletoe (Arceutho-
bium sp.) (Mathiasen et al. 2008). Topkill is commonly
associated with insect damage caused by some defoliators
and Scolytus engraver beetles (Furniss and Carolin 1977;
Ciesla 2006). Pine defoliation due to the jack pine budworm
(Choristoneura pinus) and pine looper (Bupalus piniaria)
can result in topkill and tree mortality (Volney 1998; Ced-
ervind and Langstrom 2003). Topkill in Douglas-fir and true

firs (Abies spp.) is often observed following defoliation by
the western spruce budworm (Choristoneura freemani) and
Douglas-fir tussock moth (Orgyia pseudotsugata) (Wickman
1978; Aho 1984; Alfaro et al. 1987).

The amount of crown damage reducing leaf area in coni-
fers influences a tree’s physiologic function, growth and the
risk of tree mortality (Miller and Keen 1960; Ferrell 1980;
Sheppard and Ford 1986; Geils and Jacobi 1993). Geils and
Jacobi (1993) reported significant reductions in growth and
survival of lodgepole pine with topkill caused by comandra
blister rust. As crown loss became severe, a greater reduc-
tion in radial growth and survival was observed. Miller and
Keen (1960) noted examples of ponderosa pine in Oregon
and California with topkill being predisposed to mortality
by western pine beetle (Dendroctonus brevicomis). True
firs (Abies spp.) with severe topkill due to repeated dam-
age by balsam woolly adelgid (Adelges piceae) in Oregon
and Washington often die (Mitchell and Buffam 2001). Top-
killed true firs associated with Douglas-fir tussock moth
damage may be predisposed to mortality by bark beetles
(Wickman 1963; 1978). Merchantability of conifers with
topkill is also reduced compared to trees without topkill,
and remote detection of topkill could improve estimates of
timber volume (Childs 1968; Ferrell and Scharpf 1982; Hall
et al. 1993).

Conclusion

This study provides a novel approach for using airborne lidar
to distinguish individual conifers with topkill, live conifers
without topkill and snags. During management planning,
estimates of the occurrence of individual trees with topkill,
in addition to snags, would be useful to wildlife biologists,
silviculturists and other forest resource managers when con-
sidering the impacts of treatment alternatives and wildlife
habitat availability. The overall health of crowns and live
crown ratio of conifers is typically correlated with growth
and vigor of individual trees; thus, our approach can be uti-
lized to improve detection of damage and stress in live trees
to further evaluate forest health conditions. Retention of
large, living trees is often a restoration treatment objective,
and our methods could be used to target areas for stand den-
sity reduction treatments to maintain large, living trees with
topkill (Kolb et al. 2007; McDowell et al. 2003). During veg-
etation management planning around developed recreation
sites and along frequently used roads, identifying locations
with dead trees and live trees with topkill posing a hazard
to public safety, due to the risk of stem breakage, would
also help to prioritize ground surveys and hazard mitigation
activities (Terho et al. 2007). Further studies utilizing air-
borne lidar combined with additional remotely sensed data,
such as multispectral imagery, are encouraged for improved
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detection of live trees with topkill differentiated from live
trees without topkill and snags, especially when reliable
lidar intensity values may be unavailable.
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